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SUMMARY

Many approaches to identify therapeutically relevant neoantigens couple tumor sequencing with bio-
informatic algorithms and inferred rules of tumor epitope immunogenicity. However, there are no reference
data to compare these approaches, and the parameters governing tumor epitope immunogenicity remain un-
clear. Here, we assembled a global consortium wherein each participant predicted immunogenic epitopes
from shared tumor sequencing data. 608 epitopes were subsequently assessed for T cell binding in pa-
tient-matched samples. By integrating peptide features associated with presentation and recognition, we
developed a model of tumor epitope immunogenicity that filtered out 98% of non-immunogenic
peptides with a precision above 0.70. Pipelines prioritizing model features had superior performance, and
pipeline alterations leveraging them improved prediction performance. These findings were validated in an
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independent cohort of 310 epitopes prioritized from tumor sequencing data and assessed for T cell binding.
This data resource enables identification of parameters underlying effective anti-tumor immunity and is avail-

able to the research community.

INTRODUCTION

Somatic alterations are a hallmark of cancer (Hanahan and Wein-
berg, 2011). These alterations can result in the generation of
mutated peptide fragments that, when presented on class | ma-
jor histocompatibility complex (MHC I) molecules, elicit a protec-
tive anti-tumor immune response. Such mutant peptides, called
“neoantigens,” are hypothesized to comprise an important class
of tumor antigens that drive anti-tumor immunity (Schumacher
and Schreiber, 2015; Tran et al., 2017; Yarchoan et al., 2017).

Neoantigens have long been viewed as promising therapeutic
targets because they are tumor-specific and are not subject to
either pre-existing immune tolerance or likely to generate auto-
immunity. Neoantigen vaccines have been shown to induce tu-
mor rejection of mice bearing transplanted sarcomas (Gubin
etal., 2014). In humans, neoantigen vaccine studies have shown
the ability to generate neoantigen-specific T cells in melanoma
and glioblastoma (Carreno et al., 2015; Keskin et al., 2019) and
are supportive of an ability of these therapies to be protective
against tumor recurrence in melanoma (Ott et al., 2017) and to
induce vaccine-related tumor regression in melanoma (Sahin
etal., 2017). Adoptive transfer of autologous T cell products con-
taining high fractions of neoantigen-specific T cells has gener-
ated tumor regression in a range of cancer types (Tran et al.,
2014, 2016; Yee et al., 2002; Zacharakis et al., 2018) and has
further shown the ability to mediate durable complete regression
in a substantial fraction of patients with metastatic melanoma
(Goff et al., 2016; Rosenberg et al., 2011). Moreover, in these
neoantigen-targeting therapies, documented cases of off-target
immune response against the wild-type non-mutated peptide
are exceptionally rare (Schumacher et al., 2019; Stronen et al.,
2016; Tran et al., 2017) corroborating studies in animal models
showing no evidence of cross-reactivity between mutant pep-
tides and wild-type peptides (Alspach et al., 2019; Gubin et al.,
2014, 2015; Kreiter et al., 2015; Matsushita et al., 2012). Neoan-
tigen-targeting therapies are thus viewed as a safe and effective
approach to generate anti-tumor immune responses (Sahin and
Tireci, 2018; Yamamoto et al., 2019).

