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Background: Genetic mutations that cause the inactivation or aberrant activation of essential

proteins may trigger alterations or even dysfunctions in cellular signaling pathways, culmi-
nating in the development of precancerous lesions and cancer. Mutations and such dysfunctions

can result in the generation of \novel proteins" that are not part of the conventional human

proteome. Identi¯cation of these proteins carries a profound potential for unraveling promising

drug targets and designing innovative therapeutic models. Despite the emergence of diverse
tools for detecting DNA or RNA variants, facilitated by the widespread adoption of nucleotide

sequencing technology, these methods primarily target point mutations and exhibit suboptimal

performance in detecting large-scale and combinatorial mutations. Additionally, the outcomes
of these tools are con¯ned to the genome and transcriptome levels, and do not provide the

corresponding protein information resulting from genetic alterations. Results: We present the

development of Sequencing Analysis Kit (SAKit), a bioinformatics pipeline for hybrid

sequencing analysis integrating long-read and short-read RNA sequencing data. Long reads are
utilized for detecting large-scale variations such as gene fusions, exon skipping, intron retention,

and aberrant expression in non-coding regions, owing to their excellent coverage capabilities.
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Short reads serve to validate these ¯ndings at breakpoints and splice junctions. Conversely,
short reads are employed for identifying small-scale variations, including single nucleotide

variants, deletions, and insertions, due to their superior sequencing depth, with long reads

providing additional validation. SAKit is designed to perform analyses using inter-species

con¯guration ¯les comprising genome references and annotation data, making it applicable to
both human and mouse studies. Furthermore, SAKit implements a hierarchical ¯ltering

approach to eliminate low-con¯dence variants and employs open reading frame (ORF) analysis

to translate identi¯ed variants into protein sequences. Conclusion: SAKit is a robust and

versatile bioinformatics tool designed for the comprehensive identi¯cation of both large-scale
and small-scale variants from RNA-seq data, facilitating the discovery of novel proteins. This

pipeline integrates analysis of long-read and short-read sequencing data, o®ering a powerful

solution for researchers in genomics and transcriptomics. SAKit is freely accessible and
open-source, available through GitHub (https://github.com/therarna/SAKit) and as a Docker

image https://hub.docker.com/repository/docker/therarna). Implemented primarily within a

Snakemake framework using Python, SAKit ensures reproducibility, scalability, and ease of use

for the scienti¯c community.

Keywords: Genetic modi¯cations; novel proteins; sequencing technology; large-scale variants;

bioinformatic pipeline; SAKit.

1. Introduction

Numerous fundamental inquiries in the ¯eld of human disease, including cancer, are

closely linked to the emergence of novel proteins resulting from base substitutions,

deletions, insertions, frameshifts, intron retention, alternative splicing, and the

translation of novel unannotated open reading frames (nuORFs) at the genetic and

transcript levels.1,2 Because novel proteins are not included in normal cells, they

would not have immune tolerance, and could be easily recognized as foreign antigens.

Novel proteins could be digested into short peptides, which are represented as T cell

antigens by the host system, leading to consequential stimulation of cellular immune

response and eradication of the cells expressing novel proteins.3 Based on this

principle, neoantigen-based immunotherapy has been developed by pharmaceutical

companies or research institutions as a promising cancer treatment.4–6 Additionally,

novel proteins are also associated with other complex diseases, for instance,

Alzheimer's,7 type II diabetes,8 liver disease,9–14 kidney disease,15–20 obesity,21–25 and

cardiovascular disease.26 Therefore, e®ective identi¯cation of novel proteins is im-

perative for understanding human diseases and developing corresponding therapies.

The traditional methods of identifying and characterizing protein are the

combination of tandem mass spectrometry (MS) with subsequent database search-

ing. However, if MS relies on reference databases containing regular sequences in the

canonical proteome, it would be almost impossible to identify proteins outside the

canonical proteome, especially those produced by patient-speci¯c individualized

variants. Moreover, by benchmarking with known protein repertoire, Fricker27

proposed that MS-based peptidomic approaches have other technical shortcomings:

signi¯cantly lower detection rate in Cys-rich peptides, low detection sensitivity for

peptides at low molecular weight (<500Da) or high molecular weight (>3 kDa).

Obviously, the bias derived from technical issues limits the application of MS in
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identifying novel proteins. Therefore, new bioinformatic pipelines would be necessary

for identifying novel proteins for immunotherapy.

