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SUMMARY

A fundamental prerequisite for the efficacy of cancer immunotherapy is the presence of functional, antigen-
specific T cells within the tumor. Neoantigen-directed therapy is a promising strategy that aims at targeting
the host’s immune response against tumor-specific antigens, thereby eradicating cancer cells. Initial forays
have been made in clinical environments utilizing vaccines and adoptive cell therapy; however, many chal-
lenges lie ahead. We provide an in-depth overview of the current state of the field with an emphasis on in silico
neoantigen discovery and the clinical aspects that need to be addressed to unlock the full potential of this

therapy.

INTRODUCTION

The promise of utilizing the body’s immune system to treat can-
cer is in part linked to the discovery of “cancer immunoediting,”
which states that the immune system can play a vital role in the
protection of the host against tumorigenesis but can also shape
and even promote tumor growth.’ The understanding that tu-
mors develop upon immune evasion paved the way for new
treatment options to shift the balance from a pro-tumoral envi-
ronment toward the development of an unfavorable setting for
cancer cells by (re)boosting the immune system.**

So far, immune checkpoint inhibitors (ICls) are considered the
most promising class of immunotherapeutics for the treatment of
solid tumors, leading to FDA approvals for many cancer indica-
tions.* ICls target inhibitory receptors expressed on tumor cells
and on immuno-suppressive cells residing in the lymphatic sys-
tem, peripheral blood, and the tumor microenvironment (TME).
Blockage of these receptors (checkpoints) enables the patient’s
immune system to once again identify and attack cancer cells.
The most common of these checkpoints currently targeted are
the programmed-death (ligand)-1 (PD-1/PD-L1) transmembrane
proteins. The emergence of ICls has led to a changed standard
of care for multiple tumor types resulting in improved outcomes
for many cancer patients. In BRAF wild-type metastatic mela-
noma, for example, the overall survival (OS) is significantly higher
when treated with ICls compared with chemotherapy, i.e., up to
a 1-year survival rate of 72.9% versus 42.1 %.° Furthermore, du-
rable responses have been achieved in cancer types that lacked
treatments capable of inducing long-term tumor control, such as

advanced head and neck cancer and non-small cell lung can-
cer.® This has led to the approvals of pembrolizumab (Keytruda)
in 2016 and 2017 as the first cancer immuno-therapy for first-line
treatment of different solid tumors. In addition, it was also
approved for the first tissue/site-agnostic indication in microsat-
ellite instability-high or mismatch repair deficient solid tumors.
The striking results of ICIs in advanced disease triggered the
testing of ICI in early-stage patients.”

Nevertheless, many patients still do not benefit from ICI treat-
ment. For example, Leger et al. showed that the majority of
NSCLC patients do not respond to nivolumab® and others report
similar numbers across a variety of cancers. An analysis by Has-
lam et al. estimated the percentage of US cancer patients eligible
for ICl drugs to be 43%, whereas in actuality only 12% of patients
respond to the therapy.® Although expression of PD-L1 is still
considered to be the most widely used biomarker to predict
response to most classes of ICI therapy, a cohort study per-
formed by Yarchoan et al. revealed that, of 10,000 samples
across all major tumor types, only 15.2% of patients had PD-
L1-positive tumors.'® Taken together, these studies show that
the initial hope that ICI monotherapy might be the key in the fight
against cancer for all cancer patients was unrealistic. Many chal-
lenges still need to be overcome to increase response rates to
IClIs as well as to find other immunotherapeutic approaches for
patients who do not benefit from the current standard of care.

The observation of a correlation between tumor mutational
burden (TMB), linked to the amount of tumor-unique mutated
peptides, and response rate in patients who are treated with
PD-1 inhibition'""'? provided initial evidence for the importance
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BOX 1. Tumor-specific antigens (TSAs) versus tumor-associated antigens (TAAs)

The difference between TSAs and TAAs lies in their expression pattern. TSAs are antigens arising from features uniquely present in
tumor cells, such as somatic mutations, or tumor-specific gene expression and splicing patterns. TAAs on the other hand, are neo-
antigens generated by features that are enriched in tumor cells, although these are also present in normal cells. An example of TAAs
are the cancer-testis antigens, such as the MAGE-A antigens that are expressed in both normal and tumor cells, but show a sig-
nificant elevated expression in the latter.®> As TAAs are self antigens it is a lot harder to induce a potent immune reaction against
these antigens due to immune tolerance. In case the immune system can be directed toward these types of antigens, there is the risk
for off-target toxicity where non-diseased tissues and cells can also be affected, resulting in potentially dire effects on the patients’

well-being.

of neoantigens as the targets of immune responses mediating
cancer control. In addition, several studies in mice and humans
have shown that neoantigen-specific T cells can induce tumor
regression in patients who are receiving both tumor-infiltrating
lymphocyte (TIL) therapy'®'” and ICI therapy.'®?' In this
respect, personalized immunotherapies—aiming to increase
the number of neoantigen-specific T cells—are being explored.
These neoantigen-directed therapies involve cancer vaccines
or adoptive cell therapies (ACT), i.e., neoantigen-specific T cell
receptor (TCR) or chimeric antigen receptor (CAR) T cell therapy.

In 2015,%? 2017,2>2* and 2019,?° the first clinical phase | trials
testing personalized therapies were successful in high and low
TMB tumors. Hu et al. showed persistent neoantigen-specific
memory T cells 2-4.5 years after neoantigen vaccination, indi-
cating the potential promise of neoantigen-driven immuno-
therapy in providing long-term control of and protection against
metastases.”® Furthermore, it is expected that improvements in
DNA and RNA sequencing (RNA-seq) technology and reduced
costs will further boost the potential of neoantigen-based
immunotherapy. It should also be noted that, usually, only minor
off-target effects develop because neoantigens are tumor spe-
cific.?” Altogether, these data shows the promise of personalized
immunotherapy to (re-)activate the immune system against neo-
antigens expressed by the patient’s cancer cells.

THE CLINICAL CHALLENGE

Despite the theoretical promise of neoantigen-based vaccines,
there is considerable skepticism about neoantigen-driven
immunotherapy, so far no neoantigen-directed therapy has yet
received regulatory approval for use in cancer patients. This
lack of enthusiasm may be explained by the relatively modest
anti-tumor activity seen in neoantigen-directed vaccine trials to
date. Promising efficacy in epithelial cancers has been reported
when neoantigen-specific T cells are administered to the pa-
tients directly, albeit with limited data available. The thus far
modest results may be attributed to suboptimal vaccine plat-
forms, poor choice of antigen, substandard clinical trial, and
therapy design, as well as unconsidered tumoral heterogeneity,
among other reasons.?® ACT, on the other hand, in particular
CART cells, have shown remarkably effective results already, re-
sulting in the FDA approval of tisagenlecleucel and axicabtagene
ciloleucel in several hematological cancers. Aside from hemato-
logical cancers, ACT therapy is now also being explored in solid
cancers, which account for the majority of all tumor-related ca-
sualties. Although anti-tumor responses have been shown with
ACT therapy in select solid tumor cases, the bulk of the efforts
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have failed to be efficient enough.?°°' The relatively modest
anti-tumor activity of ACT therapies for solid tumors may be
attributed to the use of tumor-associated tumor-specific anti-
gens (TAAs) rather than tumor-specific antigens (TSAs) (see
Box 1).'® Another important reason why ACT therapy has shown
relatively low efficacy in solid tumors compared with hematolog-
ic malignancies is likely related to the tumor itself. The presence
of a suppressed immune system in patients with advanced can-
cers may play a role. Moreover, solid tumors exhibit a vastly
complex environment of immunosuppressive circuits that can
all lead to their evasion from immune attack.®*** This tumoral
heterogeneity may in fact be one of the main reasons why cancer
immunotherapy, in general, fails for many types of cancers.

Tumoral heterogeneity

Inrecent years, the importance of the immunological tumor profile
has been elucidated by the discovery of the significant impact the
TME has on cancer development and treatment response. Where
disappointing clinical results were poorly understood before,
nowadays these can often be explained by the heterogeneity of
cancers on a genetic®® and immunological level. The genetic het-
erogeneous nature of a tumor is discussed in detail below (Section
“Genetic variability (clonality): genetic heterogeneity”).