The ability to accurately and reproducibly identify neoanti-
gens capable of eliciting a tumor-specific immune response
from available sample material is paramount for the success
of these therapeutic approaches and is still early in develop-
ment (Garcia-Garijo et al., 2019; Hacohen et al., 2013; Nature
Biotechnology, 2017; Vitiello and Zanetti, 2017; Yadav et al.,
2014). Epitope immunogenicity is dependent on a complex
chain of events, including variant expression, peptide pro-
cessing, transport and presentation, and ultimately generation
of a T cell response. Predicting which somatic alterations will
generate immunogenic peptides relies on in silico algorithms
that leverage advances in next generation sequencing
(NGS), associated bioinformatic tools (Finotello et al., 2019;
Fritsch et al., 2014; Richters et al., 2019; Schumacher and Ha-
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cohen, 2016), and inferred rules governing epitope immuno-
genicity. These rules typically incorporate the predicted affin-
ity of that epitope to the specific HLA alleles associated with
the subject (Hoof et al., 2009; O’Donnell et al., 2018) as well
as filters and ranking criteria derived from a priori knowledge.
To date, proposed rules have been derived from a heteroge-
neous set of studies using a range of validation techniques
and models (Cohen et al., 2015; Hundal et al., 2016; f.uksza
et al., 2017; Rajasagi et al., 2014; Richman et al., 2019) and
may be further confounded by inherent biases present in the
single pipeline used to generate candidate epitopes. Although
crowdsourced biomedical research efforts (Saez-Rodriguez
et al., 2016) such as the Dialogue on Reverse Engineering
Assessment and Methods (DREAM) and the Critical Assess-
ment of Genome Interpretation (CAGI), have made substantial
contributions to improving methods for tumor subclonal
reconstruction (Salcedo et al., 2020), predicting phenotype
from exome sequencing (Daneshjou et al., 2017), multi-target
drug identification (Schlessinger et al., 2017), identifying the
effect of CDKN2A variants (Carraro et al., 2017), and others
(Guinney et al., 2017; Hoskins et al.,, 2017; Keller et al.,
2017; Kreimer et al., 2017), no such effort for neoepitope pre-
diction has been undertaken. To date, there does not yet exist
a comprehensive, unbiased resource with which the key pa-
rameters governing tumor epitope immunogenicity can be
systematically compared. Such a resource would further
enable comparison between different pipelines to improve
neoantigen prediction.

Here, we report on the results obtained by the Tumor Neoan-
tigen Selection Alliance (TESLA), a global community-based
initiative seeking to understand tumor epitope immunogenicity,
improve neoantigen prediction, and ultimately provide a broadly
accessible reference dataset for effective benchmarking. We
identify key parameters governing tumor epitope immunoge-
nicity by analyzing predictions made by multiple independent
pipelines on a common set of tumor samples and using a central-
ized set of validation experiments. Data from TESLA are avail-
able for download and serve as an open benchmark to accel-
erate the development of neoantigen-based therapies (https://
www.synapse.org/#!Synapse:syn21048999).

RESULTS

Consortium Structure

TESLA brings together teams of researchers from academia, in-
dustry, and non-profit groups to compare their approaches to neo-
antigen prediction through three main principles: (1) all teams are
provided the same genomic information derived from subject sam-
ples: tumor/normal whole exome sequencing (WES), tumor RNA-
sequencing, and clinical-grade HLA typing (STAR Methods); (2)
teams use these data to generate neoepitope predictions and re-
turn a ranked list of neoepitopes predicted to bind to the relevant
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Figure 1. Overview of TESLA Team Performance

(A) Schematic of TESLA.

Median Frac. Ranked

(B) Scatterplot of median number of peptides tested for immunogenicity (x axis) versus median number of peptides with validated immunogenicity (y axis). Dot
size represents the number of patients a given team submitted for.

(legend continued on next page)
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MHC class | molecules (pMHC) and elicit an immune response;
and (3) a subset of highly ranked predicted pMHC from each
team are tested in vitro to determine MHC binding and peptide
immunogenicity, the latter determined via the detection of
PMHC-restricted T cells in subject-matched peripheral blood
mononuclear cells (PBMCs) and/or tumor infiltrating T lympho-
cytes (TILs) (Figure 1A). A more complete description of TESLA,
including data collected, can be found in the STAR Methods and
Table S1, and QC metrics on the WES and RNA samples can be
found in Table S2.