Over the past decade, Next-Generation Sequencing (NGS) platforms have made

signi¯cant advancements, enabling a®ordable sample-speci¯c whole genome

sequencing or total RNA sequencing. The technological improvements have accel-

erated the identi¯cation of the vast complexity of the human proteome. In 2012,

Wang et al.28 proposed a protein identi¯cation work°ow that constructs hypothet-

ical protein sequence reference databases derived from RNA-seq data to facilitate

deciphering mass spectrometry (MS) data. Results from this study demonstrated

that such sample-speci¯c reference databases could signi¯cantly increase peptide

identi¯cation sensitivity, reduce protein assembly ambiguity, and further enable the

detection of novel peptides caused by highly variant regions. This NGS-driven

proteogenomic strategy has been increasingly applied to characterize the protein

repertoire in basic research or disease biology. However, despite these advancements,

this method combining NGS and MS still faces several de¯ciencies.:

(1) NGS has inherent technical defects in detecting large-scale variation due to the

short read-length (generally no more than 150 bp);

(2) The identi¯cation protocol for canonical proteins is often redundant, requiring

detection by both mass spectrometry (MS) at the protein level and NGS at the

RNA level. While this redundancy can bene¯t the characterization of smaller

proteins,29 it imposes a high sample input requirement to meet both detection

protocols. This can pose a signi¯cant obstacle to translational medical research,

particularly in cases where regenerative clinical samples are scarce and their

failure to process may result in unacceptable consequences.

(3) In terms of the nucleotide sequencing-based bioinformatic analysis work°ow,

most of them only analyze conventional transcripts in general or mainly focus on

single or few variation categories; in other words, by design principle they cannot

cover all sample-speci¯c variants. Besides the limitation of short read-lengths in

NGS platform, several other factors make it challenging to develop an analysis

work°ow covering all types of variants relevant to novel proteins. We would

explain these factors below:

(a) Various categories of variants could all contribute to the production of novel

proteins, e.g., base substitution, frame-shift, chromosomal instability, etc. The

detection of each category of variants requires a suitable analysis tool and a

suitable dataset customized for speci¯c detection purposes. These tools are

usually interdependent or intertwined, thus a complete analysis process involv-

ing distinct analysis on various variants would be invariably time-consuming

and labor-intensive;

(b) Calling and ¯ltering that cover all variants often require massive computing

power, especially when multiple samples are analyzed in parallel, and managing

such time-consuming analysis steps is also a challenge;
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(c) The calling results of each variant category are extremely redundant and

glutted with noise, implying high proportions of false positive results. There-

fore, further ¯ne ¯ltering and de-redundancy with proper parameters would be

necessary for achieving accurate enrichment of true positive results.

Fortunately, the third-generation sequencing technology of the Pacbio platform,

known as HiFi sequencing, encompasses the advantages of long read lengths and high

accuracy. These attributes render it especially well-suited for identifying the large-

scale variants. Leveraging the power of Pacbio HiFi reads, Miller et al.30 developed a

bioinformatics tool named PB FLIP, tailored to identifying expressed fusion and

long isoform variants.

While Pacbio long reads are adept at uncovering large-scare variants, the same

cannot be said for small-scale variants such as single nucleotide variants, which tend

to be susceptible to disruption due to random errors within a small length-based

span. Therefore, it is recommended to synergize HIFI sequencing with NGS tech-

nology to improve detection accuracy, particularly in the context of single nucleotide

variation (SNV).

To enhance the identi¯cation and discovery of novel proteins generated by

genomic and transcriptomic variants, we have developed an innovative bioinfor-

matics work°ow called Sequencing Analysis Kit (SAKit). SAKit integrates High-

Fidelity (HiFi) RNA long-read sequencing data with NGS RNA short-read data to

identify and generate sample-speci¯c hypothetical novel proteins. This hybrid ap-

proach leverages the strengths of both sequencing technologies, enabling a more

comprehensive and accurate protein prediction process. The sequences comprising

the hypothetical novel proteins are ultimately converted into FASTA format. We

have validated SAKit using two di®erent samples: a human brain reference RNA

sample spiked with 2% SIRV-Set 4, and an allograft of MC38 cells subcutaneously

injected into C57BL/6mice. Our automated protein identi¯cation pipeline is user-

friendly and demonstrates a robust capability to detect novel proteins arising from

various genomic and transcriptomic variants, as evidenced by our results.

2. Methods

This section presents a comprehensive overview of the SAKit framework and its

underlying logic, along with the inter-dependence among its various modules. We

also provide details on the implementation of hierarchical ¯ltering strategies in the

di®erent modules to e®ectively eliminate false hits. Finally, the study demonstrates

the application of SAKit by analyzing samples from both human and mice, and

presents the resulting analysis.

2.1. Pipeline overview

SAKit incorporates Snakemake as its work°ow management system, enabling con-

trolled and scalable pipeline execution in high-performance computing environments.
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Snakemake, an e±cient and versatile work°ow management tool, o®ers numerous

bene¯ts for scienti¯c data analysis, including superior memory management, robust

portability, modular design, and reproducible results.