The concept of tumoral immune heterogeneity became undeni-
able when checkpoint inhibition therapy did not live up to the ex-
pectations after several disappointing clinical results in different
cancer types.*® Notably, it was observed that some patients
benefited significantly, whereas others—having the apparent
same type of cancer—did not respond at all. These results re-
vealed specific immune evasion mechanisms that tumors use to
evade and survive the immune system, which can differ between
distinct tumor types (inter-tumoral) and also within the same tumor
type (intra-tumoral). This heterogeneity introduces complexity
because every tumor develops its own unique immune profile to
evade the anti-tumor immune response on multiple levels. Three
“immune types” have been defined, each with its own therapy-
response profile related to a different status of immune activity:
immune inflamed, immune excluded, and immune deserted.®’

Combination therapy

Since the anti-tumor activity of IClI monotherapy is relatively low
in most tumor types, different combinatorial strategies are being
investigated, of which neoantigen-driven therapies are a prime
candidate to both focus and activate the immune system of pa-
tients. A single immunotherapy modality is unlikely to adequately
address the heterogeneity and adaptability of tumors in which
resistance mechanisms can be multi-faceted and acquired
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Figure 1. Overview of the different factors that aid to unlock the full potential of neoantigen-directed therapeutics
The general workflow starts with a tumor biopsy, followed by immune typing, therapy selection, and/or neoantigen-based therapy design. During and after
therapy, patients’ tumoral status is checked regularly to identify a relapse and/or resistance.

during treatment. Hence, treating the patient with double or triple
therapy could lead to more efficient tumor elimination by attack-
ing the cancer cells on multiple levels. In addition, longitudinal
evaluation during treatment is needed to unveil the potential
development of certain resistance mechanisms and to adjust
the therapy accordingly®® (Figure 1). It has been observed that
tumors relapsing under ICI treatment show a different mutational
landscape with a different spectrum of neo-epitope variants.*®
This could be explained by the selective pressure imposed by
the ICl-activated immune system on the selected set of sponta-
neously recognized neoantigens. The timing of the different
treatments can be critical too. For instance, it was demonstrated
that an anti-OX40 antibody followed by a PD-1-inhibitor pro-
vided a beneficial effect, while the opposite was true when treat-
ments were reversed.’>*' But not only does the sequence of
combination therapies matter, but the optimal dose and optimal
duration is also not always clear. Furthermore, adverse event
management will become more important and dose regimens
should be optimized in combination therapy to achieve the high-
est clinical benefit with acceptable toxicity. Since neoantigen-
driven cancer vaccination, and ACT in principle, can both be
used to treat every tumor immune type, provided it is combined
with the right TME-modulating complementary therapy, these
therapies may offer benefit even for patients who have less-in-
flamed tumors. Given that combination immunotherapy often
significantly increases treatment-related adverse events,** the
favorable toxicity profile associated with cancer vaccination of-
fers an unprecedented combination advantage.”® One could

also expect that the dose of the therapy could even be lowered
when combined with cancer vaccines, due to more optimal im-
mune system (re-)activation.

Inflamed tumors: Neoantigen-driven therapeutics

and ICIs

Inflamed tumors carry a highly immunogenic tumor profile, with
large quantities of immune cells infiltrating into the tumor. The
activity of these immune cells, however, is often limited due to
the evasion techniques that the tumors use. Considering the
central role that neoantigens play as targets of effective anti-tu-
mor immune responses, coupled with the recognition that the
TME is often adversarial and counteracts these immune re-
sponses, combining neoantigen-driven therapeutics with ICls
may have significant clinical value. Whereas vaccines can
induce, broaden, and boost the neoantigen-specific T cell pop-
ulation, ACT can in principle deliver large quantities of neoanti-
gen-specific T cells without the need for in vivo expansion. The
combination with ICl therapy will ultimately lead to an expanded
tumor-reactive T cell repertoire that can recognize neoantigen-
presenting cancer cells.*® In addition, widening the breadth of
neoantigen reactivity may delay the development of acquired
resistance to immune checkpoint blockade related to selective
pressure.** Neoantigen-specific, tumor-infiltrating T cells gener-
ated by neoantigen-directed cancer vaccination, or ACT, can
also stimulate IFN-y production in the TME. This is often corre-
lated with upregulated PD-L1 expression on tumor cells, pre-
venting a long-lasting effector T cell response by inducing an
inactive state.**
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The potential of this approach has recently been shown in clin-
ical studies.'®?*24%* Sahin et al. and Ott et al. both showed the
potential benefit of combining cancer vaccination with ICI ther-
apy in melanoma patients, whereas a neoantigen-targeting
TIL-ACT approach combined with pembrolizumab was reported
by Zacharakis et al. in a breast cancer patient. In these cases,
checkpoint inhibition therapy has indeed been shown to enable
the effector function of neoantigen-directed T cells once they
home in on the immuno-suppressive TME.

Excluded tumors: Neoantigen-driven therapeutics and
anti-angiogenic therapy

Immune-excluded cancers develop a dense stroma that pre-
vents infiltration of T cells and other anti-tumorigenic immune
cells. Consequently, the neoantigen-directed T cells induced
or reactivated by neoantigen-driven therapeutics or ICIs are
not able to reach the tumor. Combining neoantigen-driven ther-
apeutics or ICls with anti-angiogenic therapy, directed against
vascularization could, in these cases, facilitate tumor T cell infil-
tration.

Following encouraging preclinical studies, the combination of
anti-angiogenic therapy and therapeutic vaccines is currently
being investigated in clinical environments. However, so far, no
benefit has been reported in clinical phase Il studies.*® One
might expect that checkpoint inhibition could be needed in these
tumors to reactivate the exhausted T cells. This approach is sup-
ported by multiple studies testing ICI therapy combined with
anti-angiogenic therapy showing significant clinical benefit in im-
mune-excluded tumors.“*® So far, the most promising results
have been achieved in renal cell*”*® and hepatocellular carci-
noma*®; however, final outcomes of large phase Il clinical tests
for other indications are still to be observed.*%*"

Deserted tumors: Neoantigen-driven therapeutics and
ICD-induction therapy

Identifying efficient treatment options for immune-deserted tu-
mors will be critical, as immunotherapy options are limited for
these patients. Immunogenic cell death (ICD)-induction therapy
is one of the strategies being explored. Radio/chemotherapy
and oncolytic virotherapy both cause ICD, resulting in the
sudden release of different molecules. These involve cancer
antigens, damaged proteins, damage-associated molecular
patterns, and pro-inflammatory cytokines that attract and can
therefore trigger the immune system against cancer cells.®?
Furthermore, neoantigen-driven therapeutics have been shown
to have promise as well, and, consequently, combination thera-
pies could add further benefit to those patients.

Cytoreductive therapies reduce the tumor mass or eliminate
remaining cancer cells and metastases before or after surgery,
respectively. However, it was found to also create an in situ vac-
cine. It can also reduce the amount of suppressive immune cells
and it is described that this could increase vaccine efficacy.
Recently, Melief et al. reported prolonged survival rates in
cervical cancer patients following combined treatment with cyto-
reductive chemotherapy and therapeutic vaccination in an open-
label single-arm phase I/Il study.** The median OS of the treated
patients was 16.1 months, whereas 10-13.3 months had been
reported in previous studies treating patients with chemotherapy
only. A randomized trial should be performed to compare this
combination treatment—or triple therapy when adding a check-
point inhibitor—versus SoC to further investigate the modes of
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action and the true potential of adding vaccination to the combi-
nation therapy.

Neoantigen-specific response identification
The neoantigen-directed nature of personalized immunother-
apies provides a unique opportunity to improve our underst-
anding of therapeutically induced vaccine- and tumor-specific
immunity. Novel technologies and the advancement of standard
assays have vastly enriched the toolbox to assess vaccine-
induced immune responses—both in the peripheral blood and
the tumor—which are illustrated in Figure 2.
Immune assessments in the peripheral blood
Enzyme-linked immune absorbent spot (ELISPOT), multiplexed
intracellular staining, and antigen-specific major histocompati-
bility complex (MHC) multimers are now widely available to
assess frequencies, phenotypes, and function of vaccine-
induced T cell responses over time (ex vivo or after in vitro stim-
ulation). Bulk frequencies of T cells specific for individual vaccine
epitopes can be reliably measured by IFN-y ELISPOT, while
expression of activation markers, such as 41BB and the degran-
ulation marker CD107a, allow the assessment of activation sta-
tus and cytotoxic potential of vaccine-induced T cells. Bulk
TCR sequencing can also assess quantitative changes in T cell
clones. These tools can therefore provide valuable information
on the dynamics of circulating T cell populations, including neo-
epitope-specific T cells over time. Of note, comprehensive and
in-depth analysis of peripheral immune responses induced by
multi-neoepitope vaccines typically requires large numbers of
PBMC necessitating cell collection by leukapheresis.
Immunogenomic tools, including single-cell TCR sequencing
(scTCR-seq) and single-cell RNA-seq (scRNA-seq) of MHC-mul-
timer or IFN-y catch-sorted T cells, enable the dissection of vac-
cine-specific T cell responses on a clonal level and can provide
high-resolution information on the phenotypes and function of
these cells.”®°*> However, confirming the specificity of individual
TCRs to vaccine neoepitopes is currently still cumbersome and
resource intense. High-dimensional single-cell transcriptomics
of CD45" sorted immune cells in the peripheral blood over time
also allows in-depth characterization of immune cell populations
and subsets in the context of vaccination.
Immune assessments in the tumor
While the analysis of circulating T cell responses is highly infor-
mative, interrogating TILs and other immune cell populations in
the tumor after vaccination and linking this information to the
clinical context likely provides the most relevant information
with regard to the efficacy of a personalized neoantigen vaccine.
Tumor sample quantity and quality are often limiting; however,
new technologies allow the extraction of high-dimensional
information from small amounts of tumor material, such as
core biopsies. Multiplexed immunohistochemistry and immuno-
fluorescence approaches enable thorough characterization of
tumor immune infiltrates, including their spatial resolution from
FFPE samples. Changes in TCR clonotype frequencies of TILs
between pre- and post-vaccination time points can be assessed
using paired scTCR-seq on the fresh or fresh-frozen tumor core
biopsies allowing the tracking of individual clonotypes over time.
scRNA-seq provides information on the cellular states and func-
tion of T cells bearing the individual TCR clonotypes. scRNA-seq
also allows the dissection of the TME more broadly by providing
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Figure 2. Conventional assays and immunogenomics tools available for the analyses of neoantigen vaccine-induced immune responses in

the peripheral blood and tumor

information on the tumor and stromal cells, as well as individual
immune cell subsets in the context of vaccination. Information on
the geographic distribution of these different cell populations
within the tumor at single-cell resolution can be generated
through spatial transcriptomics approaches, such as Slide-seq
or high-definition spatial transcriptomics, which capture mRNA
from tissue sections onto a surface with DNA-barcoded micro-
particles with defined localization.*®

