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Mutation position is an important determinant for
predicting cancer neoantigens
Aude-Hélène Capietto*, Suchit Jhunjhunwala*, Samuel B. Pollock, Patrick Lupardus, Jim Wong, Lena Hänsch, James Cevallos, Yajun Chestnut,
Ajay Fernandez, Nicolas Lounsbury, Tamaki Nozawa, Manmeet Singh, Zhiyuan Fan, Cecile C. de la Cruz, Qui T. Phung, Lucia Taraborrelli,
Benjamin Haley, Jennie R. Lill, Ira Mellman, Richard Bourgon, and Lélia Delamarre

Tumor-specific mutations can generate neoantigens that drive CD8 T cell responses against cancer. Next-generation
sequencing and computational methods have been successfully applied to identify mutations and predict neoantigens.
However, only a small fraction of predicted neoantigens are immunogenic. Currently, predicted peptide binding affinity for
MHC-I is often the major criterion for prioritizing neoantigens, although little progress has been made toward understanding
the precise functional relationship between affinity and immunogenicity. We therefore systematically assessed the
immunogenicity of peptides containing single amino acid mutations in mouse tumor models and divided them into two
classes of immunogenic mutations. The first comprises mutations at a nonanchor residue, for which we find that the predicted
absolute binding affinity is predictive of immunogenicity. The second involves mutations at an anchor residue; here, predicted
relative affinity (compared with the WT counterpart) is a better predictor. Incorporating these features into an
immunogenicity model significantly improves neoantigen ranking. Importantly, these properties of neoantigens are also
predictive in human datasets, suggesting that they can be used to prioritize neoantigens for individualized neoantigen-specific
immunotherapies.

Introduction
Tumor-specific mutations can generate neoantigens if peptides
containing the mutation are presented on the surface of tumor
cells by MHC class I (MHC-I) molecules and are recognized by
T cells as neoepitopes. These neoepitopes have the potential to
be highly immunogenic, because they have never been seen
by the immune system and thus never subjected to central
tolerance.

Recent studies have shown that neoepitopes drive effective
CD8 T cell responses in cancer patients. Neoantigen-specific CD8
T cells expand in response to checkpoint blockade im-
munotherapies (Rizvi et al., 2015; Snyder et al., 2014), and high
neoantigen or mutation burden is generally predictive of re-
sponse to checkpoint blockade (Hellmann et al., 2018; Le et al.,
2015; Nathanson et al., 2017; Rizvi et al., 2015; Snyder et al.,
2014; Van Allen et al., 2015). Finally, adoptive transfer of tumor
infiltrating T lymphocytes recognizing neoantigens has been
shown to mediate tumor regression in patients (Tran et al.,
2014, 2016; Zacharakis et al., 2018). These studies present a
strong rationale for developing immunotherapies targeting
neoantigens, including vaccines.

The vast majority of somatic mutations in cancer are unique to
each patient and thus require the design of an individualized
vaccine tailored for each patient. Recent advances in next-
generation sequencing have enabled the rapid identification of
somatic mutations and make such individualized therapies feasi-
ble. One challenge, however, is the accurate identification of im-
munogenic neoantigens. Only a small fraction of mutations are
processed into peptides, presented on MHC-I, and recognized as
foreign by the immune system (Capietto et al., 2017). Computa-
tional predictions have been successfully used to identify neoan-
tigens that elicit T cell responses in preclinical models (Duan et al.,
2014; Gubin et al., 2014; Yadav et al., 2014), as well as in human
vaccination studies (Carreno et al., 2015; Ott et al., 2017; Sahin et al.,
2017). To a great extent, these computational methods predict
neoantigens based on the predicted binding affinity (BA) of the
mutated peptides to MHC-I molecules. Since the BA of a peptide to
MHC-I plays an important role in determining its presentation to
CD8 T cells, the approach is conceptually attractive. In fact, early
studies demonstrated that viral peptides with high affinity to
MHC-I tend to be more immunogenic (Sette et al., 1994a,b).
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The current success rate of neoepitope predictions remains
poor, however, primarily because methods do not accurately
take into account a variety of other features that can influence
the functional presentation of mutant peptides, such as intra-
cellular protease activity, antigen expression level, and T cell
receptor repertoire. Studies have also suggested that peptide/
MHC-I stability may be a better predictor of immunogenicity
than peptide affinity (Harndahl et al., 2012; Strønen et al., 2016;
van der Burg et al., 1996).

Another important determinant of immunogenic potential
is the binding of the presented peptides to the TCR. The af-
finity of the TCR for the peptide/MHC-I complex has been
shown to impact immunogenicity, and several studies have
identified that immunogenic microbial peptides are enriched
for residues with certain physicochemical properties at TCR
contact residues (Calis et al., 2013; Chowell et al., 2015). In
addition, it has recently been proposed that mutant peptides
with sequence homology to immunogenic microbial epitopes
may be recognized by cross-reactive T cells and therefore are
more likely immunogenic (Balachandran et al., 2017; Łuksza
et al., 2017; Snyder et al., 2014). Finally, the MHC-I peptide
must be recognized as foreign by the immune system. The
majority of cancer mutations result from a single amino acid
substitution that may not always be sufficient for the immune
system to distinguish the mutant peptide from its WT (self)
counterpart. Indeed, our earlier study suggested that mere
presentation of mutated peptides was insufficient for immu-
nogenicity, and that peptides with mutations predicted to be
in contact with the TCR, and thus more recognizably different
from the WT counterpart, are more likely to be immunogenic
(Yadav et al., 2014). Alternatively, mutations that increase
peptide BA to MHC-I in comparison to the WT counterpart
may be more likely to be immunogenic if they result in a bona
fide presentation of novel epitopes not previously seen by the
immune system. Duan et al. (2014) identified the differential
agretopic index, i.e., the difference in predicted MHC-I BA
between WT and corresponding mutant peptides, as a supe-
rior predictor of antigenicity compared with the predicted
absolute affinity of a candidate neoepitope. Other more recent
studies have also suggested that neoepitopes with increased
affinity for MHC-I in comparison to the WT counterpart may
be more immunogenic (Balachandran et al., 2017; Łuksza
et al., 2017). In this study, we aimed to further characterize
the properties of immunogenic neoepitopes and found that it
is possible to significantly refine the predictive power of
peptide BA data by incorporating a more precise view of how
individual mutations may or may not alter interactions with
MHC-I molecules.

Results
Assessing immunogenicity of neoantigen candidates in
mouse models
We performed whole-exome sequencing and RNA sequencing
(RNA-seq) on four mouse tumor cell lines (MC-38, TRAMP-C1,
EMT-6, and CT-26) to identify single nucleotide variants with
evidence of expression of the mutated alleles (Fig. 1 A and Data

S1). We then selected 416 mutations across the four cell lines that
may generate neoantigen candidates based on scanning all 8–11-
mer peptides containing a mutated residue and predicting their
BA to the MHC-I alleles of the mouse strain from which the cell
lines were derived (Fig. 1 A). We identified a total of 409 unique
long peptides that harbored the mutation in the middle across
the fourmouse tumor cell lines and tested their immunogenicity
by immunizing healthy mice with synthetic long peptides (SLPs)
in combination with two adjuvants, polyinosinic:polycytidylic
acid (poly(I:C)) and agonistic anti-CD40 antibody (Fig. 1 B).
These 24-mer SLPs require internalization and proteasome-
dependent processing by dendritic cells for efficient presenta-
tion on MHC-I to T cells (Rosalia et al., 2013). Antigenicity was
assessed by IFN-gamma release following in vitro restimulation
of CD8 T cells (CD4-depleted splenocytes; Fig. 1 C) with the
mutant SLP by ELISpot assay and/or MHC-I/peptide multimer
staining of CD8 T cells (Fig. 1 B). Neoantigens from 40mutations
out of the 409 predicted candidates induced CD8 T cell responses
(Fig. 1, A and D–F). These results confirmed that a large majority
of candidate neoantigens, as predicted by BA alone, are not an-
tigenic with this vaccine, consistent with previous observations
(Gubin et al., 2014; Kreiter et al., 2015; Ott et al., 2017; Sahin
et al., 2017; Yadav et al., 2014).