As a comprehensive bioinformatics pipeline, SAKit is compatible with various

data types, including NGS and HiFi RNA-Sequencing data. It o®ers a range of

analysis steps including quality control, variants calling, annotation and hierarchical

¯ltering, and novel protein sequence generation. SAKit provides an extensive array

of variants calling categories, such as insertion, deletion, frameshift, gene fusion,

retained intron, and alternative splicing, to enable a comprehensive and detailed

analysis of transcriptomic data. Those variant categories contribute to the identi¯-

cation of novel transcripts or proteins, which we refer to as Novel Variant Isoform

(NVI) herein.

To utilize the SAKit pipeline, a subreads.bam ¯le of the raw data generated by

HiFi sequencing is required, along with a con¯guration ¯le containing optional

parameters and the necessary paths of reference and annotation ¯les. If available,

raw data generated by the NGS platform may also be included. Users can either use

the default parameters or adjust them to suit their speci¯c needs before the initial

test run. After local deployment, users only need to specify the sample-speci¯c raw

data path for subsequent analyses. The SAKit pipeline encompasses over two dozen

rules, which can be categorically classi¯ed into four distinct parts (Fig. 1):

(1) quality control and pre-processing of raw data,

(2) calling of NVI,

(3) hierarchical ¯ltering and annotation for calling results,

(4) generating protein sequences form ¯ltered NVI in fasta format and identifying

novel proteins that are not present in the canonical proteome.

2.2. Quality control and pre-processing of raw data

We employed open-source software provided by PacBio for the pre-processing of our

data. Speci¯cally, we utilized the Circular Consensus Sequencing (CCS) software31

to obtain high-accuracy single-molecule consensus HiFi reads. This process involves

cutting \polymerase reads" that alternate between adapter and insert sequences to

remove the adapters. As a results, we obtain multiple insert sequences referred to as

\subreads". These subread sequences are generated through circular sequencing from

the insert sequences. Subreads originating from the same source insert are largely

identical, but sequencing errors introduce random errors among these subreads

derived from identical insert sequences. To address this, these subreads are aligned

with each other and subjected to a polishingstep. In general, as long as the circular

sequencing is performed more than three times, meaning that you obtain three or

more subread sequences, CCS polishing can result in HIFI reads with an accuracy of

up to 99.9%. It is worth noting that the CCS step is the most time-consuming step of

the entire pipeline.
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After the generation of HiFi reads, we used the Lima software32 to trim barcodes

so that multiple samples constructed in the same library pool could be distinguished.

This step can be omitted if barcodes are not employed when a library consists of only

a single sample. Subsequently, we used the re¯ne module of the Iso-Seq3 software33

to trim polyA tails and adapter sequences that were wrapped on both sides of HiFi

reads. This allowed us to obtain full-length non-chimeric (FLNC) sequences, while

also removing residual concatemers. We aligned the obtained FLNC sequences to a

genome reference, generating a BAM ¯le. Simultaneously, the NGS data were also

Fig. 1. Work°ow of SAKit for all-in-one calling all novel variants and isoforms containing SNV, Insertion–
deletion mutations (INDELs), gene fusion (FUSION), ISOFORM of intron-retention and alternative

splicing simultaneously by comprehensive analysis of NGS and HiFi sequencing data. The intermediate

steps of the analysis include multiple strict ¯ltrations, and ¯nally the result of low background noise is

obtained. Finally, the converted amino acid sequences were compared with the protein database to select
Novel or Classic protein.
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aligned to the same genome reference, generating another BAM ¯le. Both BAM ¯les

will be further utilized for small-scale variants analysis. Additionally, we employed

the software of Iso-Seq3 to cluster FLNC reads, employing hierarchical n*log(n)

alignment and iterative cluster merging. This enabled us to identify other larger-scale

variants.

The pre-processing of data involves multiple processing steps and analytical

modules, which may introduce abnormalities that propagate to subsequent analysis.

Therefore, it is crucial to implement multidimensional quality control at each step to

ensure downstream analysis and ¯nal results regarding novel proteins. For example,

the number of pores used for single-molecule sequencing, referred to as Zero-Mode

Waveguide (ZMWs), represents the data volume. Furthermore, the polished HIFI

reads must meet the required accuracy, and the remaining FLNC reads after polyA

tail removal. Additionally, the number of \uniq mapped reads" aligned to a unique

position in the reference genome, \NonUniq mapped reads" aligning to multiple

positions, and the count of \Unmapped reads" that couldn't be aligned. Those

quality control metrices can be employed for the analysis at each step and provide

feedback on the analysis issues. If the amount of ZMWs is too low, it suggests that

there wasn't enough input library for sequencing, prompting researchers to increase

sample inputs to boost data amount.