THE BIOINFORMATICS CHALLENGE

Although neoantigen-based cancer therapies are a promising
innovative approach to attacking and killing tumor cells, their
effectiveness is highly dependent on the identity and nature of
the selected neoantigens (Figure 1). Such neoantigens need to
abide by several conditions to be applicable. Firstly, they have
to be tumor specific to prevent off-target effects impacting a pa-
tient’s healthy tissues. Secondly, they need to be presented on a
tumor’s cell surface so that immune cells can recognize and kill
the associated tumor cell; and, finally, potent neoantigens must
be able to trigger an immune response—i.e., they need to be
immunogenic—when they are presented by MHC complexes
to TCRs associated with immune cells. Separating such neoan-

tigens from the complete set of tumor peptides in the patient is
no simple task in which multiple factors, such as the patient’s hu-
man leukocyte antigen (HLA)-type, tumor cell heterogeneity, and
intrinsic features associated with peptide processing, need to be
taken into account. In the next sections, all steps and corre-
sponding tools required to elucidate and prioritize the most
effective neoantigens are described in depth.

Current-standard neoantigen prediction wireframe

The standard neoantigen prediction setup consists of four steps:
raw sequencing data pre-processing, followed by HLA typing;
read mapping and variant calling; prediction of MHC binding
and presentation; and neoantigen prioritization and selection.
With the advent of next-generation sequencing and the ever-
decreasing sequencing cost, whole-exome sequencing (WES)
data for matched normal and tumor DNA is becoming routinely
available for cancer patients. Such data are the primary input
for any prediction pipeline. Whole-genome sequencing (WGS)
can be used instead of WES; it results in more sensitive and
robust variant calls but comes at a higher cost. WGS allows for
high-confidence screening of a larger potential source of neo-
antigens, such as gene fusion events and chromosomal
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Figure 3. lllustration of all necessary steps for optimal neoantigen prediction and selection
The four major steps include HLA-typing, read mapping and variant calling, MHC binding/immunogenicity prediction, neoantigen prioritization—using host-gene

expression and variant clonality assessment among others—and selection.

rearrangements, and it yields more reliable copy-number esti-
mates.”” Figure 3 depicts an overview of the steps required for
optimal neoantigen prediction and selection, while an overview
of all tools and software packages described in this section
can be found in Table 1 and Box 2. Other steps that can strongly
increase the breadth and precision of effective neoantigen dis-
covery are described in the five next sections below.

HLA typing

Neoantigens must bind to and be presented by MHC molecules
to elicita T cell-driven immune response. The HLA genes, coding
for these complexes, are highly polymorphic and patient spe-
cific. Actionable neoantigen prediction is therefore largely
dependent on the correct inference of the HLA haplotype.
Most of the pipelines focus on MHC class | (MHC-I) prediction
using DNA-derived sequencing data as input. Despite its impor-
tance, MHC class Il (MHC-II) prediction is less common in cur-
rent prediction pipelines (Section “MHC-II epitopes”). Although
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the highly polymorphic nature of the HLA gene region across
the population complicates HLA read mapping, some of these
tools can reach up to 99% prediction accuracy in comparison
with HLA-specific typing assays used in the clinic.’®*

Overall, most software tools for HLA-I typing show good per-
formance. The most commonly used packages include Opti-
Type'®® and PolySolver,®® but accuracies exceeding 95% have
also been reported for other packages, including HISAT-geno-
type, HLA*PRG, HLA-HD, HLA-LA, and xHLA (Table 1).61:64136=
38 RNA-seq data can also be used for HLA-typing, with well-
performing tools, such as ArcasHLA, Opti-Type, PHLAT, and
Seq2HLA (Table 1),°813%:139.140 glthough studies have shown a
lower performance compared with DNA sequencing.'*® In
contrast, an ensemble approach, where combining RNA- and
DNA-based HLA typing using several algorithms, further in-
creases precision and is recommended for automated pipelines.
A comprehensive overview of all HLA-I and HLA-II typing tools,
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Table 1. Overview of the HLA-typing, and MHC-I and -1l binding predictors 0
Overview of the HLA-typing predictors® m
Input requirement, application (MHC-I Accuracy values in the corresponding study (%), when using g
or -l) and resolution of the tool a specific (RNA/WGS/WES) input type for MHC-I or -II typing Study info m
MHC | MHC Il -
Input type Class Resolution* RNA WGS WES RNA WGS WES Year Reference o
ArcasHLA RNA 1&1 4 97.73-100 94.13 2020 Orenbuch et al.*® D
98.30 2021 Lee et al.”® =
99.40 98.10 2022 Claeys et al.®°
Athlates DNA 1&1 4 98.50 100 2016 Xie et al.®
HISAT-genotype 99.33 94.55 2020 Orenbuch et al.®
~100 ~100 2021 Liu et al.®
HLA*PRG DNA 1&1 6 99.50 83.30 98.07 93.00 2016 Xie et al.®
100 98.33 2018 Lee et al.®®
100 83.33 98.67 94.67 2019 Dilthey et al.®*
HLAforest RNA 1&1 4 4210 Shukla et al.®®
~70.00 ~70.00 2021 Liu et al.®®
84.20 61.30 2014 Bai et al.®®
HLA-HD DNA/RNA 1&1I 6 ~98.00 90.04 2021 Li et al.?”
94.10 2021 Lee et al.”®
~100 ~100 2021 Liu et al.®?
98.00 99.40 96.20 2022 Claeys et al.®”
HLA-LA DNA 1&1 6 96.00 2021 Lee et al.*®
94.40 96.70 2022 Claeys et al.®°
100 91.00 98.67 95.33 2019 Dilthey et al.®*
HLAminer DNA/RNA 1&1 4 43.80 Shukla et al.®®
~69.00 ~69.00 2021 Liu et al.®
52.80 2022 Claeys et al.®®
39.80 54.15 2014 Bai et al.®®
HLAProfiler RNA 1&1 4 99.50 2020 Orenbuch et al.*®
HLAscan DNA 1&1 4 74.20 2022 Claeys et al.?®®
HLA-VBSeq DNA 1&1 6 97.50 38.00 2016 Xie et al.®
~63.00 ~40.00 2021 Lietal.®”
~35.00 ~35.00 2021 Liu et al.® %
60.20 2022 Claeys et al.®°
Kourami DNA 1&1 6 ~82.00 ~60.00 2021 Li et al.?” (@)
72.10 2021 Lee et al.”® %
100 100 2018 Lee et al.”® -¥
98.67 91.67 100 96.67 2019 Dilthey et al.®* 8
(Continued on next page) (V)]
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Table 1. Continued

Overview of the HLA-typing predictors®

Input requirement, application (MHC-I

Accuracy values in the corresponding study (%), when using

or -l) and resolution of the tool a specific (RNA/WGS/WES) input type for MHC-I or -II typing Study info
MHC | MHC Il
Input type Class Resolution* RNA WGS WES RNA WGS WES Year Reference
Opti-Type DNA/RNA | 4 97.70 Shukla et al.®®
96.42 99.11 2021 Yi et al.?®
97.20 2017 Nam et al.®’
97.00 2016 Xie et al.®
95.40 2021 Lietal.®”
95.70-99.67 97.87 2020 Orenbuch et al.*®
89.40 2021 Lee et al.”®
99.20 98.00 2022 Claeys et al.®°
PHLAT DNA/RNA 1&1I 6 84.00 Shukla et al.®®
84.52 93.80 2021 Yietal.®®
85.60 2017 Nam et al.®’
81.85 87.70 85.45 87.30 2016 Xie et al.®
95.70 2020 Orenbuch et al.*®
93.00 2021 Lee et al.*®
95.40 98.90 2022 Claeys et al.®°
92.30 94.15 2014 Bai et al.®®
66.67 86.67 2018 Lee et al.®®
PolySolver DNA | 4 97.00 Shukla et al.®®
95.80 2021 Yi et al.®®
94.00 2017 Nam et al.®’
94.90 2021 Lietal.®”
94.90 2022 Claeys et al.®°
Seq2HLA RNA 1&1 4 62.10 Shukla et al.®®
91.07 2021 Yiet al.?®
96.17 2020 Orenbuch et al.”®
97.30 2021 Lee et al.*®
~80.00 ~80.00 2021 Liu et al.®
96.70 87.90 2022 Claeys et al.®°
~32.00 2014 Bai et al.®®
SOAPHLA DNA &Il 91.00 97.00 2016 Xie et al.®’
96.40 2013 Cao et al.®”
~80.00 ~84.00 2021 Li et al.®”

(Continued on next page)
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Table 1. Continued