For 39 of 40 antigenic mutations, we assessed the immuno-
genic potential of the predicted optimal neoepitopes (i.e., of the
subsequence of the mutant SLP that achieved the optimal
binding prediction) by using synthetic short peptides (SSPs) in
an in vitro T cell restimulation assay and/or by T cell staining
with MHC-I/peptide multimers (Fig. 2, A–C; and Table S1). In
some cases, our data suggest that multiple epitopes containing
the same mutation may be antigenic (Fig. S1 and not depicted).
This was not unexpected, as for each mutation, we selected the
predicted neoepitope with the highest BA among the multiple
epitopes within the SLP that are predicted to bind MHC-I and be
presented (Fig. 2 D).

In 43.6% of the 39 cases, neoantigen-specific CD8 T cells
generated upon vaccination with SLPs did not recognize (13
neoantigens) or poorly recognized (4 neoantigens) the best
predicted neoepitope candidate (Fig. 2, E and F; and Table S1).
For 10 mutations where the predicted optimal binder was
poorly antigenic or not at all, we made overlapping peptide
libraries from the SLP sequence to determine alternative ne-
oepitopes and tested 10-, 9-, and 8-mer neoepitope candidates
for each of these mutations (Fig. S1 A and not depicted; see
Materials and methods for details). Where we successfully
identified the alternative neoepitope eliciting the strongest
CD8 T cell response in the ELISpot assay, we refer to it as the
“true neoepitope” (Fig. 2, E and F; and Fig. S1). Surprisingly,
all of the true neoepitopes from these mutations were pre-
dicted to be weak MHC-I binders (i.e., their predicted per-
centile rank was >2 for all alleles; Fig. 2, E and F; and Fig. S1).
In line with a recent study (Ebrahimi-Nik et al., 2019), these
results clearly show that peptide binding ability to MHC-I is
an insufficient predictor of immunogenicity.

We then experimentally assessed the MHC-I binding of the
true neoepitopes by measuring the peptide’s ability to stabilize
MHC-I on the surface of transporter associated with antigen
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Figure 1. MHC-I immunogenicity of neoantigen candidates. (A) Number of exome and transcript variations, predicted peptides, and detected CD8 T cell
responses for four mouse tumor cell lines (MC-38, TRAMP-C1, EMT-6, and CT-26). (B) Schema depicting the study protocol. Naive mice were immunized with
mutant predicted SLPs + adjuvant (Im., immunized; adjuvants: anti-CD40 antibody and poly(I:C)) or adjuvant only (Ctr, control) on day 0 and days 10–14. CD8
T cell responses were assessed in spleen 6–7 d following the last immunization, either by IFN-gamma ELISpot (after CD4 T cell depletion) or MHC-I multimer
staining. (C) Representative flow cytometry graphs from purity analysis of CD4 depletion from experiments assessing CD8 T cell responses shown in D–F.
Purity of the depletion was ≥98%. (D–F) Representative data (from one experiment, repeated 3–11 independent times) of detected MHC-I immunogenic
mutations are shown for each mouse model (D-MC-38, E-CT-26, and F-EMT-6). Anchor (white) and nonanchor (black) mutations are shown for each tumor
model. Mean (± SD) fold-change of IFN-gamma spot numbers from CD8 T cells (5 × 105 CD4-depleted splenocytes/well) between control (Ctr., n = 1) and
immunized (Im., n = 3–5) mice after overnight stimulation with the mutant predicted SLP (25 µg/ml). Representative data and pictures of mutant-specific MHC-I
multimer staining and/or IFN-gamma ELISpot for one mutation are shown for each mouse model. Each image is a representative well from an ELISpot plate.
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processing (TAP)–deficient EL-4 cells. As a positive control, we
used the well characterized H-2Kb binding peptide, SIINFEKL,
derived from ovalbumin (Fig. 2, E and F). All true neoepitopes
tested were found to bind H-2Kb, although their measured
binding affinities were either lower than or comparable to those
of the initially predicted neoepitopes (Fig. 2, E and F). As we
were able to assess only the binding to H-2Kb, we cannot ex-
clude the possibility that these true neoepitopes might show a
higher BA to H-2Db.

We next assessed the cross-reactivity of the neoantigen-
specific CD8 T cells to the WT counterpart of the predicted
neoepitope. Mice were immunized against mutant SLPs, and

neoantigen-specific CD8 T cells were in vitro restimulated
with either mutant or WT SLPs or SSPs. The 40 immuno-
genic mutations were evaluated, and in 45% (18 of 40) of the
cases, we observed IFN-gamma release by neoantigen-
specific CD8 T cells stimulated with both the mutated and
WT counterpart peptides, demonstrating some degree of
cross-reactivity of the neoantigen-induced TCRs to WT
peptides (Fig. 3, Table S1, and Fig. S2). While it was a sur-
prisingly high rate of cross-reactivity, recognition of the WT
counterpart by the neoantigen-specific TCR was generally
weaker (Fig. 3, Table S1, and Fig. S2) and independent of the
predicted binding affinities (Table S2).

Figure 2. Validation of MHC-I optimal predicted mutant epitopes. (A–C) Representative pictures of ELISpot wells and mean (± SD) IFN-gamma spot
numbers from CD8 T cells (5 × 105 CD4-depleted splenocytes/well) from control (Ctr., n = 1) or immunized (Im., n = 3) mice (in vivo protocol as in Fig. 1 B) after
stimulation with the predicted optimal mutant SSPs (A-E22 mutation, EMT-6; B-C80mutation, CT-26; C-M41 mutation, MC-38). Each image is a representative
well from an ELISpot plate. (D) Sequence and BA (percentile rank) of the predicted optimal mutant epitopes in A–C (E22, H-2Kd; C80, H-2Kd; M41, H-2Db).
(E and F)Mean (± SD) IFN-gamma spot numbers from CD8 T cells (5 × 105 CD4-depleted splenocytes/well) from control (Ctr., n = 1) or immunized (Im., n = 3)
mice (in vivo protocol as in Fig. 1 B) after stimulation with predicted and true mutant optimal epitopes (MC-38; E-M54 mutation; F-M63 mutation). Binding
assay of the optimal and true SSPs to H-2Kb on Tap-1 KO EL-4 cells is shown for M54 and M63, as well as the sequence and BA (percentile rank) of the
predicted optimal mutant epitopes. Each experiment was performed twice independently.
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Figure 3. Cross-reactivity between MHC-I mutant andWT counterpart neoantigens. (A–G) Representative data of mean ± SD IFN-gamma spot numbers
from CD8 T cells (5 × 105 CD4-depleted splenocytes/well) from control mice (Ctr., n = 1) or mice immunized with mutant SLPs (Im., n = 3) as depicted in Fig. 1 B,
after in vitro restimulation with the mutant SLP or its WT counterpart (25 µg/ml; A-M44 mutation, MC-38; B-C154 mutation, CT-26; C-E22 mutation, EMT-6;
D-M10 mutation, MC-38; E-M86 mutation, MC-38; F-M134 mutation, MC38; and G-M7 mutation, MC-38) or with the predicted mutant optimal epitope SSP or
its WT counterpart (C, D, and G). Binding assay of the optimal mutant and its WT counterpart SSPs to H-2Kb on Tap-1 KO EL-4 cells is shown, as well as the
sequence and the BA (percentile rank) of the predicted optimal epitopes (E–G). Each experiment was performed twice independently.
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The position of the mutation defines MHC-I affinity of a
peptide as a determinant of immunogenicity
We next characterized computationally predictable properties of
the immunogenic mutations. Previous work had suggested that
predicted MHC-I BA of peptides correlates with their immuno-
genicity potential (Sette et al., 1994b). In our study, we found
that the predicted absolute BA (calculated as a percentile rank
using NetMHCpan 4.0) of immunogenic neoepitopes was
stronger than that of the nonimmunogenic candidates (Fig. 4 A),
with mean predicted BA values of 0.2 for immunogenic neo-
epitopes versus 0.5 for nonimmunogenic. Note that since we
preselected candidate neoantigens for antigenicity testing based
on strong binding affinities, the mean BA values in such a
comparison are conditional on that selection. We also obtained
affinity and immunogenicity data for 81 neoepitopes identified
in human studies (Data S1), including a compilation of reports
of spontaneous immunity to neoepitopes in cancer patients
(Fritsch et al., 2014), human vaccination studies (Carreno et al.,
2015), and studies testing predicted neoepitopes for immuno-
genicity in cancer patients or healthy donors (Cohen et al.,
2015; Strønen et al., 2016). We observed a similar trend in the
human dataset, in which the absolute affinity of human neo-
epitopes was significantly higher than that of the non-
immunogenic candidates, with mean predicted BA values of 0.4
and 1.3, respectively (Fig. 4 A).

