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Most recently, attention in cancer 
immunotherapy has shifted to neoantigen-based 
immunotherapies – immunotherapies which 
target neoantigens, patient-specific peptides 
found on the surface of tumor cells. These highly 
personalized immunotherapies promise to 
unleash the natural power of a patient’s immune 
system to recognize an individual patient’s tumor 
antigens and to destroy cancer cells.

Currently, the key limitation to developing 
successful neoantigen-based immunotherapies is 
the ability to accurately predict which mutations, 
out of the vast number that arise in each patient’s 
cancer cells, are most likely to produce clinically 
relevant neoantigens.

Here, we conduct a deep dive into the neoantigen 
prediction market to identify which developers 
have the best in silico neoantigen prediction 
platforms and explore how machine learning can 
be successfully harnessed to improve prediction 
algorithms. Three key metrics are used to 
compare prediction platforms, namely prediction 
capability, clinical trial readiness and system 
strength and the developers are ranked based 
on the best publicly available knowledge and 
information gained from a series of interviews 
with key opinion leaders. From this analysis it 
is clear that NEC OncoImmunity’s NEC Immune 
Profiler is the leading neoantigen prediction 
platform, followed by Gritstone Oncology’s EDGE.

Tumor cells share a majority of their DNA with 
healthy cells, but looking deeper, there are areas 
where tumor DNA is distinct. These differences 
can result in neoantigens, immunostimulatory 
peptides presented on the surface of tumor cells, 
that the immune system is able to recognize as 
foreign.

Neoantigens first became an attractive 
immunotherapy target after it was discovered that 
patients who respond to checkpoint inhibitors 
have T cell responses to neoantigens. The hope is 
that neoantigen-based immunotherapies will have 
the benefits of checkpoint inhibitors without their 
negative side-effects. Indeed, neoantigen-based 
immunotherapy is being touted, by many, as the 
next big breakthrough in cancer treatment.

Executive summary

Introduction

Anna Osborne, Principal Consultant
Sandy Tung, Senior Consultant
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Identification of neoantigens presents a 
challenge due to their nature – tumors typically 
have hundreds of mutations, but only a small 
percentage of those mutations result in 
neoantigens that are present on the cell surface 
and able to interact with T cells to induce an 
immune response. Identifying these bona fide 
neoantigens is a challenging task and developers 
are racing to build their own unique platforms fit 
for this purpose.

Approaches to neoantigen discovery can be very 
varied, but typically a number of key steps are 

in involved (Figure 1). The process starts with a 
routine clinical biopsy followed by next generation 
sequencing to profile each patient’s tumor to 
accurately identify the exact DNA mutations that 
are in the tumor cells but not in healthy cells. The 
next step is to try to determine whether peptides 
containing these mutations would be processed, 
presented and therapeutically relevant and this 
can be done in silico or using a wet lab approach. 
In the final step a personalized immunotherapy 
is manufactured, containing the relevant 
neoantigens, and administered back to the patient 
to induce a T cell response1.

Neoantigen identification

Figure 1: Neoantigen discovery process
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The in silico approach uses a series of algorithms 
to sift through the mutations identified in the 
sequencing data to predict those that are likely 
to lead to the generation of neoantigens. The 
algorithms use previously generated training 
data to develop their predictions. In contrast, 
in a wet lab approach, peptides corresponding 
to each identified mutation from a patient’s 
tumor are synthesized and tested in a laboratory 
setting to see if they have the characteristics of a 
neoantigen.

While proponents of a wet lab approach would 

argue that conventional in silico tools employ 
what amounts to no more than educated guesses, 
it is unlikely at the present time that undertaking 
extensive laboratory work on an individual patient 
basis is commercially feasible given the costs, 
resources and time involved. In addition, wet 
lab approaches can only measure pre-existing 
T-cell responses which miss the huge untapped 
potential of antigens that have the ability to 
induce clinically relevant responses but have been 
ignored by the immune system to date. As such, 
for the purpose of this report we have focused on 
in silico approaches to neoantigen identification.

