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Abstract 

Determining tumor-specificity of MHC-bound peptides is crucial for cancer immuno-
therapy development, yet current methods struggle with class II peptides and non-
reference sequences. We introduce PepQueryMHC, an ultra-fast tool that integrates 
MHC-bound peptide sequences with translated RNA-seq reads for efficient tumor 
antigen prioritization. We demonstrate its versatility in prioritizing class I and II tumor 
antigens, mapping the cellular origins of presented peptides, and resolving uncertain-
ties surrounding the prevalence of proteasome-spliced peptides.
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Background
T cell-mediated immunity plays a pivotal role in the adaptive immune system, elimi-
nating infected or cancerous cells through the recognition of specific antigens. This 
immune surveillance relies on the presentation of major histocompatibility complex 
(MHC)-bound peptides (pMHCs) on the cell surface [1]. Leveraging this mechanism, 
cancer immunotherapy has emerged as a major breakthrough by targeting tumor-spe-
cific pMHCs, including tumor-specific antigens (TSAs) and tumor-associated antigens 
(TAAs). These peptides, arising from mutations, fusions, aberrant gene expression, dys-
regulated splicing, and abnormal translation from presumed non-coding regions, serve 
as promising targets for immunotherapy [2, 3]. Therefore, comprehensive identification 
of tumor-specific pMHCs is crucial for developing cancer immunotherapy.

Advances in mass spectrometry (MS)-based immunopeptidomics, de novo MS/MS 
sequencing, and computational proteogenomics have transformed pMHC characteri-
zation, enabling systematic profiling of both class I and class II immunopeptidomes 
[4–8]. Unlike earlier approaches that relied primarily on DNA or RNA sequencing to 
predict neoantigens from somatic mutations [9–11], immunopeptidomics allows for 
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direct identification of pMHCs from individual samples, including hundreds to thou-
sands derived from non-reference peptides—those absent from the reference human 
proteome. For example, by integrating de novo MS/MS sequencing and RNA-seq 
sequencing data, pXg identifies diverse pMHCs, including both wild-type and mutated 
peptides derived from protein coding genes, frameshifts, non-coding RNAs, untrans-
lated regions, alternative splicing events, antisense RNAs and viral proteins. Along-
side methodological advancements, several repositories of MS-identified pMHCs have 
expanded the pool of putative tumor antigen candidates, encompassing reference, 
non-reference or post-translationally modified peptides across various tumor types 
and normal tissues [12–15]. However, as the repertoire of pMHCs identified from can-
cer samples expands, distinguishing truly tumor-specific peptides becomes increas-
ingly challenging, highlighting the need for effective prioritization strategies.

Omics data from tumor and normal samples are widely used to assess the tumor-spec-
ificity of pMHCs. DNA sequencing enables neoantigen prioritization by linking peptides 
to somatic mutations [9, 11]. For non-mutated pMHCs, immunopeptidome or proteome 
data from normal tissues, such as those available in the HLA Ligand Atlas [12] and 
Human Protein Atlas [16] can provide useful context. However, the absence of detec-
tion in these datasets does not guarantee tumor-specificity, given the limited sensitivity 
of mass spectrometry, especially for low-abundance peptides, and the restricted num-
ber and diversity of normal tissue samples. In contrast, RNA-seq offers a more sensi-
tive, albeit indirect, means of inferring peptide presence based on transcript abundance. 
Although imperfect, this conservative approach helps mitigate the risk of on-target, off-
tumor toxicity.

Early RNA-based efforts to prioritize pMHCs relied on mRNA profiling data from The 
Cancer Genome Atlas (TCGA) [17] and the Genotype-Tissue Expression (GTEx) pro-
ject [18], enabling rapid assessment of annotated coding genes across large cohorts [19]. 
However, these approaches were limited to pMHCs derived from aberrantly expressed 
canonical coding genes. More recently, BamQuery [20] has advanced tumor antigen 
prioritization by leveraging the STAR aligner [21] to both generate a reference genome 
index and to map reverse-translated peptide-coding sequences. This approach could 
incorporate known genetic variants and annotated splice junctions, and estimate local 
RNA expression based on RNA-seq read coverage over the mapped genomic regions, 
enabling more in-depth discovery of a wide array of tumor antigens [22]. However, the 
complexity of reverse translation increases exponentially with peptide length due to 
the degeneracy of the genetic code, making it feasible only for short MHC-I peptides 
(8–11 amino acids) but impractical for longer MHC-II peptides, thereby capturing 
only a partial view of the immunopeptidome. In addition, prioritizing pMHCs derived 
from unannotated variants, novel splice junctions, or sequences absent from the refer-
ence human genome—such as oncogenic viral sequences—remains challenging even for 
class I peptides, further constraining the scope of tumor antigen prioritization. Moreo-
ver, BamQuery, along with other tools such as PGx [23] and ACTG [24], relies heavily 
on predefined reference gene models and genome sequences, rendering them ill-suited 
for detecting unannotated transcripts that lie outside the assumed search space. Finally, 
BamQuery imposes substantial computational demands, requiring over 30 GB of mem-
ory for even a single query.
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To address these limitations, we introduce PepQueryMHC, a computational tool for 
ultra-fast, memory efficient comparison of class I and II pMHC sequences against trans-
lated RNA-seq reads from matched samples and extensive public tumor and normal 
datasets. This enables comprehensive tumor antigen prioritization, even for peptides 
originating from unannotated genomic contexts. We benchmark PepQueryMHC against 
BamQuery and then demonstrate its versatility in prioritizing class I and II tumor anti-
gens, mapping the cellular origins of presented peptides, and resolving uncertainties 
surrounding the prevalence of proteasome-spliced peptides.