In terms of library quality, we calculate the number and proportion of

RIBOSOMAL BASES, INTRONIC BASES, INTERGENIC BASES, and UTR

BASES using BAM ¯les. A high proportion of INTERGENIC BASES may indicate

DNAcontamination,while a high proportion ofRIBOSOMAL BASES suggests issues

with ribosomal RNA removal, leading to reduced detection sensitivity.We also use the

geneBody coverage.py module in RSeQC software34 to analyze the sequencing depth

coverage at the 5 0 and 3 0 ends of the gene, obtaining MEDIAN 5PRIME BIAS and

MEDIAN 3PRIME BIAS. A low MEDIAN 5PRIME BIAS value indicates a signi¯-

cantly low coverage depth at the 5 0 end of the transcript, potentially indicating severe

library degradation.When combinedwith the RIN value, which assesses RNAquality,

this analysis helps comprehensively determine whether re-sequencing is necessary.

Furthermore, we employ the infer experiment.py module in RSeQC software to

determine the proportions of reads aligned to the \þ" and \�" strands in reference.

A balanced proportion suggests non-strand-speci¯c library construction, while a

signi¯cantly imbalanced proportion indicates strand-speci¯c library construction.

Strand-speci¯c libraries are useful for analyzing gene expression and isoform calling

of two genes with overlap.

2.3. Calling of novel variant isoform (NVI)

In the NVI calling step following the pre-processing step described above, we classi¯ed

all genetic variants that may result in novel proteins into two categories: small-scale

variants (such as short insertions, deletions, duplications, substitutions, and small-

scale gene fusions) and large-scale variants (such as large gene fusions, exon skipping of
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transcripts, intron retention, RNA variable splicing, and abnormal expression of

noncoding regions, as well as long insertions, deletions, and duplications) (Fig. 2).

To enable simultaneous analysis of these various scale variants, we integrated

various variant analysis software into SAKit to meet the analysis requirements of

various types of variants and enhance overall analysis performance. We utilized the

characteristics of the data to optimize the analysis approach. HiFi reads were mainly

used to analyze large-scale variants due to the advantage of their long-read sequence,

while NGS reads with higher accuracy at the single-base level and easier acquisition

of high-depth sequencing data were mainly used to analyze small-scale variants.

For HiFi reads, we employed the collapse isoforms by sam.py module of

cDNA cupcake35 to collapse identical transcript isoforms into a unique transcript

isoform. The number of full-length reads corresponding to di®erent unique isoforms

were also quanti¯ed, which served as important supporting evidence for the called

isoforms and were used as a parameter in the subsequent ¯lter step. Gene fusions are

also considered another isoform and important source of novel proteins or chimeric

protein, and were called by utilizing fusion ¯nder.py of cDNA cupcake. Notably,

HiFi reads were also used to analyze small-scale variants. For instance, we employed

PBsv software36 to analyze various structural variants, including deletions of ap-

proximately 10 bp, which may also be present in the results of NGS variant analysis.

Fig. 2. Categories of NVI Calling. Small-scale variants, including (a) point mutations and (c) gene fusions,

are analyzed using short-read sequencing reads. Large-scale variants, including (b) RNA alternative
splicing, (c) gene fusions, and (d) NuORFs, are analyzed using long-read sequencing data. RNA fusions are

analyzed using both long-read and short-read data.
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Although this may appear redundant, it does not pose a signi¯cant threat to the

analysis time. We removed redundancy from these variant results obtained from

multiple software, which in turn increases the credibility of the results.

For NGS reads, we mainly used Vardict software37 to generate VCF ¯les that

store all possible variants. Although Vardict software claims to call \everything," we

mainly used it to analyze small-scale variants. We ¯ltered out variants that do not

produce novel proteins, such as single-base substitutions in non-coding regions or

synonymous, nonsense, or silent mutations, although they may also be responsible

for the occurrence of the disease. Large-scale variants analyzed based on NGS data

were compared with the results of HiFi data analysis and integrated to further

increase the reliability of the results.

2.4. Hierarchical ¯ltering

2.4.1. Filtering of isoform/fusion

Since FUSION is also regarded as a speci¯c type of isoform, its ¯ltering process and

steps are essentially the same as isoforms. To ¯lter out called isoforms, there are

typically four steps involved (Fig. 4).

The ¯rst step is to deplete isoforms below the pre-set threshold (default 2) by

abundance as a high-quality isoform should be supported by at least two FLNC

reads. Normally, the abundance of each called isoform could be directly quanti¯ed

from PacBio HiFi sequencing data. Nonetheless if additional NGS sequencing data

could be obtained from another aliquot of the same sample, it would provide an even

more accurate quanti¯cation of isoforms' abundance.