A large number of players have jumped into the 
neoantigen prediction field and each has its own 
platform with its own inherent idiosyncrasies, 
strengths and weaknesses. In this analysis we 
aim to compare the platforms developed by key 
players. Most of the work in this field is being 
carried out by biotech companies who frequently 
claim to have the best platform based on analysis 
of publicly available datasets. As clinical trial 
results are not yet available a different approach 
is needed to benchmark these players.

The Parker Institute for Cancer Immunotherapy 
and the Cancer Research Institute launched the 
Tumor Neoantigen Selection Alliance (TESLA) 
in 2016. This global bioinformatics consortium 
includes scientists from the leading neoantigen 
research groups in academia, non-profit and 
industry. To assess the strength of their predictive 
platforms, their proposed neoantigens are 
evaluated through laboratory testing by TESLA 
and each participant receives feedback to inform 
and improve their predictions in the future. The 

In silico vs wet lab approach

Comparing in silico approaches to neoantigen prediction

“When you’re faced with a patient, you need to know how to quickly build your vaccine so you can’t really 
do a wet lab approach. You just don’t have the time to take out the tumor and identify peptides. You don’t 
really have the time to isolate tumor-infiltrating lymphocytes and look at their specificity. You need to then 

rely on in silico approaches based on the sequencing results.”
EU KOL
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results of this analysis are awaiting publication; 
however, the only way that companies would 
agree to participate is by remaining anonymous. 
While this publication should consolidate our 
understanding of the characteristics of a good 
platform, it will not publicly rank the developers 
against each other2.

Here we aim to achieve this by using three key 
metrics to compare the prediction platforms, 
namely prediction capability, clinical trial 
readiness and system strength. All companies 
developing in silico approaches to neoantigen 
prediction with a clinical asset in development 
were reviewed, as well as all companies in the 

TESLA consortium and a number of leading 
academic groups. Those with sufficient publicly 
available information were profiled and all ranking 
were made based on the best publicly available 
knowledge and information gained from a series 
of interviews with key opinion leaders.

The key output of the analysis is presented 
in Figure 2. From this it is clear that biotech 
companies have more advanced neoantigen 
prediction platforms compared to service 
providers and academic groups and that NEC 
OncoImmunity’s NEC Immune Profiler is the 
leading neoantigen prediction platform, followed 
by Gritstone Oncology’s EDGE3–22.

Figure 2: In silico neoantigen prediction platform rankings

*Neon Therapeutics has been retained as a separate entity despite its recent acquisition by BioNTech as the 
systems are still distinct.  
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The first key metric used in our analysis is 
prediction capability. It has been estimated that 
only 1–2% of mutations create immunogenic 
neoantigens that are clinically relevant and 
so the key question for neoantigen discovery 
is which mutations lead to mutated proteins 

that are processed into shorter peptides by the 
proteasome, loaded onto major histocompatibility 
complex (MHC) molecules, presented on the cell 
surface and able to interact with T cells to induce 
an immune response1 (Figure 3). 

Conventional prediction approaches only model 
specific steps involved in the antigen processing 
pathway and consequently have a poor hit 
rate. To increase the chances of identifying 
therapeutically relevant neoantigens it is prudent 

to model as many steps involved as possible. 
As such, in this analysis prediction platforms 
have been ranked by the extent to which they 
model the different steps involved in neoantigen 
formation.

Prediction capability

Figure 3: Key steps involved in neoantigen formation.

“I think probably the biggest challenge and limitation of the field is that we’re training our models on the 
little parts of the immune system that we think are important, but we’re not actually training predictive 

models on all of the other steps involved.”
US KOL
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Candidate neoantigen identification
To generate a list of candidate neoantigens, 
mutations in tumor cells must first be identified 
using variant callers and considerable effort 
has been put into improving identification 
approaches. Several developers use more than 
one variant caller to improve their chances of 
identifying mutations and NEON Therapeutics and 
NEC OncoImmunity take this a step further and 
use machine learning to combine an ensemble of 
variant callers3,4.