Overview of the HLA-typing predictors®

Input requirement, application (MHC-I

Accuracy values in the corresponding study (%), when using

e 19oue)

or -Il) and resolution of the tool a specific (RNA/WGS/WES) input type for MHC-I or -1l typing Study info
MHC | MHC I
Input type Class Resolution* RNA WGS WES RNA WGS WES Year Reference
xHLA DNA 1&1 4 99.90 99.27 98.07 98.70 2016 Xie et al.®’
~93.00 70.80 2021 Li et al.?”
100 94.00 100 96.50 2019 Dilthey et al.®*
Overview of the MHC-I and -II binding predictors®
Performance (%) (AUC/PPV)
when applying the tool on a
specific benchmarking set Study info
Contents of the training set Modeling approach MHC class compatibility AUCReC AUCFR PPV Year Reference
MHC binding affinity predictors (trained on binding affinity data)
ARB Allele Scoring matrix I 0.91 2020 Paul et al.”*'
0.70 2009 Nielsen et al.?*?
0.72 2019 Liu et al.**®
0.72 2020 Heng et al.>**
~0.80 2020 Saxena et al.”*®
0.66 2017 Hu et al.?*®
DeepMHC Pan DCNN I 0.73 2017 Hu et al.>*®
DeepMHCII Pan DCNN I 0.86 2021 You et al.>™®
DeepSeqPan Pan DCNN I 0.74 2019 Liu et al.*®
0.74 2020 Heng et al.>**
DeepSeqgPanll Pan DCNN I 0.78 2021 Liu et al.*°
0.76 2021 You et al.?™®
Heng et al. Pan ANN I 0.72 2020 Heng et al.>**
KISS Pan SVM I ~0.90 2009 Zhang et al.'*®
0.73 2012 Zhang et al.’*®
MHC2pred Pan SVM I 0.59 2009 Nielsen et al.>*?
MHCAttnNet Pan ANN 1&11 0.89 0.94 0.97 2020 Venkatesh et al.>’
NetMHC Allele ANN I 0.93 2017 Bhattacharya et al.”*’
0.76 0.62 2020 Shao et al.?*®
0.98 2020 Paul et al.?*' %
0.76 2019 Liu et al.”* (@)
0.76 2020 Heng et al.?** 1]
0.82 0.90 0.95 2020 Venkatesh et al.>”’ E
0.51 2019 Boehm et al.**° ()
0.88 2018 Zhao et al.'™ %

(Continued on next page)

€10°0}'220z 119007

/91010 L/B10"10p//:50ny (2202) 1180 Jeoue) ‘sonnedelsy) psejoalip-usbilueosu Ul sebusiey) e 18 LeeqgAT :se sseud Ul sjoiue SIul 8)0 oses|d




€202 ‘6 Aenuer ‘[ |90 JooueD QL

Table 1. Continued

Overview of the MHC-I and -1l binding predictors®

Performance (%) (AUC/PPV)
when applying the tool on a

specific benchmarking set Study info
Contents of the training set Modeling approach MHC class compatibility AUCROC AUCPR PPV Year Reference
NMER Pan RF I 0.91 2021 Gartner et al.'>*
NN-align Pan ANN I 0.62 2019 Chen et al.”’
~0.80 2021 Liu et al.>*°
0.82 2009 Nielsen et al.?*?
0.91 2019 Zhao et al.’™°
OnionMHC Allele ANN I 0.83 2020 Saxena et al.”*®
PickPocket Pan scoring matrix I ~0.90 2009 Zhang et al."*®
0.80 2020 Heng et al.>**
0.80 2019 Liu et al.>*®
0.80 2018 Zhao et al.°
~0.82 2020 Saxena et al.”*®
RANKPEP scoring matrix 1&11 0.88 2020 Paul et al.**'
0.64 2009 Nielsen et al.”*”
SMM-align Allele scoring matrix I 0.64 2019 Chenetal.”’
~0.71 2021 Liu et al.>*°
0.73 2009 Nielsen et al.”*?
0.77 2019 Liu et al.>*®
0.77 2020 Heng et al.>**
0.87 2018 Zhao et al.’®°
0.71 2017 Hu et al.**®
Smmpmbed Allele SMM I 0.92 2017 =27
0.88 2020 Paul et al.?®'
0.84 2019 Liu et al.>*®
0.84 2020 Heng et al.>**
0.86 2018 Zhao et al.’®°
~0.81 2020 Saxena et al.”*®
TEPITOPE Allele scoring matrix I ~0.38 2021 Liu et al.>*°
0.59 2019 Chen et al."’
MHC presentation predictors (trained on ligandomic/MS data)
EDGE ANN I 0.37 2022 Mill et al.’®’
EPIP Pan scoring matrix I 0.52 2020 Weipeng et al.?*°
FIONA-P Pan CNN I 0.91 0.89 0.22 2022 Shietal."'*
ForestMHC Pan RF I 0.73 2019 Boehm et al.>*°

(Continued on next page)
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Table 1. Continued
Overview of the MHC-I and -1l binding predictors®

Performance (%) (AUC/PPV)
when applying the tool on a

) 19oue)

specific benchmarking set Study info
Contents of the training set Modeling approach MHC class compatibility AUCReC AUCFR PPV Year Reference
HLAthena Pan ANN I 0.77 2020 Saxena et al.”*®
MARIA Pan ANN I 0.89 2019 Chenetal.”’
0.87 0.84 0.33 2020 Shietal.""*
MHCflurry Pan ANN I 0.93 0.73 2020 Reynisson et al.’*
0.79 0.62 2020 Shao et al.”*®
0.93 2017 Bhattacharya et al.**’'
0.98 2020 Paul et al.?*'
~0.40 2021 Pyke et al.'*?
0.24 2020 Weipeng et al.>*°
~0.96 2019 Phloyphisut et al.***
0.83 2019 Liu et al.>*®
0.83 2020 Heng et al.>**
0.82 0.91 0.97 2020 Venkatesh et al.>*’
0.91 2018 Zhao et al.’®°
0.18 2022 Mill et al.’®’
0.76 2021 Gartner et al.”>*
MHCnuggets Pan ANN I 0.74 0.63 2020 Shao et al.?*®
0.93 2017 Bhattacharya et al.>*”
MHCSeqgNet Pan ANN I ~0.96-0.98 2019 Phloyphisut et al.?*?
MixMHC2pred Allele ANN I 0.81 2019 Racle et al.”%°
0.89 0.88 0.28 2022 Shietal."™*
0.74 2019 Boehm et al.**°
0.84 2018 Zhao et al.’®
0.93 0.77 2020 Reynisson et al.'®
neoMS Pan ANN I 0.61 2022 Mill et al."®’
NetMHCllpan Pan ANN I 0.73 2019 Racle et al.*%°
0.61 2019 Chen et al.”’
0.76 0.74 0.13 2022 Shietal."'*
~0.82 2021 Liu et al.>*°
0.89 2018 Zhao et al.®°
0.85 2021 You et al.?™°
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Table 1. Continued
Overview of the MHC-I and -1l binding predictors®

Performance (%) (AUC/PPV)
when applying the tool on a

specific benchmarking set Study info
Contents of the training set Modeling approach MHC class compatibility AUCRoC AUCPR PPV Year Reference
NetMHCpan Pan ANN I ~0.92 2009 Zhang et al.'*®
0.82 2012 Zhang et al.'*®
0.95 0.79 2020 Reynisson et al.'*
0.78 0.63 2020 Shao et al.”*®
0.93 2017 Bhattacharya et al.”*’
0.98 2020 Paul et al.”*'
~0.47 2021 Pyke et al.'®?
0.37 2020 Weipeng et al.>*°
~0.86 2019 Phloyphisut et al.”*?
0.76 2019 Liu et al.*®
0.76 2020 Heng et al.***
0.65 2019 Boehm et al.**"
0.87 2018 Zhao et al."®°
0.81 2020 Saxena et al.”*®
0.72 2017 Hu et al.**®
0.78 2021 Gartner et al.”>*
SHERPA pan GBDT I ~0.62 2021 Pyke et al.'*?

AUCRCC AUC under the ROC curve; AUCPR, AUC under the precision-recall curve; PPV, positive predictive value; DCNN, deep convolutional neural network; ANN, artificial neural network; CNN,
convolutional neural network; RF, random forest; SVM, support vector machines; GBDT, gradient boost decision tree.