The second step is to deplete the subset of isoforms (Fig. 3) that have the same

exons at 3 0 end as the longest one but are missing some of the 5 0 exons, and those 5 0

truncated transcripts are likely due to degradation of the 5 0 end of RNA during

library construction.38 Moreover, the more degraded the library, the greater the

number of transcripts ¯ltered out due to 5 0 truncation.
The third step is to deplete the \arti¯cial" isoforms introduced by Chimerism in

PCR, restriction enzyme ligation or sequencing error, etc. Such arti¯cial isoforms are

real signals called from the sequencing data, but they are noise to the samples and

must be eradicated. Because a single feature could hardly identify random interfer-

ence causing arti¯cial isoforms, we employed the SQANTI3 tools38 constructed using

a machine learning approach based on random forests to achieve this goal. SQANTI3

extracts up to 47 features including coverage, exon coordinate, supported reads

number, etc., and e®ectively implements ¯ltering based on these features.

The last step is the annotation with the database. This step can identify

meaningful isoforms/fusions associated with clinical diseases, as well as potential

therapeutic targets. The detail and accuracy of gene annotation results are highly

dependent on the quality and quantity of the annotation database. For human

fusion gene annotations, we take the database of chimerDB4.0,39 which summarizes

nearly 100 k fusion candidates from patients in the TCGA project including tens of
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thousands fusion genes with experimental evidence support. Conversely, the

availability of suitable isoform annotation databases is still limited. Although there

are some transcript-level isoform databases being developed, they are not com-

prehensive and are not user-friendly. It is anticipated that the advent of high-

quality transcript annotation databases will enhance the clinical applicability of

the identi¯ed isoforms.

2.4.2. Filtering of SNV/INDEL

There are also four steps to ¯lter SNV/INDEL (Fig. 3).

The ¯rst step is to deplete the variant with sequencing depth below the con¯dence

threshold. We calculate depth threshold using the formula below:

ðVDÞVariantDepth ¼ TPM � total RPK
1000; 000 � 100 �mean read length:

Fig. 3. (a) illustrates the process of collapsing the long read sequence. Because sequence a and b, and

sequence c and d have exactly the same introns, they, respectively, collapse to get the only potential

transcript candidates, while sequence a and c cannot further collapse because of their di®erences in introns.

(b) indicates that many sequences cannot be aligned at the 5 0 end, but are neat at the 3 0 end. Such
sequences are biologically likely to be of the same original transcript with the 5 0 degradation, so they are

collapsed into a unique transcript isoform.

Y. Li et al.
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RPK in the formula refers to Reads Per Kilobase, calculated by dividing the read

counts by the length of each gene in kilobases.

TPM refers to Transcripts Per Kilobase Million, calculated by dividing the PRK

values by the \per million" scaling factor.

Considering that the peptide translated by variant transcripts with a TPM higher

than 35 would be considered to have immunogenicity,40 we set the TPM to 35, and

the threshold of Variant Depth can be calculated using the formula.

Fig. 4. Hierarchical ¯ltering for preliminary calling results of all NVI. The inverted triangle represents the
logic of ¯ltering. Each layer represents one step ¯ltering operation. The values on the left and right sides

are the representative number of results obtained by a clinical sample after each ¯ltering step.
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The second step is to remove background noise. For this purpose, we mainly use

the column of FILTER in the VCF ¯le to remove variants with °ags such as P8, Q10

and bias.

The third step is to deplete variants derived from single nucleotide polymorphism

(SNP) or germline mutations by comprehensively analyzing the dbSNP annotation

information and the allele frequency (AF).

2.5. Novel protein generating

2.6. Dataset

To demonstrate the workings of our in silico SAKit pipeline, we applied it to two

distinct samples. The ¯rst sample was a human brain reference RNA sample spiked

with 2% SIRV-Set 4 (Ref. 43) (https://trace.ncbi.nlm.nih.gov/Traces/?view=

run browser&acc=SRR16762346&display=data-access), a Biologics Reference

Standard that contains an arti¯cial isoform set. The PacBio sequencing data for this

sample were acquired in FLNC.read.bam format, which indicates that it has been

pre-processed, from the NCBI. SIRV-Set 4 comprises 69 arti¯cial transcript variants

that simulate the splicing characteristics of seven human model gene loci to com-

prehensively re°ect the diversity of alternative splicing, alternative transcription

Y. Li et al.
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start- and end-sites, overlapping genes, and antisense transcripts. Furthermore,

SIRV-Set 4 includes 15 arti¯cial transcript variants in ¯ve length categories (4 kb,

6 kb, 8 kb, 10 kb, and 12 kb, respectively) to mimic the length complexity of human

transcripts.