Results
Core algorithm of PepQueryMHC

PepQueryMHC employs the Aho-Corasick algorithm [25] to construct a trie-based 
graph encoding peptide suffix and prefix relationships, allowing simultaneous match-
ing of multiple peptides against six- or three-frame translated RNA-seq reads (Fig. 1a, 
Additional file  1: Fig. S1). This approach eliminates exhaustive pairwise comparisons, 
enabling peptide-read matching in linear time relative to the total read length. Matches 
are excluded if the probability of any sequencing error in the aligned region exceeds 
0.05 (Additional file 1: Fig. S2), ensuring high-quality results. The number of matched 
reads per peptide is then normalized to the total read count and scaled by 1 × 108 to 
yield read per hundred million (RPHM) values. Both raw and normalized read counts 
are reported together with their matched genomic information, allowing for the estima-
tion of both the quantity and origin of the peptides. To support downstream analysis, 

Fig. 1  Core algorithm and input/output overview of PepQueryMHC. a-c Overview of the peptide-to-read 
matching algorithm, along with input and output formats. a Peptides are represented as a graph data 
structure using the Aho-Corasick algorithm. Sequencing reads are translated into peptides in parallel, 
followed by finding peptides matching the translated sequences. Matched reads with low quality are 
filtered out. The resulting normalized read counts (reads per hundred million, RPHM) and matched genomic 
regions are used for downstream analysis. b, c Two types of output summarizing genomic- and peptide-level 
information. b A dot in the Location column indicates that the peptide maps to unmapped reads. A 
single peptide may align to multiple unmapped sequences. c Peptide level output includes the total read 
count and the genomic region supporting the peptide with the highest abundance. d, e Algorithm and 
input/output for genomic annotation. d The GTF file is indexed using an interval tree, enabling efficient 
identification of overlapping genes through binary search. e Example of the final output after annotation
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two distinct outputs are provided: one at the genomic level (Fig. 1b) and another at the 
peptide level (Fig.  1c). At the genomic level, comprehensive annotation derived from 
RNA-seq reads—including both mapped and unmapped reads—is reported, allowing 
in-depth exploration of the corresponding genomic locations. At the peptide level, an 
RPHM value is provided for each peptide, calculated by summing RPHM values across 
all associated genomic locations, thereby reflecting the overall RNA expression contrib-
uting to the peptide. Additionally, the output also highlights the genomic location with 
the highest expression.

To consistently classify peptide types at each genomic location, the tool takes genomic 
coordinates, strand information, and a genomic annotation file (GTF) as input. The 
GTF file is indexed using an interval tree structure, allowing efficient gene identification 
within a given genomic location using binary search (Fig. 1d, e). In addition to identify-
ing all matched reads (regardless of genomic regions) for each peptide, PepQueryMHC 
also supports targeted evaluation, which counts reads in a specific region of inter-
est. This feature is particularly useful for quickly querying a small number of peptides 
(< 1,000) with well-characterized genomic information.

Performance benchmarking
We benchmarked PepQueryMHC against the state-of-the-art BamQuery using 72,885 
pMHC-I (8–12-mers) and 31,526 pMHC-II (7–25-mers) peptides from a prior immun-
opeptidomics study on ten lung adenocarcinoma (LUAD) tumors [5], along with RNA-
seq data from matched tumors and adjacent normal tissues (Additional file 1: Fig. S3, 
Additional file  2) [26]. To assess runtime and memory usage, we randomly sampled 
1000, 5000, 10,000, 20,000, 30,000 and 40,000 peptides from the 45,349 9-mers in the 
pMHC-I dataset and matched them to all RNA-seq reads using both tools. Although 
both tools showed linear increases in runtime and memory usage with the number of 
input peptides, PepQueryMHC exhibited a substantially lower slope, indicating mini-
mal computational overhead as input size grows (Fig. 2a). As a result, PepQueryMHC 
was 1.79 to 57.90 times faster and 49.25 to 149.41 times more memory-efficient than 
BamQuery as input peptide number increased (Additional file 3).

We further examined runtime as a function of RNA-seq read depth using the 20 
BAM files with varying read counts (Fig. 2b). BamQuery used approximately 80% of its 
total runtime for preprocessing steps, such as reverse translation and STAR alignment, 
resulting in substantially slower overall performance compared to PepQueryMHC. 
Since BamQuery performs preprocessing once per batch, we also evaluated its runtime 
excluding preprocessing time to assess the effect of input read count. Runtime per sam-
ple was averaged across three runs using 10,000 9-mers from the pMHC-I dataset. For 
both methods, runtime increased with the number of reads in the BAM file. Notably, 
even when considering only the read counting step, PepQueryMHC consistently outper-
formed BamQuery. Moreover, BamQuery’s runtime slope was 2.63 times steeper than 
that of PepQueryMHC, underscoring the superior scalability of PepQueryMHC across 
varying batch sizes.

To assess performance in a setting reflective of a real-world application, we queried the 
full pMHC-I and pMHC-II datasets (72,885 and 31,526 peptides, respectively) against 
the 20 matched BAM files. PepQueryMHC completed both analyses in under 40 min. 
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In contrast, BamQuery was unable to complete either analysis within a reasonable time-
frame, with estimated runtimes of 305 h for the class I dataset and over 5 billion hours 
for class II (Fig. 2c, Additional file 1: Fig. S4). This prohibitive runtime for class II analysis 
arises because BamQuery was originally designed for short peptides (8–12-mers), mak-
ing its algorithm infeasible for processing longer class II peptides (typically 13–17-mers).