*The number of digits with which a tool is able to predict an HLA type determines its resolution. Four-digit resolution means that HLA types are predicted up to the level of a synonymous DNA mutation
in the HLA coding region (e.g., HLA-A*02:101:01), while at six-digit resolution differences in non-coding HLA regions and changes in expression are reported as well (e.g., HLA-A*02:101:01:02N).
@HLA-typing tools are annotated by input type and type of HLA molecule for which they can be used. Where available performance/accuracy have been included for the specific input and HLA types.
PMHC-I and -II binding predictors are annotated by approach, i.e., the prediction model and the content of the training set—either a single (allele) or multiple (pan) HLA-alleles—and the type of MHC
molecule for which they can be used. Where available performance values (AUCR®C, AUCPR, and PPV) have been included. In the panel they are grouped based on the data they have been trained
on: binding affinity predictors were trained on binding affinity data, while presentation predictors were trained on ligandomics and/or MS data.
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BOX 2. Overview of the tools mentioned in section “ »

Tools are grouped by application (e.g., expression analysis, variant calling, etc.), and where possible a short description of the
applicability, the approach and prediction model used, and the performance values (AUC/accuracy) are included. HMM, hid-
den-Markov model; BMM, Bayesian mixture model; MLMDP, maximum likelihood mixture decomposition problem; BIC, Bayesian
information criterion; DPMM, Dirichlet process mixture model; LM, likelihood model; MCMC, Markov chain Monte Carlo; ANN, arti-
ficial neural network; SVM, support vector machine; LSTM, long- to short-term memory; CNN, convolutional neural network.
® Variant calling
1. Mutect2,”” SNV & small indel caling
. Strelka2,”""? SNV & small indel calling
. Varscan2,”® SNV, small indel, & CNV calling
. SomaticSniper,”* SNV calling
Lancet,”” small indel calling
EBCall,”® small indel calling
. Pindel,”” large indel & structural variant calling
8. GRIDSS,”® large indel & structural variant calling
® Peptide proteolysis prediction
1. NetChop20S,”® MHC-I, trained on in vitro digestion data
2. NetchomCterm,’® trained on MHC- ligand data
3. ProteaSMM,®° MHC-I, trained on in vitro digestion data
® TAP-associated transport prediction
1. TAPREG,®' SVM modeling
2. PREDTAP,* MHC-I, ANN, & HMM modeling
® Expression estimation
1. Kallisto®
2. Sailfish®
® Gene fusion identification
1. Pizzly,®® requires kallisto output
. FusionCatcher,®® Bowtie-based read-alignment followed by ensemble-based fusion identification
. STAR-fusion,®” identifies chimeric junctions using STAR-based split reads
. GFusion,®® TopHat-based read-alignment
. INTEGRATE,®® graph-based identification following read-alignment
CICERO,° read-alignment followed by two rounds of BLAT mapping
. JAFFA,°" Bowtie-based read-alignment followed by BLAT & Oases transcriptome mapping
8. Arriba,”” Based on the STAR aligner, can be used for other structural rearrangements as wel
® Alternative splicing detection
1. DEXSeq,”® exon-based
. EdgeR,’ exon-based
. SplAdder,®® event-based
Limma,®® exon-based
KeepMeAround,’” event-based
MAJIQ,® event-based
. AIDE,” event-based
8. SUPPA2,'% event-based
o Clonality assessment
. PyClone,'°" BMM & VAF-based modeling
. PhyloWGS, %> MCMC/BIC & VAF-based modeling
. Meltos,'°® Bayesian DPMM & VAF-based modeling
. SVclone,'®* Dirichlet process & VAF-based modeling
TUSV,'%® LM & VAF-based modeling
WEAVER, '°° Dirichlet process & VAF-based modeling
. PhyloSub, '®” DPMM & VAF-based modeling
. CloneHD,'°® HMM/BMM & VAF-based modeling
. SciClone, ' HMM/BMM & VAF-based modeling
. CaSpER,""° HMM & CNV-based modeling
. ExPANGS,""" CNV-based modeling
. THeTa,'"> MLMDP/BIC & CNV-based modeling
. TITAN,""® HMM & CNV-based modeling
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BOX 2. Continued

e pMHC-TCR/immunogenicity binding prediction

9. ATMTCR, '?? sequence-based (peptide, TCRa/p)

15. TCRFlexDock,'?’ structure-based, applies Rosetta

17. DynaDom,'?° structure-based (pMHC, Va/p)

tion (AUC = 0.73)

1. FIONA-I,""* MHC-II, sequence-based, CNN modeling

2. PRIME,""® combines MHC-I presentation & peptide-intrinsic TCR recognition

3. neolM,""® HC-I, sequence-based, random forest modeling (AUC = 0.88)

4. Repitope,’'” MHC-| & -II, sequence-based, linear contact modeling

5. pTuneos,''® MHC-I, sequence-based random forest modeling

6. Neopepsee,''? MHC-I, sequence-based, locally weighted naive Bayes modeling (AUC = 0.98)
7. NetTCR,'° sequence-based (peptide, TCRB), CNN modeling (AUC = 0.73)

8. TCRex, *! sequence-based (TCRp), random forest modeling

10. TCRdist,'?® HLA-2 specific, sequence- and structure-based (peptide, TCRa/B) (AUC = 0.72-0.82)
11. SwarmTCR, '** sequence-based (peptide, TCRa/p) (AUC = ~0.83)

12. SETE,'?® sequence-based (peptide, TCRB), gradient-boosting decision tree modeling (AUC = ~0.8)
13. ERGO,'*° sequence-based (peptide, TCRa/B), LSTM modeling (AUC = 0.70)

14. ERGO-II,"?® sequence-based (T cell and MHC type, peptide, TCRa/p), LSTM modeling (AUC = 0.70)

16. GLIPH,'?® sequence-based (TCRa/B), TCR clustering modeling

18. TCRpMHCmodels, '*° sequence- and structure-based (MHC, peptide, TCRa/p)

19. Dhusia et al.,"®" sequence- and structure-based, random forest modeling (accurace = 0.62)
20. Milighetti et al.,"®? sequence- and structure-based (peptide, TCRa/p) (AUC = ~0.70)

21. Riley et al.,"®* HLA-A2 specific, applies Rosetta and Monte-Carlo-based conformational sample and energy minimiza-

22. NetTCR2,'*® HLA-2 specific, sequence-based, CNN modeling (peptide, TCRa/B) (AUC = 0.89)

their required input type, and accuracy values in corresponding
comparison studies can be found in Table 1.

Next to allelic loss of HLA, aberrations in or reduced expres-
sion at HLA gene loci strongly impact neoantigen presentation
and often cause tumor immune evasion.®>'*! Thus, while prior-
itizing the predicted neoantigens, expression levels and muta-
tional events of HLA genes are often considered. PolySolver
can identify genetic changes at these loci, while the R package
LOHHLA elucidates HLA copy-number variations resulting in
loss of heterozygosity, as often observed in, e.g., lung cancer.'*’
Read mapping and variant calling
Following HLA typing, the sequencing reads are mapped on a
human reference genome, with an appropriate aligner. For
DNA- and RNA-seq, Burrows-Wheeler and STAR are frequently
used aligners.'*>*® This is followed by the characterization of
tumor-specific variants, which involves the screening of exome-
or genome-wide tumoral mutations, extended with all other
events known to affect the antigen repertoire of a tumor cell.
Most commonly, however, the focus is limited to single nucleo-
tide variants (SNVs), insertions, and deletions (indels). Often-
times it is crucial to also consider other types of tumor variants
that have been shown to result in neoantigens, as described
further in section “Challenging low-mutation tumors: digging
deeper”.

Indels frequently result in a shifted reading frame which heavily
impacts the ensuing peptides and thus deliver potentially higher
and more immunogenic epitopes than simple SNVs. Examples
of variant callers are Mutect2,”® Strelka(2),”" Varscan(2),”® and
SomaticSniper.”* Of these, the former two are best suited for de-
tecting SNVs at low allele fractions and provide the most reliable
calls as validated by Sanger sequencing (MuTect2, Strelka, Var-

14 Cancer Cell 41, January 9, 2023

scan2, and SomaticSniper showed validation percentages of
89.2%, 72.3%, 35.4%, and 32.3%, respectively).'** Further-
more, by supplying a set of germline variants and false-positive
mutations identified in normal samples, Mutect2 can filter out
non-somatic variants and sequencing and alignment artifacts.”"
Neoantigen binding affinity and presentation prediction
Presentation of the neoantigens on the patient’s MHC molecules
is crucial for efficient T cell recognition. All presentation predic-
tion models start by splitting the mutant protein into k-mer pep-
tides using a sliding window with peptide lengths commonly
ranging from 8 to 11 amino acids (AAs) for MHC-I. These are
fed into the prediction models that can be subdivided based
on the machine learning approach and the type of training
data. Linear regression-based models, such as PickPocket
and smmpmbec, assume that each AA residue contributes line-
arly to the binding affinity, while more recent methods rely on
more sophisticated neural networks.'°~*° Although the latter
requires more training data, they model the non-linear binding af-
finities between the peptide sequence and the MHC complex
better than linear regression.'*°

Two main strategies have emerged to address HLA diversity in
the context of presentation prediction. Allele-specific models
have been trained on data corresponding to a single HLA type.
While they usually perform very well on data matching the individ-
ual HLA types they were trained on, they underperform or even
cannot be used on HLA types absent from their training data,
such as rare or novel HLA types. In contrast, pan-HLA models
are trained on data obtained from multiple HLA types. As such,
they are able to learn cross-HLA type features important for neo-
antigen binding and are thus better equipped for predictions
involving previously unseen HLA types. Most of the commonly



j.ccell.2022.10.013

Please cite this article in press as: Lybaert et al., Challenges in neoantigen-directed therapeutics, Cancer Cell (2022), https://doi.org/10.1016/

Cancer Cell

used and more recently implemented models, such as MARIA,
MHCflurry, NetMHCpan, NMER, neoMS, and SHERPA, have fol-
lowed the latter approach, as can be seen in Table 1."481517154

Earlier algorithms were mostly trained on data obtained
through in vitro peptide-MHC binding affinity assays and did
not account for a number of factors potentially affecting peptide
presentation. These include peptide/MHC (pMHC) stability, pep-
tide degradation, intracellular processing, and transport. Overall,
this results in an increased level of false-positive peptide presen-
tation predictions as strong MHC binders can still result in low
presentation due to inadequate proteasomal degradation and
TAP-mediated transport. This was demonstrated by Bassani-
Sternberg et al.,'*®> who showed that only 10% of peptides
predicted as presented by this first generation of algorithms
can be found by mass spectrometry (MS) on the surface of the
cell.?>?*1%° For this reason, when using binding affinity-trained
models in prediction workflows, it is important to include tools
trained on in vitro proteasome digestion data, among others.
Examples include NetChop20S, NetChomCterm, and Protea
SMM for MHC-I-compatible peptide proteolysis.”® NetChop
Cterm—which is trained on in vivo MHC-I ligand data—generally
results in the most accurate predictions,”® while PRED™F and
TAPREG can be used for TAP-associated transport simu-
lations.®":5?