The second sample was obtained in-house by subcutaneously injecting MC38 cell

lines into C57BL/6 mice to form tumor allografts. After sacri¯cing the mice, the

tumor allografts and paired normal small intestine tissue were collected and frag-

mented into small pieces of approximately 300mg each. These tissue pieces were

immediately washed with 1� PBS and placed in separate centrifuge tubes, trans-

ported at low temperature to GeneDenovo Co., Ltd. for RNA extraction, PacBio

HiFi long-read sequencing, and Illumina short-read sequencing. After one month, the

sequencing data were obtained and analyzed using the SAKit pipeline. Given the

substantial di®erences in transcriptome and proteome between tumor allografts

and normal tissues, we aimed to use the SAKit pipeline to identify mutations

and aberrant transcript expression speci¯c to the tumor allografts and obtain

corresponding novel proteins.

3. Results and Discussion

SAKit analysis of the human brain reference RNA sample utilized PacBio HiFi long-

read data, beginning with the alignment step. Prior to our analysis, these data had

undergone pre-processing, speci¯cally circular consensus sequence (CCS) polishing.

Consequently, our work°ow was initiated with the alignment of these pre-polished

HiFi reads using MINIMAP2, thus bypassing the need for CCS polishing within our

pipeline. As this sample lacked short-read data, we focused solely on analyzing large-

scale variants, particularly di®erent isoforms within the spike-in SIRV-Set 4, which

are well-suited for long-read sequencing. This approach precluded the initiation of

Vardict analysis or any subsequent small variant analyses that would typically

require short-read data. In contrast, the MC38 allograft sample contained both

PacBio HiFi long-read and Illumina short-read data, necessitating the analysis of

both large-scale and small-scale mutation types. As both datasets were raw data, the

analysis of MC38 allograft began with data pre-processing and quality control steps,

and all analysis modules of SAKit were executed. SAKit ran on a high-performance

computer cluster with an Intel(R) Xeon(R) Platinum processor (8269CY CPU,

3.10GHz) and aLinux operating systemofUbuntu 20.04.4LTS.Nearly one hour later,

SAKit completed the analysis of the human brain reference RNA sample data, while

the analysis of MC38 allograft data took nearly 5 h. By statistically analyzing the

running time per module, we found that the Circular Consensus Sequencing (CCS)

step was the most time-consuming. Notably, the human brain reference RNA sample,

without CCS steps, saved a signi¯cant amount of time (Supplementary Figure 2).

In regard to the human brain reference RNA sample, we initially assessed the

quality control metrics as presented in Supplementary Table 1. The total number of

HiFi reads obtained was 1.9 million, representing almost half of the data capacity of a
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SMRT Cell chip. The PCT RIBOSOMAL BASES metric was 0%, indicating

a negligible presence of tRNA. The MEDIAN 5PRIME BIAS and MEDIAN

3PRIME BIAS values were 0.73 and 0.99, respectively, and these metrics, together

with the gene body coverage curve (Supplementary Figure 1a), suggest that the

RNA library was relatively intact and not signi¯cantly degraded. The \þþ��"

and \þ�;�þ" values were 0.859 and 0.0042, respectively, indicating that the library

construction was strand-speci¯c. These quality control metrics collectively demon-

strate that the quantity and quality of the data met the required standards. Addi-

tional details of other quality control metrics can be found in Supplementary Table 1.

Since SIRV-Set 4 spiked in human brain reference RNA sample is a type of

Biologics Reference Standards with the accuracy information (https://www.lexogen.

com/store/sirv-set4) of isoforms in them, we con¯rmed the calling results of all true

isoforms and calculated the recall ratio to determine whether the SAKit pipeline

would erroneously miss the true positives. We achieved a 100% (12/12) recall ratio

(Tables 1 and 2) for the 12 long transcripts of SIRV-set4. However, for the detection

of the 69 short SIRV transcripts, we only achieved a recall ratio of 89.9% (62/69),

missing seven isoforms. We investigated why those isoforms were missed case by case

and found that the failure to detect these isoforms was attributed to the short length

of their introns or exons, leading to a high mapping score in the global alignment and

subsequent misclassi¯cation as a soft clip or deletion. Notably, statistics from the

human RefSeq transcriptome indicate that the vast majority of exons and introns are

longer than 20 bp. The exons and introns of the three misclassi¯ed isoforms are only

9 bp (Supplementary Figure 3a), 31 bp (Supplementary Figure 3b), and 20 bp

(Supplementary Figure 3c), respectively, representing extreme cases. The absence of

the other four missing isoforms in the raw data suggests they were lost during library

construction or nucleotide sequencing.