More recently, it has been proposed that differential MHC-I
BA between the mutant epitope and its WT counterpart is a
superior predictor of antigenicity than the absolute affinity of a
candidate neoepitope (Balachandran et al., 2017; Duan et al.,
2014; Ghorani et al., 2018; Rech et al., 2018). Using our system-
atic dataset, we defined relative BA as the ratio of the BA values
of the mutant epitope and the corresponding WT epitope to the
same HLA allele. Relative BA showed a weaker difference be-
tween immunogenic and nonimmunogenic neoepitope candi-
dates compared with absolute affinity, when all the candidates
were evaluated (Fig. 4 B).

We then reasoned that relative BA might be particularly
relevant among the subset of neoepitopes with a mutation at the
anchor residue, while absolute BA, which is the MHC-I affinity
of a mutant peptide independent of its WT counterpart, should
always be a predictor of immunogenicity. To enable anchor
residue identification for the mouse alleles from our cell lines
across different peptide lengths, we first determined the MHC
peptidome eluted from MC-38 and EMT-6 mouse tumor cell
lines to further specify the MHC binding motifs for H-2Kb, H-
2Db, H-2Kd, H-2Ld, and H-2Dd alleles (Fig. 5). We then deter-
mined the anchor positions for different peptide lengths for each
allele (see Materials and methods for details) and classified the
mutations as either anchor or nonanchor mutations. Immuno-
genic peptides were identified at similar rates in both anchor or
nonanchor mutated peptides, at 10.5% (31/296) and 8% (9/113),
respectively (Fig. 4 C; Fisher’s exact test P value of 0.58). The
strength of the T cell response, measured by IFN-gamma spot
count, also did not appear to differ between the two groups
(Fig. 1, D–F). We then compared absolute and relative BA values
of immunogenic versus nonimmunogenic neoepitope candi-
dates, looking at anchormutation and nonanchormutation cases

separately. Surprisingly, in the case of anchor mutations among
the mouse dataset, immunogenic neoepitope candidates did not
have higher absolute affinities than nonimmunogenic neo-
epitope candidates (Fig. 4 D); however, both mouse and human
datasets exhibited significantly higher relative affinities (lower
relative BA values; Fig. 4 E) of immunogenic neoepitope candi-
dates. On the other hand, absolute BA was highly predictive of
antigenicity when the mutations were at nonanchor positions in
the neoepitope candidates for both mouse and human datasets
(Fig. 4 F), and consistent with our expectation, relative BA was
not predictive of antigenicity when a nonanchor residue was
mutated (Fig. 4 G).

The majority of immunogenic nonanchor mutations are at
positions predicted to be in contact with the TCR
The TCR-MHC-I/peptide interaction is another essential com-
ponent of immunogenicity. Our earlier work suggested that
presentation of mutated peptides was not sufficient for immu-
nogenicity, and that peptides with mutations predicted to be in
contact with the TCR were more likely to be immunogenic
(Yadav et al., 2014). Amino acids at positions 4–6 in MHC-
I–bound peptides have been found to be more important for
immunogenicity, likely because they interact directly with the
TCR (Calis et al., 2013; Glanville et al., 2017). Among the 9-mer
neoepitopes identified, nonanchor mutations were observed at
several positions in the peptides, with a majority at position 4 in
the mouse neoepitopes. Among the 9-mer neoepitopes identified
in the human data, a majority of mutations were at position 5
(Fig. 4 H). These results support our previous findings that the
position of nonanchor mutations is a potential determinant of
immunogenicity.

Physicochemical properties are not consistent predictors
of immunogenicity
To further investigate peptide-intrinsic properties of mutant
neoepitopes, we reasoned that nonconservative amino acid
substitutions should create a higher likelihood of immunoge-
nicity. Using BLOSUM50 as a measure of amino acid similarity,
we found that immunogenic peptides exhibited a trend toward a
higher degree of dissimilarity between the mutant andWT amino
acid residues at anchor positions, although this was not statisti-
cally significant (Fig. 6 A). Unexpectedly, there was no evidence
that the BLOSUM50 score was associated with immunogenicity in
the case of mutations at nonanchor residues (Fig. 6 B).

We also examined the contribution of hydrophobicity and
bulkiness of the mutated amino acid to immunogenicity. Both
properties have been previously shown to impact binding to the
TCR (Chowell et al., 2015). No consistent differences were ob-
served between immunogenic and nonimmunogenic peptides,
for either the residue-specific hydrophobicity at the mutant
position (Fig. 6 C) or mean hydrophobicity across the peptide
(Fig. 6 D). In fact, for nonanchor mutations, mean hydropho-
bicity of the peptide showed opposite trends between the mouse
and human data. Similarly, neither the molecular weight of the
mutant amino acid (Fig. 6 E) nor the change in molecular weight
due to the mutation (Fig. 6 F) was significantly different be-
tween immunogenic and nonimmunogenic cases.
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Figure 4. Position of the mutation determines the importance of absolute or relative affinity for immunogenicity of neoepitopes. (A and B) Absolute
BA (A) and relative BA (B) of candidate neoepitopes are shown for the neoantigens that induced CD8 T cell responses (blue) and for the neoantigens that were
nonimmunogenic (red). A candidate neoepitope for a given mutation was identified as the peptide that had the best BA value of all 8–11-mer mutant peptides
across all MHC-I alleles. P values in the plots are shown based on a t test on log-transformed values. P values in the subtitles are meta-analysis P values
calculated using Fisher’s method. No distinction of anchor or nonanchor mutation was made here. Number of data points: 369 (mouse, CD8−), 40 (mouse,
CD8+), 39 (human, CD8−), and 42 (human, CD8+). (C) Predicted BA values of mouse candidate neoepitopes and their WT counterparts are shown as scatter
plots (Spearman correlation coefficient 0.81 and 0.32 for nonanchor and anchor mutations, respectively). Both anchor and nonanchor mutated peptides
contain cases that show CD8 responses. Both anchor and nonanchor scatter plots show significant correlation in predicted BA between the mutant peptides
and their WT counterparts (Spearman correlation test P value of 5.16 × 10−4 and 6.39 × 10−70 for anchor [n = 113] and nonanchor [n = 296] cases, respectively).
(D–G) Predicted absolute BA of the neoepitope (D) and the predicted relative BA of the neoepitope to its WT counterpart (E) are shown, specifically for
neoepitopes mutated at anchor residues. Number of data points: 104 (mouse, CD8−), 9 (mouse, CD8+), 7 (human, CD8−), and 8 (human, CD8+). Similarly, F and
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Another approach to evaluate the propensity of TCRs to
bind peptides presented by MHC-I is to examine the simi-
larity of the peptide candidates to immunogenic microbial
peptides (Balachandran et al., 2017; Calis et al., 2013). We first
used the method developed by Calis et al. (2013) that assesses

whether the nonanchor amino acids in the peptide candidates
are preferentially enriched in immunogenic microbial pep-
tides. Both Calis immunogenicity scores (CISs) of neoepitopes
or their WT counterparts were not predictive of their im-
munogenicity (Fig. 7, A–C). Next, we used a method similar to

G show the predicted absolute BA and predicted relative BA at nonanchor mutations. Number of data points: 265 (mouse, CD8−), 31 (mouse, CD8+), 32 (human,
CD8−) and 34 (human, CD8+). P values in the plots are based on t test, while the P values in the subtitles are meta-analysis P values calculated using Fisher’s
method. (H) Number of peptides mutated at each position. Only 9-mer peptides are shown to retain comparability of positions across peptides, as a majority of
the predicted neoepitopes were 9-mers. Peptide counts of immunogenic and nonimmunogenic peptides are shown as overlapping bar plots.