To compare quantifications between the two tools, we analyzed 40,000 9-mers and 
observed highly correlated RNA expression estimates across tumors (R = 0.996–0.998, 
p < 2.2e−16, Additional file 1: Fig. S5). However, off-diagonal peptides in the scatterplots 
revealed discrepancies. Higher counts reported by PepQueryMHC, such as for the neo-
peptide SAAADILLL and the multi-location peptide GLPQSVQVF in C3N-00547-T 
(Fig.  2d), resulted from its ability to map reads containing sample-specific sequences. 
In the first case, PepQueryMHC successfully aligned the neopeptide, which BamQuery 
failed to map (Fig. 2e). In the second case, both tools aligned the peptide to the wild-
type sequence at the ZNF90 locus (Additional file  1: Fig. S6a, respectively), but only 
PepQueryMHC additionally aligned it to the RPS16 locus by accounting for two syn-
onymous variants (Fig. 2f ). These differences arise because BamQuery relies on variants 
annotated in dbSNP and thus cannot align reads containing sample-specific somatic 
mutations absent from this reference. In contrast, PepQueryMHC directly matches 
against all reads, allowing detection of sample-specific sequences beyond known dbSNP 
variants. Overall, 1.8–5.4% of the reads matched by PepQueryMHC did not align 
exactly to the reference genome, including 1.3–2.8% that mapped with variants and the 
rest that were unmappable likely due to highly polymorphic alleles (e.g., HLA) or non-
human sequences (Additional file 1: Fig. S6b). Conversely, lower counts reported by Pep-
QueryMHC, such as for LGPVSHPMI (Fig. 2d), were due to the removal of low-quality 

Fig. 2  Performance benchmarking of PepQueryMHC versus BamQuery. a Runtime and memory usage of 
PepQueryMHC and BamQuery for varying numbers of randomly sampled pMHC-I 9-mers (mean of three 
replicates each). b Runtime assessment according to the number of reads, using a fixed input of 10,000 
9-mers from (a). For BamQuery, only the read-counting step was measured, excluding preprocessing. c 
Runtime comparison for complete pMHC-I and pMHC-II datasets, with BamQuery runtimes estimated 
using linear regression. d Comparison of RPHM values for peptides quantified by both tools. a, b, d Pearson 
correlation coefficients (R) and corresponding p-values are indicated. e, f Representative examples of 
peptides derived from a somatic/nonsynonymous mutation (e) and from two germline/synonymous 
mutations (f)
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reads (Additional file  1: Fig. S2). Thus, PepQueryMHC is more efficient and enables 
comprehensive, robust quantification.

Prioritizing class I and II tumor antigens
To demonstrate the utility of PepQueryMHC in prioritizing tumor antigens, we que-
ried all peptides in the LUAD class I and class II datasets against the 20 BAM files from 
matched tumors and adjacent normal tissues, 2,403 BAM files from 52 normal human 
tissue types in GTEx [18], and eight human mTEC BAM files [27, 28]. We established 
a rigorous prioritization strategy integrating RNA- and protein-level tumor specificity 
while accounting for immune tolerance (Additional file  1: Fig. S7a). To define thresh-
olds for negligible RNA expression, we calculated RPHM values for each peptide across 
2,403 normal human tissue samples and averaged values across samples with non-zero 
expression. Peptides were then stratified by length and MHC class, and the 1 st percen-
tile of average RPHM values within each group was used as the threshold. This approach 
yielded threshold values of approximately 2 RPHM across all stratified groups (Addi-
tional file 1: Fig. S7b, c).

We first evaluated our prioritization strategy using 9,169 viral and 223,242 normal 
pMHCs. Among them, 9,109 viral pMHCs (99.35%) were retained as virus-specific, 
demonstrating the high sensitivity of our approach. In contrast, 222,562 normal pMHCs 
(99.70%) were excluded, indicating that the majority of normal pMHCs can be effectively 
filtered out using this strategy. To further enhance specificity, we incorporated data from 
the Human Protein Atlas [16] to exclude pMHCs with protein-level evidence, providing 
complementary validation based on peptide expression.

Using this prioritization strategy, we identified 21 prioritized tumor antigens including 
18 class I peptides—classified into eight tumor-specific antigens (TSAs) and 10 tumor-
associated antigens (TAAs)—and three class II peptides, all of which were TAAs (Fig. 3a, 
Additional file  1: Fig. S8, 9, Additional file  4). While reference peptides and neoanti-
gens accounted for 15 out of the 21 (71.43%) of the prioritized antigens, non-canonical 

Fig. 3  Application of PepQueryMHC in tumor antigen prioritization. a Tumor-specific antigens (TSAs) and 
tumor-associated antigens (TAAs) prioritized from a LUAD immunopeptidomics study. LUAD, NAT, oGTEx, 
and mTEC refer to lung adenocarcinoma, normal adjacent tissue, other GTEx (excluding testis and ovary), and 
medullary thymic epithelial cell, respectively. The Report row annotates previously reported tumor antigens. 
b Representative examples of prioritized tumor antigens, including a class I neoantigen (KRAS 12G > D), a 
class I peptide from a non-canonical region (WDR72), a class I peptide from a canonical cancer/testis antigen 
(MAGEA6), and a class II peptide derived from a canonical gene (INSL4). The defined thresholds are shown as 
a red dash line per each peptide. Each value represents the number of samples exceeding the threshold out 
of the total samples (e.g., 1/15, 7/25)
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regions were significantly enriched for tumor antigens relative to their overall represen-
tation across peptide categories (Fisher’s exact test p = 1.039e−6). BamQuery failed to 
detect 24% of these prioritized antigens, including two class I neoantigens and the three 
class II TAAs.