Predicting peptide processing
Once the mutations are confirmed to exist and 
be expressed, the platforms then generate a 
list of neoantigen candidates and consider the 
probability of successful internal processing 
prior to MHC binding. Internal processing is a key 
step to predict and multiple publicly available 
tools are now available to capture the specificity 
of proteasomes and to predict the cleavage 
sites that are targeted by different proteases. 
However, KOLs have been left unimpressed with 
these approaches and further work is required 
to enhance these tools. Companies, including 
Gritstone Oncology and NEC OncoImmunity, have 
focused on refining these algorithms and it is 
hoped that these efforts will improve the overall 
accuracy of their prediction platforms5-8.

Predicting MHC binding
Conventionally, platforms have focused on 
predicting the binding of candidate neoantigens 
to MHC molecules and algorithmic development 
and refinement of reference datasets are very 
active in this area. However, increasingly, there 
is an understanding that relying too heavily on 
this step and disregarding other steps, leads to a 

high rate of false positives. Thus, while it is agreed 
that this step is important, researchers are now 
increasingly looking to model additional steps in 
the antigen processing pathway.

Predicting MHC Class I and II presentation
T cells are involved in both detecting and killing 
cancer cells, as well as coordinating immune 
responses and T cells can be classified into two 
major subsets, CD4+ T cells and CD8+ T cells, 
based on cell surface expression of CD4 or CD8 
glycoprotein. T cells recognize neoantigens 
presented by the MHC on the surface of tumor 
cells using T cell receptors (TCRs). There are two 
classes of MHC molecule, Class I and Class II, that 
activate CD8+ and CD4+ T cells, respectively and 
each person expresses a distinct combination of 
Class I and Class II MHC molecules.

Most studies have focused on the neoantigen 
reactivity of CD8+ T cells because of their capacity 
to directly kill tumor cells and because many 
tumors lack expression of MHC Class II molecules. 
It is now evident that CD4+ T cell activity can 
also be elicited in response to tumor mutations 
although, at present, it is unclear by which 
mechanism(s) neoantigen-specific CD4+ T cells 
contribute to tumor control.

In silico prediction platforms initially focused 
on MHC-I binders and algorithms for predicting 
MHC-II binders lagged. However, due to increased 
understanding of the importance of Class II, a 
number of the developers, specifically, BioNTech, 
EpiVax, Gritstone Oncology, NEC Oncolmmunity, 
Neon Therapeutics and Personalis are now 
including algorithms to model MHC II binding in 
their platforms4,6,9-11.
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Predicting cell surface presentation
A key step to predict is whether a peptide-
MHC complex is presented on the tumor cell 
surface and research is increasingly looking to 
mass spectrometry (MS) to provide data with 
which to train prediction models for this step. 
Surface bound peptide-MHC complexes from 
a tumor or tumor cell-line can be purified by 
immunoprecipitation and identified using MS. 
Gritstone Oncology and NEC OncoImmunity are 
two companies using this approach on a large 
scale6. 

Gritstone Oncology’s EDGE platform has used 
this approach to analyze over 300 resected 
tissue specimens, spanning lung, colon, 
ovarian and gastric cancers from patients of 

various ancestries. Each tumor specimen yields 
thousands of peptide-MHC complexes and the 
total dataset has now grown to over one million 
MHC presented peptides. By directly examining 
peptides that are eluted from peptide-MHC 
complexes identified in vivo, predictive models 
can capture features unique to presented 
peptides and this extensive dataset can be used to 
train a prediction model5.

A similar approach has been undertaken by NEC 
OncoImmunity. The NEC Immune Profiler predicts 
MHC bound peptides presented on the tumor cell 
surface through an integrated machine learning 
algorithm trained on vast amounts of MS, binding 
affinity and other data.