More recent methods include in vivo ligandome data,
generated from pMHC-I immunoprecipitation followed by
MS. As such, the overall peptide presentation process is consid-
ered at once, giving rise to more accurate presentation esti-
mates.'*’~"%° NetMHCpan4, MHCflurry, EPIP, EDGE, and
MHCnuggets are commonly used neoantigen presentation pre-
dictors.'*"~149:151.156 The former two show the highest accuracy
in presentation versus non-presentation classifications, with
area under the curve (AUC) values commonly exceeding 0.9 (Ta-
ble 1). However, initial results of novel methods, such as neoMS,
NMER, and SHERPA, seem to perform similarly well or even bet-
ter, but still need more comparative studies to better benchmark
them against the more established tools.'**"'**">" |n general,
consensus between methods is quite low, making decisions
based on consensus estimates from multiple predictors diffi-
cult."*® A general summary of the available MHC-I and MHC-I|
binding prediction tools is available in Table 1, showing the
type of data they are trained on (pan- versus allele-specific,
MHC-I versus MHC-II), the approach used, and the AUC or pos-
itive predictive values in the respective studies.

Neoantigen prioritization

The final step in any prediction pipeline is neoantigen prioritiza-
tion. Current assumptions indicate that MHC-I binding of the
neoantigen might be the strongest contributor to neoantigen
immunogenicity.'>® Hence, most prediction workflows assign
the highest weight to this parameter during prioritization. The
copy-number status, as well as the expression level of the HLA
alleles, to which the neoantigen is predicted to bind, can also
be considered for prioritization because lowly expressed HLA
genes will result in a limited presentation of the associated neo-
antigen.'®? In this context, neoantigens predicted to bind to mul-
tiple HLA alleles should receive a higher ranking. Other features,
such as proteasomal degradation and TAP-based transporta-
tion, have shown a marginal impact when using MS-trained pre-
diction models.'®"

¢ CellP’ress

A second aspect to consider during prioritization is the expres-
sion of the host gene harboring the mutation. This can be
achieved by performing an RNA-seg-based gene expression
analysis using commonly known tools, such as Kallisto, Salmon,
and Sailfish, among others.?>%41%2 Gene expression-based
filtering is important since, even if the mutation is present in
the tumoral DNA, the absence of or limited active transcription
of the host gene will inhibit the generation of mutated peptides
to be presented by the cell’'s MHC molecules. In this context,
protein quantification is equally important but more challenging
and less commonly established in current neoantigen prediction
pipelines.

Recently, the Tumor Neoantigen Selection Alliance published
a set of features and corresponding thresholds most significantly
contributing to neoantigen presentation and immunogenicity of
MHC-I presented peptides.'®® In addition to binding affinity
(<34 nM) and gene expression level (>33 TPM), it was found
that hydrophobicity and pMHC stability (>1.4 h) are correlated
with neoantigen presentation potential. For immunogenicity,
foreignness related to immunogenic tolerance and agretopicity
were identified as parameters with the highest impact, since
~50% of the elucidated immunogenic tumor epitopes in the
study were associated with either low agretopicity or high
foreignness.

Overview of publicly available prediction pipelines
Among the currently available neoantigen prediction pipelines,
several trends and core components can be observed (Figure 4).
The majority of the pipelines do not inherently perform
WES/WGS pre-processing and variant calling. Instead, they
rely on user-generated variant lists. Only pTuneos, TSNAD,
OpenVax, nextNEOpi, and TruNeo can process raw sequencing
input.''® 64187 |n contrast, a large number of workflows allow
RNA-seq pre-processing. Most often this relates to Kallisto- or
Sailfish-based analysis to prioritize neoantigens associated
with high expression of the host gene, with only a few pipelines
performing RNA-seqg-based read alignment and variant
calling.®%:%*

Most of the pipelines also implement HLA typing, often using
Opti-Type with individual implementations of PolySolver, HLA-
miner, SOAPHLA, and HLALOH.®>'3>141.168169 gnjy Neo-
episcope, neoPredPipe, and MuPeXI| expect a user-supplied
list of HLA alleles.'”®"'" With some exceptions, all pipelines
focus on SNVs and indels. NeoFuse, pVACtools, nextNEOpi,
INTEGRATE-NEO, and TruNeo can handle fusion events, while
ASNEO is compatible with splicing and intron retention
events.'®>167173175 yariant phasing is only integrated into
Neoepiscope and pVACtools, while approximately half of the
pipelines take foreignness into account.'”®'"* Finally, all pipe-
lines implement MHC-binding analysis, underscoring the
importance of this feature. All but one of the workflows apply
NetMHCpan for this; only NeoFuse uses MHCflurry exclusively,
while nextNEOpi applies both.'*”'#&167:173 MHC-II compati-
bility, however, is limited to neoANT-HILL, nextNEOpi, and
pVACtools.'®”'7*17¢ The inclusion of proteomic data and pep-
tide-related features is only performed by a selection of the
pipelines.’”*""® In addition to the publicly available pipelines
shown in Figure 4, other commercial and proprietary pipelines
implementing a significant portion of the discussed fea-
tures exist.
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Challenging low-mutation tumors: Digging deeper
Finding immunogenic neoantigens in TMB tumors is challenging.
It is therefore critical to consider the complete mutational
repertoire and identify as many disparate peptides as possible.
Indeed, Laumont et al. postulated that, although there are
clear indications that the immune system can drive successful
tumor elimination in tumors characterized by a low TMB, different
and more thorough neoantigen discovery methods are
required.1 "7 In this context, the inclusion of non-canonical variants
(see Box 3) isimportant and the need for tools that allow the detec-
tion of an antigen landscape as broad as possible is high. This
means exploring the domain of gene fusion events,'’® transpos-
able element activity, and neoisoforms.'”®'®® Tumor-specific
gene fusion events or transposable elementinsertion into the cod-
ing sequence of a host gene will strongly perturb the nucleotide
and peptide sequence of the corresponding gene, giving rise to
a potentially large number of tumor-specific neoantigens. The
same holds true for the generation of tumor-specific neoisoforms
due to, for example, altered splicing patterns or the use of alterna-
tive translation start codons. Altered proteasomal degradation in
tumor cells, on the other hand, can potentially generate protein
degradation products absent in normal cells due to differential
splicing patterns. In hematologic malignancies, taking into ac-
count immunoglobulin diversity and somatic hypermutation in B
cells might also increase the pool of potential neoantigens in tu-
mor types characterized by a low degree of mutations. '’
Indels, gene fusions, and splicing variants

The best-performing callers for small indels are Lancet, Strelka2,
and EBCall, the latter demonstrating the least sensitivity to
coverage variability.”>"% 182 For the identification of larger indels
(0.5-10 kb) and structural variants, Pindel and GRIDSS are
ideally suited.””"”® Gene fusions are a potent new neoantigen
source and have been reported to drive the development of

16 Cancer Cell 41, January 9, 2023

Cancer Cell

Figure 4. Overview of the currently available
neoantigen prediction pipelines (vertical) and
their focus points (horizontal)

Dark-shaded squares indicate that the corre-
sponding analysis has been implemented directly in
the pipeline (e.g., the pipeline directly calls Kallisto
for expression analysis), while lighter-shaded
squares indicate features where the pipeline relies
on results generated independently from the pipe-
line that needs to be supplied by the user when
running the pipeline (e.g., a list of gene expression
values).
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result in high false-positive rates, whic

performed could be addressed by only retaining pre-

dictions supported by multiple data types
or methods.
Alternative splicing events have been

shown to be 30% more common in tumors
thanin healthy samples and thus constitute another pool of poten-
tial new neoantigen candidates.'”® Splicing aberrations can be
detected using RNA-seq by means of DEXSeqg-, Limma-, or
EdgeR-based differential expression analysis or through special-
ized event-based tools, such as SplAdder, KeepMeAround,
MAJIQ, rMATS, AIDE, and SUPPA2.°4 190184185 Mehmood
etal. showed that, in general, all methods scored well, with overall
the exon-based methods, MAJIQ and rMATS, performing best in
the context of both precision and gPCR-based validation of iden-
tified events.'®®
Non-canonical variants
In addition to mutation-driven events discussed above, tumoral
alterations caused by aberrant expression should be examined
as well. This requires a further extension of the variant search
domain with non-canonical variants (see Box 3), such as tran-
scripts with alternative start codons, uncanonical open reading
frames (ORFs), and small ORFs (smORF), in for example long
non-coding RNAs and 5’ untranslated regions.'®”~'° These var-
iants are potentially more valuable targets than classical muta-
tions because they rather depend on the abnormal translation
of a normal, unmutated part of the genome. As such, the same
event is more likely to happen across several patients. Therefore,
the resulting aberrantly expressed tumor-specific antigens
(aeTSAs) are more likely to be shared, thus requiring a less indi-
vidualized therapeutic approach. Moreover, it has been shown
that non-mutated aeTSA events greatly outnumber mutated
TSA events.'””