Among the class I peptides prioritized by PepQueryMHC, nine were non-reference 
peptides, comprising three neoantigens derived from CIC, HUWE1, and KRAS, respec-
tively, and six non-canonical antigens. For example, RNA expression exceeding the 
defined thresholds was observed in only 0.04% of GTEx normal samples (excluding tes-
tis and ovary, hereafter referred to as oGTEx) for the KRAS (12G > V) mutant peptide 
and 0.30% for a non-canonical WDR72 sequence (Fig. 3b). The remaining nine class I 
peptides were reference peptides, eight of which originated from six genes (MAGEA3, 
MAGEA6, BRDT, DAZ1, KCNU1, and IGF2BP1) that are expressed in testis but absent 
from oGTEx and mTECs, with some already known as cancer/testis (C/T) antigens [29–
31]. For example, a peptide derived from the well-established C/T antigen MAGEA6 
(ASDSLQLVF) showed recurrent mRNA expression across all testis samples in GTEx, 
while only 0.04% of the oGTEx samples exhibited non-negligible mRNA expression 
(Fig. 3b). In addition, IGF2BP1 is upregulated in most cancers and retains strong onco-
genic potential, highlighting its promise as an immunotherapy target [32, 33]. Notably, 
to our knowledge, KCNU1 has not previously been reported as a tumor antigen, rep-
resenting a new candidate for further investigation as a potential immunotherapeutic 
target. Finally, one class I peptide from OR10G2 showed minimal expression across all 
normal tissues, including testis and ovary.

For class II peptides, PepQueryMHC prioritized three peptides derived from the 
same gene, INSL4, which were consistently detected in three LUAD patients—two of 
whom exhibited high expression. RNA expression exceeding the defined threshold was 
observed in only 0.26% of oGTEx samples for these peptides, supporting their potential 
as tumor-associated antigens.

Among the 21 prioritized tumor antigens, 12 had been reported in previous class I 
or II immunopeptidomics studies [13–15] (Fig. 3a). Notably, PEPT7 and PEPT8 origi-
nated from a non-coding transcript of WDR72, and non-canonical pMHCs derived from 
WDR72 have been recurrently observed in glioblastoma, melanoma, and lung cancer 
samples in IEAtlas-cancer, highlighting their potential as shared TAAs. Importantly, 
none of the 21 were found in normal immunopeptidome databases such as the HLA 
Ligand Atlas [12] or IEAtlas-normal [13], supporting their tumor specificity.

Mapping the cellular origins of presented peptides
Bulk tumor immunopeptidomics captures peptides presented by a mixture of cell types, 
making it crucial to determine their cellular origin to gain biological insights and guide 
clinical applications. To this end, we used PepQueryMHC to query all pMHC sequences 
from the LUAD immunopeptidomics study against RNA-seq reads from eight primary 
tumors in an independent LUAD single-cell RNA-seq study [34] (Additional file 1: Fig. 
S10). Despite limited sequencing depth, the analysis identified numerous peptides with 
distinct cell type-specific expression patterns. Figure 4a shows the top 50 class I and class 
II peptides with the highest cell type specificity, demonstrating the feasibility of mapping 
both peptide classes to single-cell RNA-seq reads (Additional file 5). The largest group 
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of peptides showed enriched expression in macrophages and dendritic cells, including 
those derived from HLA-DPA1, HLA-DQA2, HLA-DRA, and HLA-DRB1, genes encod-
ing the α and β chains of MHC class II molecules that are highly restricted to profes-
sional antigen-presenting cells. The second major cluster comprised peptides whose 
source genes were enriched in fibroblasts, with partial expression overlap in endothe-
lial cells. Examples included COL1A1, TIMP1, SPARCL1, and NNMT, indicating con-
tributions from stromal components of the tumor microenvironment. This analysis also 
revealed several peptides originating from genes enriched in epithelial cells, including 
KRT18, KRT8, AGR2, KRT7, and WFDC2. To illustrate cell type-specific expression pat-
terns, we generated UMAP plots for selected peptides with strong specificity, includ-
ing an epithelial specific peptide from AGR2, a fibroblast-specific peptide from DCN, a 
plasma cell specific peptide from DERL3, and a dendritic cell and macrophage-specific 
peptide from ISGF6 (Fig.  4b). The utility of this analysis is expected to improve with 
increased sequencing depth in single-cell RNA-seq.

Reassessing previously classified spliced peptides

Faradi and colleagues previously identified numerous proteasome-spliced peptides as 
potential tumor antigens using a de novo-assisted database search strategy [35]. They 
classified high-quality de novo peptides into three classes including linear, cis-spliced, 
and trans-spliced peptides, when possible (Fig. 5a). However, the reported prevalence of 
spliced peptides remains controversial [36], and further investigation is warranted.

To investigate whether these peptides could instead originate from RNA-derived prod-
ucts, we re-examined 28 high-confidence, experimentally confirmed pMHC-I peptides 
previously attributed to cis- or trans-proteome splicing [35] by querying matched RNA-
seq data using both PepQueryMHC and BamQuery (Additional file  6). Notably, tran-
scriptomic evidence was found for 24 (85.71%) of these peptides by both methods, with 
22 mapping to non-canonical regions (Fig. 5b, Additional file 1: Fig. S11). Two peptides 
with the highest RNA abundance (> 7400 RPHM)—TSIKLLRLPW and SIKLLRLPW—
were mapped to the same in-frame sequence within the ENO1 gene, sharing identical 
genomic coordinates. These peptides are highly similar, with the shorter entirely con-
tained within the longer. They were previously annotated as trans-spliced and cis-spliced 
peptides, respectively.