Figure 5. MHC-I peptide binding motifs. H-29b9 and H-29d9 allele motifs facetted by allele and peptide length are shown. Peptides identified from peptide
elution experiments were clustered using GibbsCluster v2.0, using the largest cluster (default parameters and trash cluster option) that yielded the maximum
total KLD, with the exceptions of the Db 8-mer and Kb 11-mer motifs. The H-2Db 8-mer motif was manually selected from a smaller cluster of a three-cluster
solution that did not have maximum KLD but was similar to the other k-mer motifs from that allele. The H-2Kb 11-mer motif was derived from the full set of
original peptides due to the small number of peptides. Putative anchor positions were selected for each allele and peptide length based on the information
content at the residues and are shown in the highlighted blocks. Anchor positions were not defined for H-2Db 8-mer peptides as well as H-2Kb 11-mer peptides
due to the low number of eluted peptides.
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Figure 6. Physicochemical properties are not consistent predictors of immunogenicity. (A and B) Density plots of distributions of BLOSUM50 scores for
the single amino acid substitutions, in immunogenic (blue) or nonimmunogenic (red) neoepitope candidates for anchor (A) and nonanchor (B) mutations.
(C) The GRAVY hydrophobicity index of the mutant amino acid of the predicted neoepitope was compared between immunogenic and nonimmunogenic
peptides. (D) The mean hydrophobicity index across all amino acids of the predicted neoepitope was also compared. Wilcoxon test was used to compare the
hydrophobicity values between immunogenic and nonimmunogenic peptides. (E) Molecular weight of the mutant amino acid is shown for immunogenic and
nonimmunogenic predicted neoepitopes. (F) The shift in molecular weight due to mutation is shown for the peptides. Wilcoxon test was used to compare the
values between immunogenic and nonimmunogenic peptides. Wilcoxon rank sum test was used to compare the metrics (BLOSUM scores, hydrophobicity, etc.)
between immunogenic and nonimmunogenic neoepitope candidates, separately for mouse and human cohorts. Species-specific values from this analysis are
shown in the box plots. For the BLOSUM scores, the species-specific P values were combined into a single P value using Fisher’s method. Number of data points
for anchor mutations: 104 (mouse, CD8−), 9 (mouse, CD8+), 7 (human, CD8−), and 8 (human, CD8+). Number of data points for nonanchor mutations: 265
(mouse, CD8−), 31 (mouse, CD8+), 32 (human, CD8−), and 34 (human, CD8+).
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the one developed by Balachandran et al. (2017) that consid-
ers sequence similarity of the entire MHC-I peptide, includ-
ing anchor positions, to immunogenic microbial peptides. We
determined microbial similarity score (MSS) of an amino acid
sequence as the highest basic local alignment search tool
(BLAST) score after aligning the peptide to a set of 2,329
immunogenic microbial peptides (Balachandran et al., 2017).
MSS of the mutant or WT counterpart peptides were not
predictive of immunogenicity in either the mouse or human
data for both anchor and nonanchor mutations (Fig. 7, D
and E).

Predictors using mutation position context improve
neoantigen ranking
To assess which features are the most important predictors of
immunogenicity when considered together, we used multivar-
iate logistic regression to model the likelihood of immunoge-
nicity. Since anchor and nonanchor mutations represent
functionally distinct modalities, we generated separate models
for each using the mouse vaccination data. We included in our
analysis the following features: absolute BA, relative BA, CIS
(CIS_mut and CIS_wt), and MSS (MSS_mut and MSS_wt). In
accordance with our earlier univariate observations, relative BA

Figure 7. Similarity to immunogenic microbial peptides is not a consistent predictor of immunogenicity. The Calis model was used to score candidate
neoepitopes or their WT counterparts for similarity of nonanchor amino acids with the nonanchor amino acid content of immunogenic microbial peptides.
(A) When the mutation was at an anchor position, immunogenic and nonimmunogenic peptides did not differ in their immunogenicity scores from the Calis
model. (B and C) For nonanchor mutations, median scores of immunogenic peptides in the human dataset were higher than nonimmunogenic peptides for both
the mutant peptides (B) and their WT counterparts (C), but the trend was not statistically significant. (D and E) Each neoepitope or its WT counterpart was
aligned to a set of immunogenic pathogenic peptides using BLAST, and the highest BLAST score was used as an MSS (MSS_mut, for neoepitopes, and MSS_wt,
for their WT counterparts). P values shown at the bottom are meta-analysis P values across mouse and human datasets. P values within the plots (species-
specific P values) were based on aWilcoxon test, while the P values across the species were based on Fisher’s test using the species-specific P values. Numbers
of data points are the same as in Fig. 6.
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was significantly predictive only for anchor mutations, while
absolute BA was predictive for nonanchor mutations (Fig. 8 A).
Among the scores that evaluate similarity to microbial peptides,
only MSS_mut was significant for nonanchor mutations, al-
though not for anchor mutations (Fig. 8 A).

We next examined if we could use the predictive features of
immunogenic neoepitopes for improving their prioritization.
Given that the predictive utility of relative BA versus absolute
BA depends on the positioning of the altered amino acid, we
incorporated both into an approach that explicitly models an-
chor versus nonanchor position. Specifically, we used logistic
regression to model the likelihood of immunogenicity based on
relative BA for anchor mutations, but based on absolute BA and
MSS_mut for nonanchor mutations. Two separate “positional
models” were derived, one for anchor and the other one for
nonanchor mutations. To assess the performance of the posi-
tional model in the mouse dataset without overfitting, we used
subsampling via 100 bootstrap iterations. In each iteration, we
trained the model on a random subset of the mouse data and
tested the performance of this trained model on the held-out
data. The positional model showed significant improvement in
performance in predicting immunogenic peptides, compared
with models that used absolute BA alone or relative BA alone
(Fig. 8, B–D). Thus, using our mouse vaccination data, we show
that ranking of predicted neoepitopes to prioritize immunogenic
candidates can be improved by taking into account the anchor
versus nonanchor positioning of the mutation. Since the pre-
dictive properties of neoantigens in the mouse data were also
predictive in human data, such an approach may also be bene-
ficial when training on human data to achieve improved im-
munogenicity predictors, once a sufficient amount of human
immunogenicity data become available from ongoing vaccine
studies.

Discussion
Induction of CD8 T cell responses by a tumor-specific mutated
peptide depends on the success of several steps in the antigen
presentation pathway in both dendritic cells and tumor cells.
These steps include peptide processing and translocation into
the ER, binding of the peptide to MHC-I and stabilization of the
complex at the cell surface, and finally, the presence of T cells in
the repertoire that have appropriate affinity toward the neo-
epitope but not to the WT peptide counterpart (Capietto et al.,
2017). Current strategies to identify neoantigensmainly focus on
the peptide/MHC-I BA step, and although they significantly
enrich for immunogenic neoepitopes, a majority of the predicted
candidates are false positives (Carreno et al., 2015; Ott et al.,
2017; Sahin et al., 2017). Mass spectrometry (MS) remains the
only method that allows direct identification of peptides pre-
sented on MHC-I and is currently being used in conjunction
with machine learning tools to further define the rules under-
lying antigen presentation and to continue improving the
binding predictionmodels (Abelin et al., 2017; Schumacher et al.,
2017).