For the MC38 tumor allografts, we also performed quality control evaluation ¯rst,

which indicated that the data quantity and quality were su±cient for subsequent

analysis. We detected numerous small-scale variants with high con¯dence using

Vardict and PBsv on short-read data, while large-scale variants, such as intron

retention, exon skipping, and abnormal expression in non-coding regions, were

Table 1. Short SIRV isoform of called and mis-called by SAKit.

Short SIRV

Transcript category ID Total number of transcripts Recall number Recall ratio Missed

SIRV1 8 7 87.50% SIRV105

SIRV2 6 6 100.00%

SIRV3 11 10 90.90% SIRV311

SIRV4 7 6 85.70% SIRV404
SIRV5 12 10 83.30% SIRV503, SIRV512

SIRV6 18 17 94.40% SIRV618

SIRV7 7 6 85.70% SIRV708

Summary 69 62 89.90%
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mainly detected through long-read HiFi data using cDNA cupcake, including gene

fusions identi¯ed through fusion ¯nder. These large-scale variants were integrated

with the small-scale variants after SQANTI and hierarchical ¯ltering and stored in a

separate fasta ¯le (Fig. 5(a)). Regarding large-scale genetic variants, we did not

discern any conclusive evidence of gene fusions or structural alterations, which is in

line with prior observations of the MC38 cell line. Nevertheless, we ascertained the

existence of ¯ve transcript variants for a speci¯c transcript isoform, substantiated by

robust levels of supporting evidence. Four of these variants, named PB.349.2,

PB.458.1, PB.1517.1, and PB.1528.1, were found and located in the Cep131, F2RL1,

Gm5345, and KLHL26 gene locus in the mouse genome, respectively. All four

variants expressed an additional segment as a novel exon in the intronic region

(Supplementary Figure a–d). The remaining transcript variant, PB.1596.5, was lo-

cated in an intergenic region of the mouse genome and was abnormally expressed as a

novel transcript (Fig. 5(b)). All these variants were initially identi¯ed using HiFi

long reads and subsequently validated by NGS short reads at their respective splice

junctions, Importantly, none of these variants was detected in corresponding paired

normal tissues, indicating their tumor-speci¯city. Furthermore, we generated the

corresponding protein sequences (Fig. 5(c)) for the variants using GMST and per-

formed homologous analysis with UniProt database tr mouse canon isoform.fasta

via BLAST, revealing that the identity value of the highest homologous protein for

the ¯rst four variants, including PB.349.2, PB.458.1, PB.1517.1, and PB.1528.1, was

less than 60%, indicating their novelty. However, PB.1596.5 exhibited a distinct

pattern, as evidenced by the alignment result revealing that the identity value of the

most homologous protein, Q1KYM0, was 99% (667/669) (Fig. 5(d)). As reported by

Julien,44 Q1KYM0 is an endogenous retrovirus (ERV) protein that is expressed in

Table 2. Long SIRV isoform of called and mis-called by SAKit.

Long SIRV

Transcript category ID Total number of transcripts Recall number Recall ratio Missed

SIRV10001 1 1 100.00% /
SIRV10002 1 1 100.00% /

SIRV10003 1 1 100.00% /

SIRV12001 1 1 100.00% /

SIRV12002 1 1 100.00% /
SIRV12003 1 1 100.00% /

SIRV4001 1 1 100.00% /

SIRV4002 1 1 100.00% /
SIRV4003 1 1 100.00% /

SIRV6001 1 1 100.00% /

SIRV6002 1 1 100.00% /

SIRV6003 1 1 100.00% /
SIRV8001 1 1 100.00% /

SIRV8002 1 1 100.00% /

SIRV8003 1 1 100.00% /

Summary 15 15 100.00% /
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Neuro-2a tumor cells and can cause immune evasion. Knocking down the gene, which

expresses Q1KYM0, with siRNA can delay tumor growth and increase mouse

survival. These ¯ndings strengthen the evidence supporting the tumor-speci¯city of

PB.1596.5, and underscore the importance of combining large-scale and small-scale

variant detection and subsequently novel protein analysis.

Finally, to further con¯rm the reliability of the identi¯ed variants results, we

designed primers targeting PB.1596.5 and extracted RNA for PCR validation. The

results showed signi¯cant overexpression in both MC38 cells and MC38 allografts,

while the control normal tissues showed no expression (Fig. 5(e)). All results indicate

that the SAKit pipeline can analyze all-in-one variants, and acquire high performance

in identifying long isoforms.