“From the work that’s been published it seems that when people have been vaccinated with neoantigens a 
CD4+ T cell response is built, even though they originally developed their target for CD8+ T cells, so it seems 

that the CD4+ T cells are important.”
US KOL

“I think if I was forced to choose to make a vaccine consisting exclusively of Class II or Class I epitopes, I’d 
go for Class II, the importance of CD4+ T cells that see Class II in anti-tumor immunity is becoming more 
and more recognized, but, an ideal vaccine, of course, would contain both Class I and Class II antigens.”

EU KOL

“The tools to predict whether potential peptides bind to the MHC of the patient are fairly robust. What we 
don’t know is whether those peptides are actually really presented or not.”

AU KOL
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MHC molecules are encoded by genes of the 
HLA locus which is highly polymorphic in nature 
and the resulting MHC molecules have different 
peptide binding preferences, mainly due to 
variation at anchor positions within the MHC 
binding groove. Due to this polymorphism an 
individual patient’s HLA genes must be sequenced 
before a platform can model which of the patient’s 
MHC subtypes each peptide is most likely to be 
presented by.

HLA specific tools often only evaluate the most 
common alleles. An additional benefit of using a 
MS approach is that the approach is agnostic to 
HLA. A pan MHC antibody can pull down any MHC 
molecule and so this approach allows researchers 
to look at a wide range of different HLA alleles. 

In addition, as HLA alleles are derived from each 
other, they can be very closely related and in 
looking at related HLA alleles, commonalities in 
their binding specificities can be seen. As such, 
HLAs can be grouped together in supertypes 
and pan-specific methods can be used to 
predict binding to MHC subtypes for which no 
experimentally determined peptide-binding 
measurements are available.

Companies such as NEC OncoImmunity and 
Gritstone Oncology are taking a pan HLA approach 
and are therefore not limited to the common 
HLA allele subtypes which should improve the 
accuracy of their predictive algorithms and make 
these approaches suitable for patients from a 
wide variety of ancestries6.

Predicting immunogenicity
A key challenge is to predict which neoantigens 
have the ability to bind a TCR and elicit a T-cell 
mediated immune response. This is increasingly 

considered to be the key limiting step in 
neoantigen screening and currently this critical 
step of TCR binding and activation is being largely 
overlooked.

“If you had to do elutions and predictions and refine algorithms for each HLA allele, I think that would be a 
humongous task. If you can somehow cluster them together in supertypes, and sometimes you can, that’s a 

huge advantage.”
EU KOL

“I think the biggest unmet need is to go beyond the ability of a new antigen to bind to a particular MHC and 
to start to address what is the likelihood that a particular peptide-MHC complex can prime an immune 

response in a particular patient, that the patient has the right T-cell receptor repertoire to recognize that 
particular epitope.”

US KOL
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Several prediction platforms, such as those 
developed by BGI, OpenVax and pVACtools, still 
disregard this step entirely, but others are starting 
to tentatively consider it. Research in this area has 
built upon expertise obtained in the infectious 
disease field and one approach has been to assess 
candidate neoantigen similarity to known antigens 
and similarity to self. For instance, a key attribute 
of EpiVax’s Ancer system is the JanusMatrix tool 
which triages out any epitopes that are highly 
conserved with self-epitopes and therefore 
unlikely to be recognized by the immune system, 
as well as epitopes highly conserved with human 
commensal- or pathogen-derived sequences that 
may cross-react with T cells raised over the course 
of an individual’s immune history9.

However, even after taking tolerance mechanisms 
into account, not all well-presented peptides 
are strongly immunogenic, suggesting the 
existence of peptide features that influence T cell 
recognition independently of peptide processing 
and presentation. Research in this field is still in its 
infancy, but differences in non-anchor residues, 
peptide size and amino acid composition (i.e., 
aromatic residues) have all been associated with 
immunogenicity. In addition, peptide-HLA stability, 

measured by biochemical assays, has also 
been proposed as a parameter to discriminate 
immunogenic from non-immunogenic peptides, 
although the predictive value of this tool is still 
controversial. 