Characterization of neoepitope properties that determine
immunogenicity has been challenging because of the paucity of

immunogenicity data, both for naturally occurring T cell re-
sponses and those elicited by vaccination. Although absolute
MHC-I BA clearly correlates with immunogenicity (Carreno
et al., 2015; Fritsch et al., 2014), other studies suggest that rel-
ative affinity may be more important and that mutations that
increase BA to MHC-I in comparison to the WT counterpart are
more likely to be immunogenic, since they may result in a novel
epitope (Balachandran et al., 2017; Duan et al., 2014).

In this study, we generated a large-scale immunogenicity
data resource, and we employed it to better characterize the
properties of immunogenic neoepitopes. We identified >2,500
expressed mutations from four mouse tumor models, selected
416 candidate neoantigens based on MHC-I BA prediction,
and tested 409 candidates for immunogenicity by vaccinating
healthy mice with a peptide-based vaccine platform. While
there may be some variations between responses induced by
different vaccine platforms, rules of neoantigen immunoge-
nicity should remain unchanged (Kreiter et al., 2015). We
identified two groups of immunogenic neoantigens: those
with high predicted absolute affinity, and those with high
predicted relative affinity compared with the WT counter-
part. We showed that both of these properties are relevant for
immunogenicity, but in two different functional contexts. In
the first case, where a nonanchor residue is mutated, absolute
affinity is a strong predictor of immunogenicity, but neo-
epitopes and their WT counterparts typically have compa-
rable affinity. Interestingly, the majority of neoepitopes with
nonanchor mutations carried the mutation at central posi-
tions, which have been shown to interact with TCRs. These
results are consistent with our previous observation that a
direct interaction between the mutated residue and the TCR
reduces the probability of cross-reactivity between mutant
peptide and the WT counterpart, and the established toler-
ance against the mutant peptide (Yadav et al., 2014).

In the second case, where the mutation is at an anchor res-
idue, increased affinity relative to the correspondingWT peptide
is predictive of immunogenicity. We speculate that neoepitopes
with higher relative affinity are more prone to be recognized as
“non-self,” or foreign, since the WT peptide (self) counterpart is
likely poorly presented to T cells. While it does not seem that
absolute affinity is as important when anchor residues are
mutated, our analysis may underestimate the role of the abso-
lute affinity for anchor residues, since neoepitope candidates
were preselected based on a cutoff of predicted absolute affinity.
Future vaccination studies using candidates with a wider range
of predicted affinities may help to clarify this point. Importantly,
we did not observe differences in either the frequency of im-
munogenic mutations between these two groups or differences
in their immunogenic strength as measured by the magnitude of
the T cell responses. However, the majority of the immunogenic
mutations were at nonanchor positions, possibly for the simple
reason that there are fewer anchor positions (typically only two
per peptide compared with six to nine nonanchor positions).
Our data show that both absolute affinity and relative affinity
are predictors of neoepitope immunogenicity, although they are
best used for ranking neoepitopes when taking into account the
position of the mutated amino acids. Furthermore, this behavior
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Figure 8. Positional model ranks neoantigens better than absolute or relative affinity alone. (A) Multivariate models were used to assess the signif-
icance of absolute BA of the mutant peptide (absolute_BA), relative affinity (relative_BA), CIS for mutant and WT peptides (CIS_mut and CIS_wt, respectively),
and MSS (MSS_mut and MSS_wt). The analysis was done separately for neoepitope candidates with anchor mutations and for those without anchor mu-
tations. Since CIS is identical for the mutant and WT peptides when the mutation is at an anchor, only CIS_mut was considered for the anchor mutation case.
The set of these two models is referred to as a positional model. P values are mentioned for each separated model. (B) Performance assessment of the
positional model, compared with models that use absolute or relative affinity alone without considering position of mutations with respect to anchor. Receiver-
operator characteristic curves (true positive rate vs. false positive rate, or equivalently, sensitivity vs. [1 − specificity]) are shown based on 100 bootstrap
iterations. A representative curve is shown for each method, using a Loess fit of 100 bootstrap iterations. (C) AUC of these curves across 100 bootstrap
iterations were compared between the three methods (using paired t test). (D) Performance assessment of the positional model relative to predicted absolute
BA was assessed by 100 bootstrap iterations. At each iteration, performance of ranking by the positional model and by predicted absolute BA alone was
assessed on the held-out data to obtain AUC values. Pairwise comparison of the AUC values from the two methods is shown, and a paired t test was done to
assess the difference. Blue lines indicate the iterations where the AUC of the positional model was higher than absolute BA on the held-out data; red lines
indicate the cases where it was lower.
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was validated with a human dataset. Although the number of
data points is low in the human datasets, especially for anchor
mutations, the results were consistent with the mouse data.
Notably, Fritsch et al. (2014) have also observed that neoepitopes
can originate from both anchor and nonanchor residue muta-
tions, wherein the anchor positioning interpretation was based
on conservation of BA. However, the predictive value of neo-
epitope properties could not be tested in their study due to lack
of nonimmunogenic peptide data (Fritsch et al., 2014). Here, we
formally identified predictive properties of neoepitopes when
the mutation is at an anchor versus a nonanchor residue by
comparing neoepitopes to nonimmunogenic neoepitope candi-
dates. Furthermore, we identified the anchor positions in mouse
alleles using MS to identify anchors independently of binding
predictions.

Several studies have emphasized that peptide/MHC-I com-
plex stability provides additional information beyond affinity
for immunogenicity potential (Harndahl et al., 2012; Jørgensen
et al., 2014; Rasmussen et al., 2016). We used a stability pre-
diction method developed for human data, NetMHSstabpan
(Rasmussen et al., 2016), and determined the absolute and rel-
ative stability of the mutant peptides in the human dataset (Fig.
S3, A and B). We found a higher predicted half-life for the im-
munogenic neoepitopes (9 h on average) compared with the
nonimmunogenic cases (mean of 2.4 h). However, stability was
highly correlated with affinity (Fig. S3 C), and we cannot make a
definitive conclusion about the utility of stability predictions. It
is also notable that previous affinity-balanced comparisons of
stability for immunogenic and nonimmunogenic candidates
yielded only a modest 3% improvement in reduction of false
positives (Jørgensen et al., 2014). A limitation of the evaluation
of stability is the sparsity of data to train stability prediction.
Additional data will be needed to fully assess the contribution of
stability of the peptide/MHC complex.

TCR affinity for the MHC-I/peptide complex modulates TCR
signaling strength and the magnitude of the T cell response. It
has been proposed that immunogenic peptides have biochemical
properties that favor interaction with TCRs. We used multiple
approaches to explore this question and were unable to find
evidence to support it. Using the BLOSUM50 score, we found a
trend for higher dissimilarity between the mutant amino acid
and the WT counterpart for immunogenic neoantigens only for
mutations at anchor positions (Fig. 6, A and B), i.e., at precisely
those positions predicted not to interact with the TCR. For the
neoepitopes with nonanchor mutations, this difference was not
predictive of immunogenicity. Thus, in the case of nonanchor
mutations, the residues facing the TCR may have similar prop-
erties between the mutant and WT peptides. This observation is
consistent with the current model that to ensure a wide breadth
of the T cell repertoire, T cells recognizing self-antigens with
low avidity can escape negative selection in the thymus and
cross-react with mutant/foreign peptides (Birnbaum et al., 2014;
Nelson et al., 2015; Sandberg et al., 2000; Yu et al., 2015). In
further support of this idea, we observed cross-reactivity of
T cells to the WT counterpart peptides in 45% of the cases
evaluated, with a mainly weaker T cell response against the WT
peptide compared with the neoantigens. This high rate of cross-

reactivity with WT counterparts suggests that vaccination
against neoantigens still carries a potential risk of inducing
autoimmunity. However, it is not clear whether the weaker
responses to WT counterparts would translate into effective
T cell responses. Further investigation is needed to understand
the relevance of the observed cross reactivity to autoimmunity.