Fig. 4  Application of PepQueryMHC in cellular origin mapping using single-cell RNA-seq dataset a Top 
50 peptides with the highest expression variability across cell types. scSize represents the number of cells 
expressing each peptide, while scProportion indicates the proportion of expressing cells within each cell 
type. b UMAP plot of all cells from a LUAD single-cell RNA-seq dataset, with cells expressing selected cell 
type-specific peptides highlighted
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PepQueryMHC and BamQuery identified the same number of genomic locations 
for most peptides, resulting in concordant mappings in 22 out of 24 peptides (91.67%, 
Fig.  5c). However, PepQueryMHC detected more highly expressed genomic loci for 
two peptides (LALLTGVRW and LTALSKLW), likely due to its enhanced ability to 
capture unannotated transcripts. For instance, BamQuery annotated chr2:64,522,438–
64,522,461 as the most abundant genomic location for the peptide LTALSKLW, with an 
RPHM value of 2.09. In contrast, PepQueryMHC identified a novel isoform within the 
CHRNA7 gene that encoded the same peptide with a substantially higher RPHM of 7.06 
(Fig. 5d).

As positive controls, we evaluated five well-characterized spliced peptides—
NTYASPRFK, RTKQLYPEW, RSYVPLAHR, SLPRGTSTPK, and IYMNGTANFSF—
whose proteasome-mediated splicing mechanisms have been extensively validated 
[37–41]. Because these peptides were originally identified from kidney cancer, mela-
noma, or Epstein-Barr virus (EBV)-transformed B cells, we queried them against 
RNA-seq data from the A-498 (kidney cancer), A-375 (melanoma) and B-LCL (EBV-
transformed B cell) lines [42, 43]. Notably, PepQueryMHC detected no transcriptomic 
evidence for these peptides in our analysis, supporting the notion that they may indeed 
arise from proteasome-mediated splicing events. In contrast, many peptides previously 
classified as proteasome-spliced could be explained by alternative transcriptomic ori-
gins, challenging the reported prevalence of proteome splicing and demonstrating the 
superior sensitivity of PepQueryMHC in detecting RNA-derived sequences.

Discussion
Accurate identification and prioritization of tumor-specific pMHCs is a critical step in 
cancer immunotherapy development. While mass spectrometry–based immunopeptid-
omics has vastly expanded our ability to characterize the MHC-bound peptidome, dis-
tinguishing truly tumor-specific antigens from self-peptides remains difficult, especially 
for non-reference peptides absent from the canonical proteome. In this study, we intro-
duce PepQueryMHC, a fast, memory-efficient tool that addresses these challenges by 
enabling comprehensive and scalable peptide-to-transcriptome mapping for both MHC 
class I and class II pMHCs.

Fig. 5  Application of PepQueryMHC in reannotation of previously reported cis-/trans-spliced peptides. 
a Overview of the computational pipeline developed by Faradi et al. for identifying proteasome-spliced 
peptides. b Proportion of previously reported cis-/trans-spliced pMHC-I sequences mapping to RNA-seq 
reads from matched samples. c RPHM values of each peptide, with peptides showing quantification 
differences between PepQueryMHC and BamQuery highlighted by a dotted box. d Example of a cis-spliced 
pMHC-I sequence mapping to a novel antisense RNA, supported by RNA-seq reads in two samples
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Benchmarking against the current state-of-the-art, BamQuery, demonstrated that 
PepQueryMHC offers orders-of-magnitude improvements in speed and memory usage 
while maintaining high concordance in RNA expression quantification. These computa-
tional gains are critical for real-world applications involving large immunopeptidomics 
datasets, especially for class II pMHCs and non-reference peptides, which are chal-
lenging for reverse-translation-based methods due to increased degeneracy and com-
putational complexity. Moreover, PepQueryMHC’s capacity to detect transcriptomic 
evidence even in the presence of variants or unannotated transcript isoforms improves 
mapping exhaustiveness and reduces false negatives—a notable limitation of existing 
tools.

Using PepQueryMHC, we established a rigorous tumor antigen prioritization frame-
work that incorporates RNA expression across tumors, normal tissues, and mTECs, 
enhancing confidence in tumor specificity and immunogenic potential. Notably, 21 
tumor antigens were prioritized from LUAD datasets, including both neoantigens and 
non-canonical antigens, many of which were undetectable by BamQuery. Among these 
were known cancer-testis antigens, previously reported TAAs, and novel candidates 
such as KCNU1 and OR10G2, which merit further functional validation. Importantly, 
none of the prioritized peptides were detected in normal HLA ligandome databases, 
supporting their tumor selectivity and translational potential.

In addition to tumor-normal comparisons, we leveraged single-cell RNA-seq data to 
infer the cellular origins of presented peptides. Despite shallow sequencing depth, this 
analysis revealed pMHCs with strong cell type specificity, such as epithelial-derived 
AGR2 and fibroblast-derived DCN. This cell-level resolution provides biological context 
that could aid the development of cell-targeted immunotherapies and reduce off-target 
toxicity.

We also applied PepQueryMHC to re-evaluate the origins of proteasome-spliced pep-
tides previously classified using de novo MS/MS sequencing. Remarkably, transcrip-
tomic evidence was found for 85.71% of the 28 high-confidence peptides, including 
mappings to non-canonical regions. These findings suggest that a substantial fraction of 
peptides labeled as cis- or trans-spliced may instead originate from RNA products that 
were previously unrecognized due to limitations in annotation or mapping strategies. 
This underscores the need for caution when interpreting spliced peptide annotations 
and highlights the utility of transcriptomic context in clarifying peptide origin.