Approaches integrating sequencing and MS ligandome data-
sets are essential for the inclusion of non-exonic variants in neo-
antigen prediction pipelines.'%'°%"°" However, MS is currently
still biased toward the elucidation of highly expressed peptides,
resulting in an underestimation of the number of MHC-presented
peptides.'®® Fortunately, approaches are being studied to
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BOX 3. Canonical versus non-canonical variants
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In biology, canonical refers to established or standard mechanisms or signaling pathways in normal cells, such as the known
splicing pattern or translation start site of a gene. In tumor cells or cells under stress, these features can sometimes be activated
or perturbed, resulting in aberrant transcript or protein structures, or mechanisms deviating from normal execution, most of the
time resulting in disease. Such events are referred to as non-canonical events. For example, translation initiation canonically starts
from an AUG start codon but, in some cases, non-AUG codons have also been shown to function as translation start sites. Trans-
lation starting from such non-canonical start sites will typically result in alternative peptide sequences. If this happens in tumor
cells, the resulting peptides are likely to be specific to these cells and could be used as targets for cancer therapies.

remedy this.'®>'°® Other newer technological developments,
such as Ribo-sequencing, allow us to verify non-canonical
gene expression to evaluate the expression of intronic regions,
and to discover alternative ORFs within known genes. MS, on
the other hand, could help reveal tumor-specific post-transla-
tional modifications and proteasome-generated spliced pep-
tides presented in vivo by MHC complexes.'**"%° The inclusion
of variants originating from non-canonical sources has the po-
tential to significantly increase the pool of TSAs. Unfortunately,
workflows to identify such variants are still less well established
and result in high degrees of false-positive hits. Thorough valida-
tion of the identified variants and more robust identification algo-
rithms are needed to increase the success rate of non-canoni-
cal- derived neoantigens before they can be routinely used in
clinical applications.

Genetic variability (clonality): Genetic heterogeneity

It is essential to select antigens representative of the whole tu-
mor, taking sub-clonality within the tumor and its metastases
into account. In this respect, multi-region sequencing of repre-
sentative biopsies is necessary to estimate if a given neoantigen
is expressed by all tumor cells. Gerlinger et al. reported that intra-
tumoral heterogeneity may foster tumor evolution, and indicated
the inadequacies associated with sequencing a single tumor
specimen as well as personalized therapy addressing only one
neoantigen.'®® In addition, it is essential to implement in silico
filtering to generate functionally important tumor alterations
(driver mutations) with high allelic fractions to increase the prob-
ability of selecting highly clonal epitopes.

To aid the selection of clonal mutations, while discarding sub-
clonal variants, various bioinformatics methods have been
developed. In general, clonal evolution assessment can be per-
formed using either copy-number changes or the variant allele
fractions (VAFs). VAF-based methods rely on the fact that sub-
clonal variants have lower fractions than clonal mutations in
bulk sequencing datasets. However, VAFs can be affected by
tumor purities and copy-number alterations (CNAs). As such,
VAF-based clonal evolution assessments largely depend on
the accuracy of CNA detection methods, such as PyClone,
PhyloWGS, Meltos, SVclone, TUSV, WEAVER, and Plylo-
Sub.'@"""%7 These methods apply the Dirichlet process, while
CloneHD and SciClone use hidden Markov and Bayesian
mixture models, respectively.'%®'%°  Copy-number-based
modeling of sub-clonal populations uses the fraction of reads
covering the alternative allele, which deviates from 0.5 in the
case of gains or losses, corrected for tumor purity and ploidy.
Methods applying this approach include CaSpER, ExPANndS,
THeTa, and TITAN."'>""3 Although benchmark studies are still

lacking, recent studies have shown THeTa and ExPANdS to
perform well.''>'%” CNAs and (sub)clonal mutations can also
be inferred from single-cell sequencing data; however, it should
be noted that, with single-cell data, one must consider potential
allelic dropout and lowly covered regions.'*®

In the clinic, multi-region biopsy sampling is often not feasible
due to the size or inaccessibility of the tumor. In these cases,
WES on liquid biopsies, complemented with sequencing of a
matching normal sample, may prove a promising alternative.'®®
Such an approach would enable the assessment of a patient’s
complete somatic tumor load in a simpler, less-invasive way, by-
passing the need for sub-clonality analysis.

MHC-II epitopes
The presentation of MHC-I-restricted tumor antigens by den-
dritic cells is necessary to activate CD8" T cells.>°® The latter
are highly efficient in recognizing and eradicating tumor cells
that present the tumor antigens for which they have been
primed.?®' This explains why there has been a long-standing
belief in the field that CD4™ T cells are not important for tumor
control given that the majority of solid tumors lack MHC-II
expression.”®? However, it has been shown that CD4* T cells
have both indirect and direct effector functions and that targeting
only MHC-I-restricted neoantigens could result in a suboptimal
anti-tumor immune response.

The observation that MHC-II-mediated pathways could have
a significant impact on current cancer treatments has triggered
the development of workflows capable of predicting MHC-II-
binding epitopes.”®® Unfortunately, these tools still show a
lower performance when compared with MHC-I-driven models.
This is largely because MHC-II molecules are heterodimeric
glycoproteins consisting of a highly polymorphic alpha and
beta chains. The higher number of HLA genes observed for
MHC-II (6 versus 3 for MHC-I) makes them much more variable
than MHC-I molecules. In addition, MHC-Il complexes have
open-ended binding grooves, allowing the binding of peptides
to be more variable in both length (13-25 AA for MHC-II,
compared with 8-15 AA for MHC-I) and sequence compo-
sition. #7294

As mentioned before, a crucial part of a neoantigen identifica-
tion pipelines includes the HLA-typing and MHC-affinity binding
prediction steps. Multiple tools are capable of typing both HLA-I
and HLA-II, including ArcasHLA, seg2HLA, HLA*PRG, HLAfor-
est, HLA-HD, HLA-LA, Kourami, xHLA, Athlates, PHLAT, and
SOAPTyping.SB,m,63,64,137—140,169,205,206 Among these, xHLA,
Kourami, HLA-LA, HLA-HD, and HLA*PRG perform best for
DNA input types according to multiple studies (accuracy
>90%-95%), while PHLAT, HLA-HD, and ArcasHLA show
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good accuracies on RNA (although here the number of compar-
ison studies is limited) (Table 1),58:61:63:64.187-139

Despite the large amount of experimental data, MHC-II-bind-
ing affinity predictors still fail in reaching adequate accuracy
levels. The overall impact of incorporating MS data in
these models is yet to be determined, but it is likely that
models trained on such data could result in improved accu-
racy.’?” As the secondary structure of peptides was reported
to play an important role in pre-processing prior to MHC-II-asso-
ciated presentation, structure-based models and better
delineation of binding footprints could further help refine
presentation and binding predictors.'**?°® Gurrently established
MHC-II-binding prediction tools apply either neural network-
based approaches (including NetMHCllpan, MixMHC2pred,
FIONA-P, MHCAttnNet, DeepMHCIl, MHCnuggets, MoDec,
MARIA, and NN-align)''*151:153:207.209-212 o jtilize scoring
matrices to assess binding (e.g., TEPITOPE, MHC2pred,
SMM-align, ARB, and RANKPEP).?"*?'" Qverall, the former
types of model are preferred, with FIONA-P, MARIA, MHCA
ttnNet, and MixMHC2pred all having AUC values well above
0.85 (Table 1)_114,151,207,209

Immunogenicity prediction

Immunogenicity assessment can be done in vitro through
ELISPOT assays (see section “Immune assessments in the pe-
ripheral blood”) in which cytokine production by antigen-specific
CD8* T cells is measured or by intracellular cytokine staining
(peptide-HLA multimer staining).?'® In vitro immunogenicity
assessment is an important tool, as over 90% of predicted neo-
antigens are estimated to be non-immunogenic.'®® However,
although novel and optimized screening approaches are being
explored,?'® these assays are generally time-consuming and
expensive, further lengthening the manufacturing time and
increasing the total production cost of the therapy. This high-
lights the need for novel, automated prediction approaches.

Research on in silico prediction of immunogenicity is still
largely lacking. Since only a limited number of epitopes have
been shown to elicit an immunogenic response, prediction accu-
racy could be improved by prioritizing dominant epitopes.?*°
Most prediction workflows try to enrich for truly immunogenic
neoantigen candidates by prioritizing predicted neoantigens
based on dissimilarity to self (Figure 4). This is based on the
observation that neoantigens, similar in sequence to native pep-
tides, are likely to be subjected to central tolerance, while neoan-
tigens without a native counterpart are more easily identified as
foreign by the immune system.