We also observed a particularly strong bias toward high
predicted MHC-I BA for immunogenic peptides containing
nonanchor mutations. The high predicted affinity of the pep-
tides to MHC-I may contribute to increasing T cell avidity by
presenting more peptides at the cell surface, thereby compen-
sating for lower affinity of the TCR to the peptides. When we
assessed the immunogenic potential of nonanchor mutations by
measuring their similarity to microbial peptides, we found that
immunogenic mutant peptides tended to be more similar to
immunogenic microbial peptides (Fig. 7 D), at least in the case of
the mouse dataset. However, this trend of similarity was not
observed with human immunogenicity data, which was less
extensive. Since this similarity metric depends on how com-
prehensive the database of immunogenic pathogenic peptides is,
alternative approaches to capture this similarity may be needed.

Our study provides a basis for better understanding the im-
munogenicity of neoepitopes, and it highlights the utility of
preclinical models for generating immunogenicity data. We
found that both absolute and relative affinities are predictors of
immunogenicity of mouse neoepitopes in a position-dependent
manner, and we confirmed this result with a human dataset.
Furthermore, using a simple logistic regression-based model, we
showed that this insight can be used to modestly, but signifi-
cantly, improve the ranking of predicted neoepitopes. Thus,
modeling immunogenicity prediction by taking into account
biophysical properties in the physiological contexts where those
properties are relevant can improve predictions, as would be the
expectation. With the generation of even larger-scale immuno-
genicity data resources in the future, advanced modeling that
takes context-dependent properties into account can be ach-
ieved. Furthermore, coupled with advances in our understand-
ing of peptide processing, our results may lead to better
prioritization of neoepitope candidates and thus more effective
immunotherapies, including personalized cancer vaccination
approaches.

Materials and methods
Sequencing, read mapping, and variant calling
Next-generation sequencing and data processing of MC-38,
TRAMP-C1, CT-26, and EMT-6 cancer cell lines were performed
as previously described (Yadav et al., 2014). Briefly, exome
capture was performed using the SureSelectXT mouse exon kit
(Agilent). Exome capture libraries were then sequenced on a
HiSeq 2000 (Illumina) using the HiSeq sequencing Kit (200
cycles). 60M (2 × 75 bp) exome reads were sequenced from each
cell line. Reads were mapped to the mouse genome (NCBI build
37 or mm9) using GSNAP (Wu and Nacu, 2010). Only uniquely
mapped reads were retained for further analysis. Exome
sequencing–based variants were called using GATK (DePristo
et al., 2011) and annotated for effects on transcripts using the
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variant effector predictor tool (McLaren et al., 2010). RNA-
seq–based variants from the reference mouse genome were
called using these criteria: variant allele should be supported by
at least two reads, variant allele frequency was ≥4%, and variant
allele was not strand-biased (based on read alignment to the
genome, Fisher’s exact test, P < 0.05). A vast majority of the
variants were supported by exactly two reads, and these ac-
counted for a majority of variants <20% variant allele frequency.
As an ad hoc filter, RNA-seq variants with exactly two-read
support or <20% variant allele frequency were filtered out.

Identification of candidate neoepitopes
For each somatic mutation that passed our filters, we defined
a long peptide (25-mer) neoantigen candidate that contains
the mutation at the center. We used NetMHC v3.4 to predict
MHC-I BA of all 8–11-mer mutant peptides from the 25-mer
peptide sequences to all MHC-I alleles of the mouse strain the
cell line was derived from. We then selected the peptide-MHC
pair with the lowest half-maximal inhibition (IC50) value, and
we call such a mutant peptide that has the best score a can-
didate neoepitope. We selected 416 mutations that encoded
candidate neoepitopes at IC50 ≤500 nM. At the time of peptide
synthesis in this study, we used the IC50 metric from NetMHC
v3.4 for predicting BA. However, subsequent to peptide syn-
thesis, a newer version of NetMHC, NetMHCpan 4.0 was
published, and we used NetMHCpan 4.0 for further analysis of
the peptide sequences in this study. Moreover, percentile rank
values performed better than IC50 values from NetMHCpan 4.0
in prioritizing immunogenic peptides, so we used percentile
rank values instead of IC50.

Selection of peptides for immunogenicity testing
Of 416 mutated sequences, three were duplicated across the four
cell lines. Four other mutations, which resulted in responses in
ELISpot assays that contained both CD4 and CD8 T cells, were
not tested for CD8 responses and were also removed from con-
sideration. Thus, only 409 predicted neoantigen candidates were
tested for immunogenicity. We injected 24-aa-long SLPs with
the last amino acid being removed from the 25-mer predicted
peptide sequence to facilitate peptide synthesis. In cases where
the optimal predicted epitope was poorly antigenic or not at all,
we first synthesized overlapping peptide libraries of the SLP
sequence with 10-aa length (all including the mutation) and
tested their immunogenicity through ELISpot assay (see below
for the ELISpot method details) with neoantigen-specific CD8
T cells generated upon vaccination with SLP. For each 10-mer
peptide inducing a CD8 T cell response, we then synthesized 9-
and 8-aa-long peptides and tested them in a similar manner to
the 10-mer peptides.

Mice immunization with SLPs
All animal studies were reviewed and approved by Genentech’s
Institutional Animal Care and Use Committee. Age-matched
8–10-wk-old female C57BL/6 or BALB/c mice (The Jackson
Laboratory) were injected intraperitoneally with either 100 µg
mutant predicted SLP each (1 to 5 SLPs per mouse) in combi-
nation with adjuvant (50 µg anti-CD40 Ab clone FGK45 and

100 µg poly(I:C); InvivoGen) in PBS or adjuvant alone. Mice
were immunized on day 0 and between days 10 and 14. Sple-
nocytes were used for detection of antigen-specific CD8 T cells
and/or IFN-gamma release 6–8 d following the last injection (see
ELISpot and multimer staining method sections).

ELISpot
5 × 105 splenocytes or CD4-depleted splenocytes (using the
manufacturer’s procedure with CD4 L3T4 beads and LS columns
from Miltenyi) were cultured overnight at 37°C in RPMI 1640
containing 10% FBS (1% penicillin/streptomycin, 1% Hepes, 1%
GlutaMAX, and 1% sodium pyruvate) in a 96-well mouse IFN-
gamma ELISpot plate (R&D Systems). CD4-depleted splenocytes
(containing dendritic cells) were used to determine the CD8
T cell response in an ELISpot assay, and only CD8 T cells with
<2% of CD4 T cells remaining after depletion were considered in
the analysis (Fig. 1 C). For stimulation, each mutant predicted
24-mer SLPs (25 µg/ml), optimal mutant, or WT counterpart
MHC-I epitopes (8–11 mer SSPs) were added into the culture at
various concentrations (as noted in graphs) and compared with
mice immunized with adjuvant alone after stimulation in vitro
with the same concentrations of specific peptides. For analysis,
IFN-gamma spots were counted using the manufacturer’s pro-
cedure (R&D Systems mouse IFN-gamma kit) and an automatic
ELISpot reader (AID). All samples were tested in technical du-
plicate and/or 3–5 biological replicates in each individual ex-
periment, and 3–11 experiments were performed depending on
the mutation. One screening study was outsourced to WuXi
(China). Peptide synthesis was performed by New England
Peptide, Anaspec, or Genscript (75% purity).

Multimer staining and flow cytometry
To identify peptide-specific T cells, cells were stained with PE-
conjugated peptide–MHC-I dextramers (MHC-I–peptide complex;
Immudex) for 20 min followed by staining with cell surface
markers CD3, CD4, B220 (BD Biosciences), and CD8 (BioLegend).
The purity of the CD4 depletion was evaluated by staining the de-
pleted cells with CD3, CD4 (BD Biosciences), and CD8 (BioLegend)
surface antibodies. Only samples with ≥98% purity were used for
analysis. Samples were acquired on BD FACSCanto II and analyzed
using FlowJo software (v10).