The more advanced platforms, such as those 
in development by Agenus, Medgenome, Neon 
Therapeutics and NEC OncoImmunity, have the 
ability to integrate immunogenicity data into 
their algorithms. However, the quality of such 
algorithms depends heavily on the size of the 
available datasets, and unlike datasets that 
describe MHC binding, datasets that describe 
immunogenicity of neoantigens are still very 
modest in size4,12,13.

Key to developing a robust database to test 
immunogenicity will be access to vast quantities 
of data identifying mutations that lead to 
immunogenic neoantigens, but also crucially 
mutations that don’t and often this second and 
critical piece of data is not made available publicly. 
A key differentiator of platforms moving forward 
will be the extent to which they are able to 
capture and model the immunogenic potential of 
candidate neoantigens.

“One of the biggest challenges is trying to predict the full three-part peptide MHC TCR recognition. I think if 
we could computationally model that, that would be really useful and right now we can’t really do it at all.”

US KOL

“What we really lack is a really good database that shows the neoantigens that have been shown to result 
in tumor rejection, and then ones that don’t.”

US KOL
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Overall, whilst all developers included in this 
analysis openly acknowledge the importance of 
modeling as many steps in the antigen processing 
pathway as possible; some developers are 
at a more advanced stage than others. NEC 

OncoImmunity, Neon Therapeutics, Gritstone 
Oncology and Personalis, in particular, are leading 
the way, while some of service providers such as 
BGI and Seven Bridges, as well as the academic 
groups, are lagging behind.

“People don’t always publish, and don’t always deposit all the various neoepitopes they looked at that 
didn’t work, but we need this information to make accurate predictions.”

US KOL

“The power of companies is that ultimately they will have these enormous databases 
of very useful information.”

AU KOL

The second key metric in our analysis is system 
strength and this metric considers the extent 
to which developers are building their own 
proprietary datasets and tools, particularly 
machine learning (ML) tools, with which to train 
neoantigen prediction models.

Proprietary data
To improve the accuracy of prediction models 
a greater volume of training data is required, 
particularly for modelling peptide presentation 
and immunogenicity. Most of the biotech 
companies included in this analysis have an 
advantage over the academic groups and service 
providers in that they have access to, or are 
building, additional and complementary datasets 

to those available in the public domain.

For instance, Achilles Therapeutics’ PELEUS 
platform has been trained using exclusive 
commercial access to TRACERx, the largest ever 
longitudinal study of tumor evolution in lung 
cancer14. It is the most extensive and highest 
quality bioinformatics data set of its kind globally 
and is more than three times larger than the 
largest publicly available comparator. In addition, 
companies including Gritstone Oncology and NEC 
OncoImmunity are building large internal datasets 
of MS data obtained by eluting peptide-MHC 
complexes directly from the surface of tumor cells 
or tumor cell lines6.

System strength
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Proprietary tools
Access to proprietary tools with which to train 
prediction algorithms, that are more advanced 
than publicly available offerings, also offer 
developers an advantage. ML, a form of artificial 
intelligence that enables a system to learn from 
data, is playing an increasingly critical role in 
neoantigen prediction. ML algorithms find natural 
patterns that cannot be detected any other way 
and it is an approach that is expected to be used 
more and more in this field due to vast amounts 
of data that need to be analyzed. 

Several companies have developed their own 
ML tools to predict certain steps in the antigen 
processing pathway, for instance BGI have 

developed a patented PSSMHCpan algorithm for 
peptide-MHC binding15,16. However, only a small 
number of companies have extensively developed 
their ML approaches. One such company is NEC 
OncoImmunity and its powerful platform, the NEC 
Immune Profiler, is able to model all of the steps 
in the antigen processing pathway using a novel 
machine learning approach8.

From our analysis, we consider Agenus, 
Gritstone Oncology, NEC Oncolmmunity and 
Neon Therapeutics to have platforms with the 
strongest systems due to their access to large 
datasets, proprietary tools and machine learning 
approaches.