In addition to peptide pre-processing and MHC-binding affin-
ity, the peptide AA sequence is believed to significantly affect
pMHC-TCR recognition and interaction as well as the degree
of immunogenicity.’”®??" In addition, Capietto et al. showed
that the position of a mutation within the peptide is important
and that integrating this feature in neoantigen prediction pipe-
lines resulted in a better ranking of the immunogenic neoantigen
candidates.?” Other studies have reported immunogenic pep-
tides to be enriched in hydrophobic AA at TCR interaction sites
and the importance of AA weight, size, and charge in establish-
ing PMHC-TCR complexes.' %1323 This shows that modeling
pMHC-TCR interactions should be possible. Standalone tools
implementing such pMHC-TCR prediction models using known
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PMHC-TCR complexes include NetTCR(2), TCRex, ATMTCR,
TCRdist, SwarmTCR, SETE, and ERGO(-Il).20-124126.133.224
Other tools and pipelines model these interactions through
machine learning by using confirmed immunogenic and
non-immunogenic peptides as positive and negative training
sets, 7120121126 Exyamples are PRIME, neolM, Ineo-Epp, Repi-
tope, FIONA-I, pTuneos, and Neopepsee.''*"'9?>> Unfortu-
nately, because of limited validated pMHC-TCR interaction
data, most models are still insufficiently trained and often pro-
duce inaccurate predictions.

The aforementioned methods attempt to model pMHC-TCR
interactions based on the primary AA sequence of the peptide
(and the individual AA characteristics), often combined with
HLA typing and sometimes TCR sequence information. A better
approach might be to extend these features with the impact of
post-translational modifications on peptide structure and to inte-
grate these as a whole. Indeed, since peptide sequence and
individual AA characteristics largely contribute to secondary
and tertiary peptide structures, structure-based models could
help elucidate their impact on neoantigen immunogenicity po-
tential.’””"'*> Up to now, few attempts have been pursued,
e.g., TCRFlexDock, GLIPH, DynaDom, and TCRpMHCmodels,
and the models created by Dhusia et al., Milighetti et al., and
Riley et al.'?”~'32226 They generally rely on TCR, MHC, and pep-
tide features located in close vicinity to each other, such as the
TCR CDRS3a, and CDR3p that have been shown to interact
with the MHC-presented peptide in TCR-pMHC complexes.
The downside of these approaches is that they highly rely on
elucidated TCR-pMHC complexes, such as crystallographic
structures to model the interaction. Such structures are techni-
cally difficult and time-consuming to obtain, therefore high-qual-
ity data to train the algorithms are still lacking, resulting in limited
robustness and underperformance of structure-based binding
predictors. Structure-based predictors are currently still outper-
formed by sequence-trained models, with the latter achieving—
and depending on the test set sometimes exceeding—AUC
values of 0.9, while the former commonly reach AUC values
around 0.7 (Box 2). As such, more research and data are needed
to assess the accuracy of structure-trained binding prediction
workflows and improve adoption in neoantigen discovery
pipelines.'?’

Neoantigen selection

Neoantigen prioritization is the final step of the neoantigen dis-
covery process. It is crucial to filter out the unsuitable neoanti-
gens and retain only highly confident and actionable candidates.
For example, hundreds of high-affinity neoantigens can be pre-
dicted in a tumor sample, but peptide screens routinely detect
T cell reactivity against only a limited set of neoantigens per
tumor.'

In addition, it is expected that inclusion of subdominant neo-
antigens, i.e., antigens that require immunization as they do
not naturally induce an immune response, into any therapeutic
strategy will lead to a decreased selection of antigen loss vari-
ants.?’ This is of particular interest in the context of clonal tumor
evolution where targeting single dominant oncogenes results in
the development of multiple resistant clones,*” while targeting
multiple neoantigens may result in the downregulation of partic-
ular epitopes while others persist.'® Also, in the context of tumor
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heterogeneity and sub-clonality (Section “Genetic variability
(clonality): genetic heterogeneity”), it is essential to select a set
of well-represented alterations that cover most, if not all, pa-
tient’s cancer cells to prevent immune escape.

The size of the final neoantigen pool is another critical question
to address. Targeting multiple epitopes at once will lead to a
broader and potentially stronger immune response while limiting
the chance of outgrowth of tumor cells that reverted the targeted
alterations.??® In addition, improper target selection and inclu-
sion of falsely identified epitopes in therapy, as well as cross-
reactivity of the neoantigen-specific T cells with the non-mutated
version of the antigen, might not correctly redirect the immune
system against the tumor. This could potentially bring the im-
mune system toward imbalance.?*°

To weigh both factors, up to 20 neoantigens are commonly
selected for neoantigen-driven immunotherapy, taking a
cautious approach to maximize the true positive fraction of
immunogenic neoantigens for each patient. Nevertheless, the
optimal number of neoepitopes needed is still unknown.?*°

Conclusions

This review addresses bioinformatics and clinical challenges that
lie ahead for neoantigen-directed immunotherapy to unlock its
full potential. An overview of the necessary steps is illustrated
in Figure 1.

Neoantigen identification is therein a challenging task and
different hurdles need to be taken to select immunogenic epi-
topes. Correct identification seems to be essential either as a
target for cancer vaccination or to selectively expand reactive
T cells for ACT, or to predict responses toward ICls. Neoantigen
prediction has become more accurate over recent years and has
shifted to include new types of alterations, such as gene fusions,
splicing events, and non-canonical ORFs. Unfortunately, most
neoantigen prediction toolsets are still compromised by a large
number of false positives, unable to elicit an immunogenic
response, which diminishes the chances of therapy success or
makes the validation process a time-consuming and costly pro-
cess. An improved investigation and centralization of the
different translational datasets associated with historic and
future immunotherapies will help to shed more light on parame-
ters associated with highly effective neoantigens and successful
neoantigen-based treatments. More specifically, a better under-
standing of the mechanisms underlying neoantigen immunoge-
nicity will have a significant impact on therapy success rate.
For this, more extensive and accurately elucidated pMHC and
pMHC-TCR complexes are needed. Unfortunately, achieving
this is still expensive and labor-intensive since it requires crystal-
lographic analysis of every individual pMHC and pMHC-TCR
complex. In this context, more high-throughput methods
applying crosslinking on the complexes of interest followed by
proteolytic digestion and MS could already help elucidate impor-
tant contact regions in a faster and more cost-efficient way.
Incorporation of such interaction data into structure-based
pMHC and pMHC-TCR-binding affinity prediction models could
prove a major leap forward in improving neoantigen immunoge-
nicity modeling. Neoantigen prioritization could further be
improved by a more profound knowledge of a cell’s protein
and RNA degradation processes, which could help better delin-
eate the proteins that are likely to be expressed and presented at
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the cell’s surface using sequencing data alone. Finally, a more
sensitive identification of low(er) expressed peptides by MS will
likely enhance the elucidation of peptides arising from more
exotic artifacts, such as tumor-specific smORFs and post-trans-
lational modifications, thus further increasing the pool of poten-
tial neoantigens to be used for cancer therapy.

Aside from correct neoantigen identification, neoantigen-
directed immunotherapy faces several clinical challenges most
importantly tumoral heterogeneity. Three different immune types
exist, each exhibiting a distinct immune activity and response
profile. As a result, there are large differences in how tumors
behave, not only between cancer types but also within the
same tumor type and in individual patients with a particular
tumor type. The latter may in part explain why some cancer pa-
tients respond very well to immunotherapy, whereas others—
with the same tumor type—do not. Overall, it is imperative to
define the immune type of a patient’s tumor and to design the
treatment regimen accordingly. Combining immune profiling
with mutational profiling should become standard-of-care as
the idea of “one size fits all” has become outdated, prompting
a more personalized approach. By analyzing different immuno-
logical and mutational (bio)markers, the most appropriate ther-
apy can be selected for each patient. This also implies that we
should rethink how clinical trials are designed, as multiple clinical
trial failures can be attributed to suboptimal patient stratification
and selection. Also, not until recently, only patients having
completed their standard-of-care treatment could be enrolled.
This has significantly undermined clinical efforts since these pa-
tients have highly advanced disease profiles and are often close
to being out of treatment options. Since the approval of pembro-
lizumab in 2016 for first-line treatment of advanced lung cancers,
other indications have followed for ICls, changing the mindset
toward testing otherimmunotherapies in first-line advanced can-
cers as well. Another interesting approach concerns a novel set
of study designs that are used to increase trial efficiency by ac-
commodating the cancer subpopulation heterogeneity. Basket
trials, for instance, select patients across tumor types based
on a common biomarker for a single therapy, whereas umbrella
trials differentiate patients based on molecular subtypes of a sin-
gle cancer type and treat each of these subgroups with a
matched targeted treatment. Another design option, adaptive
platform trials, evaluates different therapy arms versus a com-
mon control arm, wherein new experimental arms can be added,
or therapy arms can be dropped for which (in)effectivity has been
demonstrated. Thus, these new trial platforms can increase effi-
ciency and offer a more effective approach as they can be
tailored to match the research objectives of different cancer
(sub)types.

Taken together, neoantigen-directed immunotherapy remains
promising. Although significant challenges remain to fully unlock
the potential of neoantigen-directed ACT and cancer vaccina-
tion, the knowledge obtained in recent years on tumor heteroge-
neity and its impact on treatment response should help to over-
come these challenges. This will allow the selection of the most
appropriate (combination) therapy as well as a more optimal
design of clinical trials. Better pMHC/TCR-binding models and
an increased understanding of neoantigen immunogenicity will
likely increase the robustness and efficacy of neoantigen-based
treatments further. Neoantigen-directed immunotherapy is thus
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expected to play a significant part in cancer treatment due to the
central role that neoantigens play in tumor development and
elimination, creating the potential to aid in making immuno-
therapy available for every patient, even for patients with diffi-
cult-to-treat solid tumors.
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