Tap1 and 2 knockout EL-4 cells
The EL4 parental cell line and CRISPR subclones were cultured in
RPMI 1640 supplemented with 100 U penicillin, 100 U strepto-
mycin, and 0.29 mg/ml glutamine at 37°C, 5% CO2. sgRNAs were
designed using CRISPR3 (Callow et al., 2018;Mali et al., 2013) and
cloned into a plasmid enabling coexpression of each sgRNA,
SpCas9, and mCherry. Mouse Tap1 CRISPR plasmid constructs
(mTap1-1 targeting 59-CAGCGCTGGATTACTGTAC-39, mTap1-
2 targeting 59-AAGAAGAGACGTCTCTACC-39, and mTap1-3 tar-
geting 59-CGCTGGAGTTTGCAAGTGA-39) and mouse Tap2
CRISPR plasmid constructs (mTap2-1 targeting 59-CACAGCACTCCA
AGTCGCA-39, mTap2-2 targeting 59-GTCGTGTAATTGACATCCT-39,
and mTap2-3 targeting 59-CGTATCCGCAGGTTGATCC-39) were
nucleofected into the EL4 cell line using the Cell Line
Nucleofector Kit L (Amaxa, VCA-1005), and single-cell subclones
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were sorted by FACS onto 96-well plates. Subclones were
screened by flow cytometry for decreased surface MHC-I ex-
pression using the Alexa Fluor 647 anti-mouse H-2Kb/H-2Db
antibody (clone 28-8-6, BioLegend, 114612).

For testing the relative affinities of H-2Kb peptides, subclone
mTap1-2H, targeted by themTap1-2 CRISPR guide RNA,was seeded
at 2 × 105 cells per well on 96-well plates containing 10 µg/ml β2-
microglobulin with peptides at various concentrations in a total
volume of 50 µl culture medium and subsequently incubated for
16 h at 26°C, 5% CO2. The surface expression of H-2Kb, quantified as
median fluorescence intensity, was determined by flow cytometry
using the Alexa Fluor 647 anti-mouse H-2Kb antibody (clone AF6-
88.5, BioLegend, 116512).

MHC-I peptide isolation and MS
MHC-I peptide profiling was conducted for the H-2Db and H-2Kb
alleles of the C57BL/6-derived murine colon adenocarcinoma cell
lineMC-38 (Kerafast) as described previously (Yadav et al., 2014).
MHC-I peptide profiling was conducted for the H-2Dd, H-2Kd,
and H-2Ld alleles of the BALB/c-derived murine mammary car-
cinoma cell line EMT-6 (ATCC) as described previously (Chong
et al., 2018) with the following modifications. Approximately 200
million cells were lysed, and MHC-I molecules were im-
munoprecipitated using three different antibodies covalently
coupled to protein A cartridges (Agilent) using dimethyl pi-
melimidate (Sigma-Aldrich) to extract H-2Dd, Kd, and Ld-
specific peptides. Antibodies were derived from hybridoma
clones 34-4-20S (H-2Dd specific), K9-18 (H-2Kd specific), and
30-5-7S (H-2Ld specific) and purified before use. MHC-I com-
plexes were bound to antibody resin using the AssayMAP Bravo
liquid handler (Agilent), washed with 50 column volumes (CV) of
TBS followed by 20 CV of 25mMTris, pH 8.0, and eluted using 20
CV of 1% acetic acid. Peptides were isolated and desalted via C18
cartridge using the AssayMAP Bravo (Agilent) beforeMS analysis.

Peptides were loaded onto a fused-silica Picofrit column
(inner diameter = 100 µm, tip = 15 µm, length = 250 mm;
NewObjective), packed with 1.7 µm Acquity C18 (130Å, Waters),
and separated by ultra-performance liquid chromatography
(Ultimate3000, Thermo Fisher Scientific). The gradient used
solvent A (2% acetonitrile in water with 0.1% formic acid) and
solvent B (98% acetonitrile in water with 0.1% formic acid) and
increased from 10% to 40% B over 30 min at a flow rate of 500
nl/min. The eluted peptides were analyzed by Top10 data-
dependent acquisition in an Orbitrap Fusion Lumos hybrid
mass spectrometer (Thermo Fisher Scientific) equipped with a
nano-electrospray ionization source with spray voltage set at
2,000 V. Mass spectral data were acquired using Orbitrap MS
scans (R = 60,000 at m/z 400), followed by Orbitrap MS/MS
scans (R = 15,000 atm/z 400) subjected to high-energy collision-
induced dissociation at 27% collision energy. The mass range for
selection of singly, doubly, or triply charged precursors was set
at 250-1,250 m/z, with a maximum injection time of 120 ms and
AGC target values of 1E6 (MS) and 1E5 (MS/MS).

MS data analysis and binding motif identification
TandemMS resultswere submitted for protein database searching
using PEAKS (v8.5, Bioinfors). Raw files were converted into

mzXML peak lists using ReAdW (v4.3.1), which were then filtered
by mass (500–1,500 daltons), charge (+1, 2, or 3), and retention
time (10–45 min). The data were searched against a Uniprot-
derived Mus musculus database (UP000000589, downloaded
March 12, 2019, 22,286 genes) with no enzyme specificity, variable
methionine oxidation (+15.99 daltons), variable deamidation
(+0.98 daltons), 20 ppm precursor ion mass tolerance, and 0.02
daltons fragment ion mass tolerance. A contaminant database
derived from the Contaminant Repository for Affinity Purification
(v2012-01-01) was also used to remove nonspecific identifications.
Search results were filtered using a linear discriminant algorithm
to an estimated peptide false discovery rate of 1%.

H-29b9 allele peptides were identified from three separate ex-
periments with MC-38 cell line, and H-29d9 allele peptides were
identified from a single experiment with EMT-6 cell line. For each
given allele and each peptide length, ranging from 8 to 11 aa long,
peptides were used as input for GibbsCluster 2.0 Server with
default parameters and the trash cluster option. Clustering sol-
utions with maximum total Kullback–Leibler divergence (KLD)
were chosen. In cases where the clustering solution yielded
multiple groups, the peptides belonging to the larger group were
selected to generate the final motif. The Db 8-mer and Kb 11-mer
motifs were the only exceptions. The Db 8-mer motif was derived
from the smaller group from a three-cluster solution that did not
represent the maximum KLD, but was similar to the other k-mer
motifs from that allele. The Kb 11-mer motif was derived from the
full set of original peptides, as the number of peptides was too low
to perform meaningful clustering. Final motif images were gen-
erated using R v3.5.1 and ggseqlogo v0.1.

Anchors (Fig. 5) were defined for each allele and each peptide
length as the two residues with the highest information content,
with the exception of Dd 9-, 10-, and 11-mer motifs, which had
positions 2 and 3 with high information content besides the
C-terminal residue, resulting in three anchors. The Dd 8-mer motif
seemed to have a distinct behavior at the A-pocket compared with
the other peptide lengths and was assigned two anchor positions.

Evaluation of immunogenicity
For each long peptide evaluated for CD8 T cell response by
ELISpot, positivity of the assay was declared by using a likeli-
hood ratio test between two nested linear models, one containing
the treatment fixed effect and the other without this effect.
Whenmultiple experiments were conducted on the samemouse,
and/or across multiple days, the model included mouse identity
or day as a random effect. Spot count data were log-transformed,
and a pseudo-count of 0.1 was added. The R package lme4 (Bates
et al., 2015) was used to fit the linear mixed effects model. In-
ference was made by comparing the two nested models using the
function lme4::anova.merMod. P values were corrected for
multiple testing using the Benjamini–Hochberg method. Positive
responses were declared as the ones with adjusted P value ≤0.05,
median spot count of ≥10 after vaccination, and a positive effect
size of ≥2 (i.e., doubling of spot counts after treatment).

In some cases, wemanually overrode the statistical call, when
we had reasonable supporting criteria to do so. These mutations
were statistically borderline-negative but were manually called
as positive based on additional experiments: C117, fold-change
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was borderline (1.94), but we tested both SLP and SSP and the
results indicated a CD8 response; C64, borderline P value (0.1)
for SLP, but SSP also showed a response.