Despite its efficiency and versatility, PepQueryMHC, like other RNA-based prioriti-
zation tools, is inherently constrained by its reliance on RNA expression as a proxy for 
peptide presence. This limitation becomes particularly pronounced under conditions of 
low sequencing depth, such as in single-cell RNA-seq, where sensitivity is significantly 
reduced. In such contexts, read length can further constrain detection, as the algorithm 
relies only on reads that fully span a peptide-encoding region. Moreover, while RNA 
expression may reasonably reflect the presence of peptides derived from protein-cod-
ing genes, it fails to capture novel peptides originating from post-transcriptional events, 
such as ribosomal frameshifts and amino acid substitutions [44, 45]. Ribosome profiling 
may partially address these limitations, but more advanced technologies are still needed 
to fully resolve the translational complexity underlying tumor-specific pMHCs. Impor-
tantly, even when an RNA “hit” is detected, transcript evidence alone does not ensure 
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antigen presentation. Multiple downstream processes—including translation efficiency, 
proteasomal cleavage, peptide transport, and HLA loading—collectively determine 
whether a peptide is ultimately displayed on the cell surface. Therefore, RNA-based 
matches may yield false positives, where a transcript is present but the peptide is not 
actually presented, or false negatives, where truly presented peptides are missed due to 
sequencing depth, read length, or post-translational aberrations. Together, these limita-
tions underscore the need for continued technological and computational innovation to 
bridge the gap between transcriptomic analyses and actual antigen presentation.

Conclusions
PepQueryMHC enables rapid and comprehensive integration of pMHC sequences with 
translated RNA-seq reads, supporting versatile applications including prioritizing class I 
and II tumor antigens, mapping the cellular origins of presented peptides, and reassess-
ing the prevalence of proteasome-spliced peptides.

Methods
Algorithm of PepQueryMHC

PepQueryMHC provides three primary functions: scan mode, target mode, and anno-
tate mode. Both scan mode and target mode count sequencing reads corresponding 
to given peptides, but they differ in search scope. While scan mode performs an unre-
stricted search across all reads, target mode restricts the search to specified genomic 
locations and strands, improving efficiency. Thus, after determining the genomic coor-
dinates and strands of peptides of interest (e.g., tumor antigens) using scan mode, tar-
get mode enables focused and rapid expression analysis in other samples. Meanwhile, 
annotate mode compares peptide-associated genomic information against a reference 
transcriptome model to classify their transcriptomic annotation categories. Detailed 
descriptions are provided below.

In the scan mode, the tool takes a list of peptide sequences and a BAM or FASTQ 
file as input. To efficiently match peptides to reads in the BAM file, the input peptide 
sequences are indexed using a graph-based structure built with the Aho-Corasick algo-
rithm [25], storing their suffix and prefix relationships (Additional file 1: Fig. S1). The 
reads in the BAM file are partitioned according to their genomic start positions, allow-
ing parallel processing. Each read is translated into peptide sequences using six-frame 
or three-frame translation (depending on the strandedness of the sequencing data) 
and matched against input peptides in linear time, O(maximum peptide length + read 
length + number of matches). Unlike BamQuery [20], which relies on the reference 
genome indices from the STAR aligner [21] and thus missing sample-specific sequences, 
PepQueryMHC indexes input peptide sequences directly. This approach is significantly 
more efficient because RNA-seq reads—serving as the search space—are vast and highly 
variable across samples, and unsuitable for static indexing. Additionally, the complexity 
of reverse translation increases exponentially with peptide length due to the degener-
acy of the genetic code, making direct peptide indexing essential for efficient and scal-
able peptide-to-transcript mapping, particularly for longer peptides such as MHC-II 
peptides.
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In the target mode, the input includes a list of peptide sequences with their corre-
sponding genomic locations and strands, along with a BAM file. The peptide sequences 
are distributed across multiple threads for parallel processing. If genomic locations are 
specified, the tool retrieves reads only from those regions, processes them as in scan 
mode, and counts reads that exactly match the input peptides.

Annotation mode is designed to consistently classification of peptide types. If no gene 
is found, the peptide is annotated as an intergenic region (IGR) peptide. Otherwise, 
transcripts and exon structures are retrieved to classify the peptide into the following 
categories: in-frame translation (IF), out-of-frame (OOF), non-coding RNA (ncRNA), 
untranslated region (UTR), intron region (IR), antisense RNA (asRNA), exon skipping 
(ES) and alternative splicing site (ASS). If multiple genes or transcripts overlap a genomic 
location, multiple types may be assigned. To address such ambiguities, empirical penalty 
scores are applied based on prior studies [4, 46]: UTR, OOF = 20, ncRNA = 30, IR = 60, 
asRNA = 120, IGR = 240, ES = 15 and ASS = 15.

Datasets of MHC‑I‑ and MHC‑II‑bound peptides

To evaluate the performance and utility of PepQueryMHC, we downloaded 72,885 class 
I and 32,597 class II peptides identified from immunopeptidomics profiling of 10 lung 
adenocarcinoma (LUAD) tumors [5]. Of the 32,597 pMHC-II sequences, 31,526 (96.7%) 
ranging from 7 to 25 amino acids were selected for analysis. For the evaluation of previ-
ously reported cis-/trans-spliced pMHC-I sequences, we obtained four cis-spliced and 
24 trans-spliced pMHC-I sequences, for which peptide identification had been validated 
using synthetic peptides [35] (Additional file 2).