“At the last Neoantigen Summit there was a talk from someone at the Parker Institute, who runs TESLA, and 
he painted a pretty sobering picture. They worked with the various companies building these algorithms 

and none of them were good enough. The  message was that everyone needs to get back into their wet labs 
and use that information to really improve prediction algorithms.”

EU KOL

“I think that it is likely that machine learning will play a greater and greater role in neoantigen prediction.”
US KOL

“I think companies are increasingly using machine learning at different steps just because of the huge 
bodies of data that they’re dealing with.”

EU KOL
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“Once we start to have clinical data, that will really help, not just in narrowing the field and showing 
what works, but also the information we get is going to help our understanding of what constitutes a 

good epitope.”
US KOL

The third key metric used in this analysis is clinical 
trial readiness and this encompasses not only 
current clinical progress but also the commercial 
strengths and weaknesses of the prediction 
technologies and the companies developing them.

Clinical progress
Recently there has been a rapid expansion in 
the number of early-stage clinical trials using 
neoantigen vaccine platforms, and as efficacy 
outcomes are not available, developmental 
progress must be used as a marker of success. 
Several players, including BGI, Medgenome, 
Personalis and Seven Bridges operate as service 

providers and are not developing neoantigen-
based assets in-house or through partnerships. 
However, the biotech companies Achilles 
Therapeutics, Agenus, BioNTech, Gritstone 
Oncology, NEC OncoImmunity and Neon 
Therapeutics have all advanced personalized 
neoantigen therapeutics into early-stage clinical 
development. Indeed, BioNTech has initiated 
clinical development of more than one asset. 
While clinical testing is not in itself a guarantee of 
success, it is a sign that a developer is heading in 
the right direction and critically clinical testing will 
yield data that can be used to refine prediction 
algorithms.

Commercial focus
For neoantigen-based immunotherapies to be 
commercially viable, it will be critical to minimize 
the time it takes to select neoantigens and for 
the selection process to be as automated as 
possible. Although all platforms included in this 
analysis use an in silico approach, the time taken 
to complete the process of neoantigen prediction 
and selection varies, and some platforms are less 
automated than others.

For instance, Medgenome’s approach 
incorporates a final in vitro validation step and 
BioNTech hold a tumor board meeting to select 
the final peptides11,13. From a commercial 
standpoint any delay is undesirable and expert 
panels introduce subjective bias. As such, 
ultimately it would be preferable to develop 
algorithms that are so good that they don’t need 
to be validated or vetted at the end.

Clinical trial readiness
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As this is an emerging field, most of companies 
operating in this space have been recently spun 
out of academia and therefore they have limited 
experience conducting clinical trials, never mind 
developing a commercial product. There is the 
potential that some developers will be held 
back by gaps in their knowledge and expertise. 
BioNTech and Gritstone Oncology hope to have 
circumvented these concerns by partnering with 
big pharma, specifically Genentech (Roche) and 
Merck & Co. respectively.

From a commercial standpoint NEC 

Oncolmmunity is in a strong position. NEC has 
considerable experience in IT systems, data 
handling and data security. In addition, the NEC 
Immune Profiler has been awarded CE marking, 
a certification mark that indicates conformity 
with health, safety, and environmental protection 
standards8. 

From our analysis it is apparent that NEC 
OncoImmunity, BioNTech and Gritstone Oncology 
have the most clinically ready platforms, and this 
will help to future-proof their prediction systems.

“I think one of the huge challenges is the turnaround time, there’s a long waiting period before the patient 
receives their treatment.”

US KOL

With rapid advances across many relevant 
fields, we are entering a new era of cancer 
immunotherapy in which a sophisticated vaccine 
loaded with patient-specific neoantigens is poised 
to generate a powerful yet precisely targeted 
antitumor immune response.

However, predicting and prioritizing neoantigens 
is a complicated process that involves many 
computational steps, each with individualized, 
adjustable parameters and it will be critical to get 
these steps right in order to see positive clinical 
outcomes.

Conclusion
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