4. Conclusions

The concept of \neoantigen" has been prevalent in the new era of cancer immuno-

therapy. Neoantigens could be de¯ned as immunogenic proteins/epitopes derived

Fig. 5. Results of MC38 Analysis. (a) Analysis results displaying the nucleotide and corresponding protein

sequences of the investigated variants under the Deliverables section. (b) Results of the PB1596.5 variant
presented in IGV using the PacBio BAM ¯le. (c) The ¯nal Novel protein sequence resulting from the

integrated analysis. (d) Comparison of the protein sequence of the PB1596.5 variant to Q1KYM0 using

BLAST. (e) Electrophoresis results of PB1596.5, arranged from left to right as Marker group, MC38 cell,

Control group of normal tissue, and MC38 allograft.
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from aberrant genetic changes in tumor cells. Because normal cells do not have such

aberrant genetic changes, neoantigens could be regarded as \absolutely" speci¯c

biomarkers of tumor cells. Therefore, in recent years, biotech companies and research

institutions have been actively developing immunotherapies against neoantigens.

Nowadays, how to e®ectively identify neoantigens from clinical samples has become a

valuable question to be addressed for translational research.

The \classical" approach for identifying neoantigens is based on searching non-

synonymous mutations in canonical ORFs. Such a \classical" approach is easily

understandable, though its limitation is also apparent: only tumors with a high

mutation burden have su±cient nonsynonymous mutations inside ORFs to induce

novel proteins45; moreover, neoantigens with immunogenicity are only a tiny subset

of novel proteins. Unfortunately, many cancer types have a low tumor mutation

burden (<5mutations/Mb), e.g., prostate cancer, glioblastoma, acute myeloid

leukemia, etc. For these cancer types, it is barely possible to ¯nd su±cient neoantigens

in canonical ORFs for immunotherapy.46

However, due to aberrant genetic changes, most types of cancer cells involve

alternative RNA splicing that does not exist in normal cells.47 RNA-seq analysis of

The Cancer Genome Atlas data furnishes compelling evidence for the prevalence of

tumor-speci¯c alternative splicing events which produce neoantigens that are

predicted to be more immunogenic than missense mutations,48,49 moreover, some

studies have shown that RNA alternative splicing provides another source of novel

proteins, which are translated from the RNA sequences that are never translated in

normal cells.45,50,51 Therefore, identifying large-scale mutation-based novel proteins

and neoantigens, such as RNA alternative splicing, would be an e®ective new

approach to break the limitation of the \classical" approach, therefore greatly

expanding the application of immunotherapies against neoantigens.

As a powerful tool for studying peptidomes or proteomes, MS theoretically could

identify novel proteins derived from RNA alternative splicing. In fact, the perfor-

mance of MS heavily relies on the characteristics of reference databases. As discussed

in the introduction section, the canonical human proteome is a disadvantageous

reference database for identifying novel proteins that do not belong to canonical

human proteome at all. To solve the logical paradox above, the prevalent HiFi and

NGS technology provide a scienti¯cally sound method to establish the sample-

speci¯c reference database with hypothetical protein sequences derived from RNA

translation.

Achieving comprehensive detection of all variants that have the potential to

induce protein alterations is a key necessity when analyzing RNA sequencing data. In

this regard, multiple mechanisms, including fusion, SNP, and INDEL, contribute to

the generation of novel RNA transcripts, as well as the subsequent induction of novel

proteins. Given the complexity of the task at hand, a powerful bioinformatics tool is

required to process RNA sequencing data and cover all types of RNA transcript

variants.
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Taking this into consideration, we have developed the SAKit pipeline, which

provides a one-key running solution to analyze HiFi and NGS RNA-seq data com-

prehensively. By far, the SAKit has the broadest coverage of all variants that can

induce potential novel proteins than published work°ows. Additionally, we inte-

grated and converted all types of variants into fasta-format protein sequences to

ensure convenience for users to use for subsequent analysis, such as protein structure

prediction, neoantigen immune epitope analysis, among other things.

Our pipeline's e±ciency and computational capabilities make it suitable for

processing high-throughput data, notwithstanding limited computational power and

time consumption. In conclusion, we have developed a user-friendly, comprehensive

SAKit pipeline capable of detecting all variants that have the potential to induce

protein alterations, thereby providing an all-in-one solution for the identi¯cation of

novel proteins and neoantigens, which have clinical applications for immunotherapy

purposes.

Availability of Data and Materials

The human brain reference RNA sample spiked with 2% SIRV-Set 4 can be accessed

at NCBI Trace (https://trace.ncbi.nlm.nih.gov/Traces/?view=run browser&acc=

SRR16762346&display=data-access). Additionally, the MC38 tumor allografts

dataset, which includes bothPacBio long reads andNGS short reads, is available in the

NCBI Sequence Read Archive (SRA) under project PRJAN1136964, with accession

numbers SRR29872125, SRR29872126, SRR29872127, and SRR29872128.
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