Calculation of peptide properties
Several measures of physicochemical properties of peptides
have been used in this study. They are described as follows: (a)
IC50 values for peptide-MHC BA, as predicted by NetMHC-3.4
(IEDB tools v2.13, predict_binding.py with method as “ann”; tool
available at https://downloads.iedb.org/tools/mhci/). (b) BA of
peptide toMHC, as percentile rank scores, based onNetMHCpan
4.0 (IEDB tools v2.19, netMHCpan executable script from the
suite). This is the same as absolute BA. (c) Relative BA: ratio of
the BA values of candidate neoepitope to the BA value of the WT
counterpart, for binding the optimal predicted MFHC allele. (d)
Absolute t1/2: half-life of peptide/MHC complex in hours, pre-
dicted by NetMHCstabpan (IEDB tools v2.17, predict_binding.py
script with method “netmhcstabpan”). (e) Relative t1/2: ratio of
the t1/2 value of candidate neoepitope to the t1/2 value of the WT
counterpart, for binding the optimal predicted MHC allele. (f)
CIS: immunogenicity scores were calculated using IEDB tools
(IEDB_Immunogenicity-1.0, script predict_immunogenicity.py,
available at https://downloads.iedb.org/tools/immunogenicity/).
The method masks anchor residues and calculates an immuno-
genicity score based on enrichment of nonanchor residues in
known immunogenic peptides versus nonimmunogenic pep-
tides, mostly from pathogenic peptides. The mask positions
were provided based on our anchor inferences as described
in MS data analysis and binding motif identification. (g)
BLOSUM50 matrix was used to calculate BLOSUM scores for
substitution of theWT amino acid with the mutant amino acid. (h)
MSS: a similarity score of a query peptide to a database of im-
munogenic peptides from pathogens (Balachandran et al., 2017)
was calculated by taking the best BLAST alignment score of the
query peptide to all immunogenic peptides in the database. This is
a slightly different score from the one used by Balachandran et al.
(2017) that takes the sum of exponentials of each alignment score
between the query peptide and the peptides from the database. (i)
Hydrophobicity, molecular weight: GRAVY Hydrophobicity index
and molecular weight of amino acids or of peptides was calculated
using the R package Peptides (Osorio et al., 2015).

Considering that a TCR recognizes an epitope and the allele
together, we computed relative BA keeping the allele constant. For
an anchor mutation, if the same allele presented the WT coun-
terpart peptide, the TCR facing residues will be the same between
the mutant and the WT peptide. We hypothesized that this would
result in tolerance to the presented mutant peptide, unless the BA
of the WT peptide to the same allele is low. On the other hand, if
the mutant peptide and its WT counterpart are presented by dif-
ferent alleles, it is unlikely that the binding of the WT peptide
would impact the immunogenicity of the mutant peptide via tol-
erance mechanisms since the alleles would be different. Therefore,
we do not consider such scenarios in our predictions.

Model development and assessment
For inference on various predictors of immunogenicity for both
mouse and human data, separate multivariate logistic models

were made for anchor and nonanchor mutations (Fig. 8). The
model formula used was

CD8_response∼ 1 + absolute_BA + relative_BA+
CIS_mut + CIS_wt +MSS_mut +MSS_wt.

Two different models were made this way, for anchor and
nonanchor mutations, for mouse data. BLOSUM50 was omitted,
as it correlates with affinity predictions. Forest plots were made
to represent the coefficients and 95% confidence intervals, using
forestplot R package (Gordon and Lumley, 2017). The intercepts
in the two models represent the odds of immunogenicity of a
predicted neoepitope that has low absolute BA, equal affinity to
its WT counterpart, and low CIS and MSS values (absolute BA of
1, relative BA of 1, and CIS and MSS values of 0 for mutant
peptide and its WT counterpart).

Model performance assessment was done on the training and
the test data using the R package ROCR (Sing et al., 2005).
Bootstrap performance assessment was done on the mouse
model by iterating 100 times over themouse vaccination data. At
each iteration, approximately two-thirds of the data was used to
train the models separately for anchor and nonanchor muta-
tions. To ensure a reasonable number of data points in each
category (anchor and nonanchor mutations), the sampling was
done separately for the neoepitopes in each of these categories.
At each iteration, all 113 anchor data points and 296 nonanchor
data points were sampled with replacement. As a result, across
100 iterations, the held-out data amounted to 137–162 data points
across the two categories, which is approximately one-third of
the total number of data points of 409. At each iteration, two
models were trained on the sampled data, one for each of the
categories. The trainedmodel was used to predict the outcome in
the held-out data. AUC (area under the curve) values were de-
termined for these predictions. AUC values were recorded for
each iteration of bootstrap, and later on, used to compare the
methods using a paired t test.

Online supplemental material
Fig. S1 shows the immunogenicity of predicted MHC-I optimal
mutant epitopes. Fig. S2 shows cross-reactive mutant MHC-I
neoantigen-specific T cells. Fig. S3 is a comparison of peptide/
MHC stability between immunogenic and nonimmunogenic
neoepitope candidates. Table S1 lists MHC-I immunogenic mu-
tations for MC-38, CT-26, and EMT-6 mouse tumor cell lines.
Table S2 shows the independence of neoepitope-specific TCR
cross-reactivity and predicted BA of mutant neoepitopes or their
WT counterparts. Data S1 lists neoantigen candidates in four
mouse tumor cell lines.
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Figure S1. Immunogenicity of predictedMHC-I optimal mutant epitopes. (A) CD8 T cells (5 × 105 CD4-depleted splenocytes/well) from control (Ctr., n = 1)
or immunized (Im., n = 3) mice with mutant SLPs were isolated following the in vivo protocol as shown in Fig. 1 B and in vitro cultured with SLPs or SSPs to
assess IFN-gamma release by ELISpot assay. To determine alternative neoepitopes of the poorly or nonimmunogenic predicted neoepitope candidate, IFN-
gamma release was measured by neoantigen-specific CD8 T cells generated on SLP vaccines and restimulated in vitro with overlapping 10-, 9-, or 8-mer
peptides containing the mutation. (B–D) Representative data of IFN-gamma spots (mean ± SD) from MC-38 mutations (B, M54; C, M63; D, M205) comparing
the predicted mutant SLP (25 µg/ml) and optimal SSP (2.5 µg/ml) are shown, as well as the dose response (mean ± SEM to various concentrations) to 10-, 9-, or
8-mer immunogenic alternate optimal mutant peptides. Sequence, length, and predicted BA (H-2Kb for M54 and M63; H-2Db for M205) of each peptide
(mutation in red) are shown. Each experiment was independently repeated twice.
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Figure S2. Cross-reactive mutant MHC-I neoantigen-specific T cells. (A and B) CD8 T cells (5 × 105 CD4-depleted splenocytes/well) from control (Ctr., n =
1) or immunized (Im., n = 3) mice with mutant SLPs were isolated following the in vivo protocol shown in Fig. 1 B and in vitro cultured with mutant or WT
counterpart SLPs (A; 25 µg/ml) or SSPs (B; 0–2.5 µg/ml) to assess cross-reactivity through IFN-gamma release by ELISpot assay. Representative data of IFN-
gamma spots (mean ± SEM) from MC-38 mutations (M#), CT-26 (C#), and EMT-6 (E#) are shown. Each experiment was independently repeated twice.
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Tables S1 and S2 are provided online as separate Word files. Table S1 lists MHC-I immunogenic mutations for MC-38, CT-26, and
EMT-6 mouse tumor cell lines. Table S2 shows the independence of neoepitope-specific TCR cross-reactivity and predicted BA of
mutant neoepitopes and their WT counterparts.

A supplemental dataset is also provided online as an Excel file and lists neoantigen candidates in four mouse tumor cell lines.

Figure S3. Comparison of peptide/MHC stability between immunogenic and nonimmunogenic neoepitope candidates. (A and B) Absolute (A) and
relative (B) stability values as predicted by NetMHCstabpan are shown for the neoepitopes that induced CD8 T cell responses (blue) and for the neoepitope
candidates that were nonimmunogenic (red) in the human data. P values in the plots are shown based on a t test. (C) Correlation between BA and stability for
the human cohort is shown. Spearman’s ρ value is −0.64 (P value = 2.11 × 10−10 for correlation test).
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