RNA‑seq datasets

For the analysis of LUAD immunopeptidomics data, matched bulk RNA-seq data from 
ten tumors and their adjacent normal tissues were obtained from Genomic Data Com-
mons (GDC) Data Portal [26]. To evaluate tumor specificity, we obtained 2,403 nor-
mal RNA-seq BAM files from healthy tissues through the GTEx consortium (dbGap: 
phs000424.v8.p2) [18] and eight human mTEC samples from the Gene Expression 
Omnibus (GEO, GSE127825 and GSE127826) [27, 28]. For cellular origin mapping, 
single-cell RNA-seq data from eight primary LUAD tumor samples were obtained from 
the GEO with the accession code GSE123904 [34]. For the analysis of spliced peptides 
reported by Fradi and colleagues [35], matched RNA-seq data from the B-lymphoblas-
toid cell lines (C1R) and its monoallelic cell line transfected with HLA-B57:02 (C1R-
B57:02) were obtained from the NCBI Sequence Read Archive (SRA) database with the 
accession code SRP142649 [35]. For the analysis of previously verified spliced peptides 
[37–41], RNA-seq data of the A-498, A-375 and B-LCL cell lines were obtained from 
the SRA database under accession codes SRR8616015, SRR8616020 and SRR1925276, 
respectively [42, 43].

Bulk RNA‑seq analysis

All raw bulk RNA-seq data was aligned to the human genome (GRCh38 primary assem-
bly) using a guided transcript model (GENCODE V38) and processed with the nf_core/
rnaseq pipeline v3.14.0 (https://​nf-​co.​re/​rnaseq/​3.​14.0/) [47]. The only modification 

https://nf-co.re/rnaseq/3.14.0/
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made was to the STAR aligner, where the parameter “–extra_star_align_args –outSAM-
unmapped Within” was added to retain unmapped reads; all other settings were kept at 
their default values. Gviz [48] was used to visualize RNA-seq alignments in detail.

Single‑cell RNA‑seq analysis

All single-cell RNA-seq data were processed using the nf_core/scrnaseq pipeline v2.7.1 
(https://​nf-​co.​re/​scrna​seq/2.​7.1) [47], aligning reads to the human genome (GRCh38 
primary assembly) with a guided transcript model (GENCODE V38). Cell Ranger was 
used with the expected number of cells set to 5,000 based on a prior study [34]. Gene 
expression data were analyzed using the Seurat v5 R package (https://​satij​alab.​org/​seu-
rat/​artic​les/​seura​t5_​integ​ration) [49]. Low-quality cells were filtered by selecting those 
with > 300 transcripts and < 10% mitochondrial transcripts. Gene expression data were 
then log-normalized using the NormalizeData function with a scale factor of 10,000. 
Highly variable features were identified using FindVariableFeatures, selecting the top 
2,000 most variable genes, followed by data standardization with ScaleData. Principal 
component analysis (PCA) was conducted using RunPCA to capture key sources of vari-
ation. To correct batch effects across samples, we applied canonical correlation analysis 
(CCA) using IntegrateLayers with CCAIntegration. Cell clustering was performed using 
FindNeighbors and FindClusters with a resolution of 1, based on the first 30 integrated 
CCA dimensions, resulting in 21 clusters. Uniform manifold approximation and projec-
tion (UMAP) [50] was computed using RunUMAP on the same integrated dimensions 
(Additional file 1: Fig. S10).

To assign cell types to clusters, we used FindAllMarkers to identify differentially 
expressed genes (DEGs) for each cluster. Genes with an average fold-change > 2 and an 
adjusted p-value < 0.01 were considered DEGs. CellMarker 2.0 [51] was utilized as a ref-
erence of cell type markers, specifically focusing on marker genes for lung adenocarci-
noma and non-small cell lung cancer. The most significantly enriched cell type for each 
cluster (Fisher’s exact test p-value < 0.05) was assigned accordingly. We further merged 
detailed cell types (e.g., naïve CD8 + T cell, conventional T cell, regulatory T cell, germi-
nal center B cell, and plasmacytoid dendritic cell) into broader categories (e.g., T cell, B 
cell, and dendritic cell).

Selection of cell type‑specific peptides

A total of 72,885 class I and 32,597 class II peptides identified from immunopeptidom-
ics profiling of 10 LUAD tumors [5] were queried against single-cell RNA-seq data from 
eight primary LUAD tumor samples [34] using PepQueryMHC. Based on normalized 
read counts from PepQueryMHC, the top 10% most abundant peptides were selected 
for each sample, and the proportion of cells expressing each peptide within each cell 
type was calculated. Peptides detected in more than half of the cells in at least one cell 
type were further analyzed using the median-centered coefficient of variation (mCV). To 
assign a single representative peptide per gene, the highest mCV value among peptides 
from the same gene was selected as the gene-level mCV. The top 50 genes with the high-
est mCV values were selected for visualization in Fig. 4b (Additional file 5).

https://nf-co.re/scrnaseq/2.7.1
https://satijalab.org/seurat/articles/seurat5_integration
https://satijalab.org/seurat/articles/seurat5_integration
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Comparison with BamQuery

Both PepQueryMHC and BamQuery reported total elapsed runtime, but only Pep-
QueryMHC recorded peak memory usage during computation. To estimate the peak 
memory usage of BamQuery, we utilized the Python library memory-profiler (v0.61.0) 
with the options “–include-children –multiprocess” to account for memory consump-
tion across all threads. BamQuery was executed with the following options: “–mode 
normal –light –t 16 –dbSNP 155 –strandedness”, enabling it to account for known point 
mutations.

To estimate runtime of BamQuery for longer peptides, we first calculated the total 
number of coding sequences for each dataset, including subsets of 1 k, 5 k, 10 k, 20 k, 
30 k, 40 k 9-mers, as well as the full pMHC-I (8–12-mers) and pMHC-II (7–25-mers) 
datasets, using Eq. (1):

Here, n is the total number of peptides, k denotes the peptide index, lk is the length 
of peptidek, and Ak,i is the amino acid at position i in peptidek. C is a function that com-
putes the number of codons for a given amino acid (Additional file 1: Fig. S4a). Using 
the measured runtimes of BamaQuery for 1 k, 5 k, 10 k, 20 k, 30 k, and 40 k 9-mers, 
we constructed a linear regression model (runtime ~ the number of coding sequences) 
(Additional file 1: Fig. S4b). This model was then used to extrapolate runtimes for the full 
pMHC-I and pMHC-II datasets (Additional file 3). All evaluations were performed on a 
system with dual Intel Xeon Platinum 8362 CPUs (2.8 GHz, 32 cores) and 1 TB memory.

Prioritization of tumor antigens

On-target toxicity of tumor antigens can cause severe adverse effects in therapy develop-
ment and clinical application, necessitating a rigorous prioritization strategy (Additional 
file 1: Fig. S7a). For 72,885 pMHC-I sequences (8–12-mers) and 31,526 pMHC-II sequences 
(7–25-mers) in the LUAD dataset [5], we calculated the average RPHM values for each 
peptide across 2,303 GTEx normal samples (oGTEx), excluding testis and ovary tissues 
[18]. Since the distributions of average RPHM values varied by peptide length, particularly 
for MHC-II, we determined and applied length- and type-specific (MHC-I and MHC-II) 
expression cutoffs at the 1% threshold (Additional file 1: Fig. S7b, c, Additional file 4).

Our multi-step prioritization workflow first filtered peptides based on expression lev-
els, selecting those with maximum RPHM values in LUAD samples exceeding the 1% 
threshold. To ensure tumor specificity at the RNA level, peptides were excluded if ≥ 1% 
of oGTEx samples (> 23 samples) had RPHM above the threshold.

Next, peptides were assessed for central immune tolerance, removing those with max-
imum RPHM values in mTEC or NAT samples exceeding the threshold. The remaining 
peptides were classified as candidate tumor-specific antigens (TSAs) if fewer than 0.1% 
of oGTEx samples (< 3 samples) had RPHM values above the threshold. Peptides that 
did not meet this criterion but had maximum RPHM values in tumor samples exceeding 
those in oGTEx samples were defined as candidate tumor-associated antigens (TAAs).

(1)Total coding sequences =

n

k

lk

i=1

C(Ak ,i)
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To ensure tumor specificity at the protein level, all remaining reference peptides were 
further filtered using the Human Protein Atlas [16]. Only reference peptides with no 
detectable protein expression in normal tissues (excluding the testis and ovary) based 
on immunohistochemistry were retained as TSAs or TAAs, while those with detectable 
protein expression in these normal tissues were excluded.

Peptides prioritized by our workflow were further evaluated to determine whether 
they had been previously reported in public immunopeptidome databases, including the 
Immune Epitope Database (IEDB; 1,069,466 pMHC sequences) [14], IEAtlas (174,465 
and 94,375 pMHC sequences from cancer and normal samples, respectively, including 
non-canonical regions) [13], caAtlas (1,007 cancer-associated antigens and 92 cancer-
testis antigens) [15], and the HLA Ligand Atlas (90,428 pMHC-I and 142,625 pMHC-II 
sequences from 29 benign tissues) [12].

Systematic evaluation of tumor antigen prioritization

To evaluate the performance of our prioritization strategy, particularly for estimating 
tumor-specificity, we analyzed 9,172 viral and 223,242 normal pMHCs obtained from 
the IEDB and the HLA Ligand Atlas, respectively. Three peptides were shared between 
the two datasets, and these were assigned to the normal pMHC group, resulting in a 
final count of 9,169 viral pMHCs. The viral pMHCs were retrieved from the IEDB using 
the following criteria: organism: virus; host: human; epitope structure; linear sequence; 
assay type: T-cell (positive outcome); disease category: infectious; MHC restriction: any. 
This ensured the inclusion of T-cell-mediated class I and class II viral epitopes, which 
were used as the positive dataset. The normal pMHCs were used as the negative dataset. 
Since our positive data is virus pMHCs, we used 2,403 normal samples in GTEx and 8 
mTECs to prioritize virus-specific pMHCs.

Reannotation of cis‑ and trans‑spliced peptides

We reannotated 28 validated cis-/trans-spliced pMHC-I sequences reported by Fradi 
and colleagues [35] using PepQueryMHC and BamQuery. For PepQueryMHC, we 
applied the scan mode followed by annotation mode. Since these peptide sequences 
were originally derived from de novo peptide sequencing, where isoleucine (I) and leu-
cine (L) could not be distinguished, we treated I/L equivalently during scan mode. In 
contrast, BamQuery lacks this option, so we enumerated all possible I/L combinations 
before using them as input.

As a result, PepQueryMHC identified 364 genomic locations, while BamQuery identi-
fied 106 that matched the input peptides. After filtering out pMHC-I sequences with 
RPHM values below the 1% thresholds, 24 peptides remained, spanning 101 genomic 
locations in PepQueryMHC and 45 in BamQuery. To assign a unique genomic location 
to each peptide, we prioritized the locations with the highest PRHM value per peptide. 
Using this finalized set of unique genomic locations and strands, we categorized their 
transcriptomic annotation categories using the annotate mode in PepQueryMHC for 
results from both PepQueryMHC and BamQuery (Additional file 1: Fig. S11, Additional 
file 6).

The PepQueryMHC analysis of the five well-characterized spliced peptides was per-
formed using the same parameters.
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