TESLA Participation and Immunogenicity Validation
Results

Samples from six subjects were analyzed: 3 from subjects with
metastatic melanoma and 3 from subjects with non-small cell
lung cancer (NSCLC) (Table S3). 28 unique teams submitted
ranked neoantigen predictions on these samples; predictions
from 3 teams were excluded from further analyses due to an
insufficient number of subjects included in their prediction (at
least 2), and subsequent analyses were performed on the predic-
tions from 25 teams. Teams submissions ranged from 7-81,904
ranked pMHC per tumor sample (median: 204). From these sub-
mitted predictions, 608 peptides selected from among the top-
ranked peptides from all groups (median, 97/subject; range,
73-144, see Table S4 for complete list of tested peptides) were
tested for immunogenicity by pMHC multimer-based assays
and 37 (6%) of those were found to be immunogenic, a validation
rate similar to what has previously been reported (Yadav et al.,
2014). Each TESLA team had a median of 51 of their submitted
peptides tested of which on median 3 (6%) were immunogenic
(Figure 1B).

Prediction Overlap

To understand the extent to which the predictions differed be-
tween teams, we calculated the overlap of the top 100 ranked
pMHC for each pair of TESLA teams (see STAR Methods). The
median overlap is shown in Figure 1C. The overlap between
teams was low (less than 20%) in the majority of the cases.
The median overlap between teams was 13% with a maximum
overlap of 62%. Next, we looked at the Spearman correlation
of pMHC rank between teams which was also, on median, low
(rho less than 0.3) in the majority of cases (median correlation:
0.18) (shown in Figure 1D). Finally, we looked at the overlap be-
tween the top-100 ranked pMHC for one team with the entire list
(ranked and unranked) of another (Figure 1E). Median overlap in
this setting was substantially larger (32%), suggesting that the
lack of consensus in prediction by TESLA participants is driven

Cell

in part by differences in epitope filtering and/or ranking. Neoan-
tigen prediction pipelines in TESLA also showed substantial di-
versity in the features they used, suggesting one possible origin
of the observed diversity in rankings (Figure S1).

Identification and Ranking of Inmunogenic Peptides

To assess the performance of the different pipelines, we calcu-
lated three metrics (described in STAR Methods): (1) “AUPRC,”
the area under the precision recall curve, which measures the
ability of a team to rank immunogenic pMHC ahead of the pep-
tides for which T cell responses were not identified; (2) “fraction
ranked” (FR), which measures the fraction of immunogenic
pMHC for a given subject that a team included in their top-100
pPMHC, capturing the ability of a team to identify immunogenic
peptides; and (3) “top-20 immunogenic fraction” (TTIF), which
is a surrogate metric to approximate the fraction of peptides
that would be immunogenic in a therapeutic application (metrics
shown in (Figure 1F, all performance metrics for each submission
givenin Table S5). AUPRC and FR showed a weak yet significant
correlation (Figure 1G, top; rho = 0.42, p = 0.04, n = 25), whereas
TTIF was more strongly correlated with both metrics (Figure 1G,
center and bottom; rho = 0.66, p = 4*10~* and rho = 0.58, p =
3*1073, respectively), suggesting that the ability to rank and iden-
tify immunogenic peptides are related but distinct characteris-
tics of a neoepitope prediction pipeline, and both are strongly
associated with the ability to effectively produce an efficacious
set of peptides for a therapeutic. One allele had a significantly
higher validation rate than any other (A*03:01) but the values of
AUPRC, FR, and TTIF were found to be overall robust to the
presence of this allele (Figure S2). Taken together, these results
suggest that there are substantial differences among TESLA par-
ticipants in their ability to identify and rank immunogenic pMHC
and highlight the diversity of predictions used to generate
epitope candidates in TESLA.

Pipeline Combination Improves Prediction Performance
Every team identified and ranked at least one of the confirmed
immunogenic epitopes in their top 100 (across all patients), how-
ever, substantial differences were observed in the number and
ranking of these epitopes (Figure 2A). In particular, no team
included more than 20 of the 37 immunogenic peptides in their
top 100, and several of the identified immunogenic peptides
were predicted by only a small subset of teams. Thus, substan-
tial prediction diversity was observed, even for highly perform-
ing teams.

Another area where substantial prediction diversity is
observed is in somatic variant calling. In that field, researchers

(C) Heatmap of the median overlap (described in STAR Methods) in the top 100 predicted pMHC for each pair of teams.
(D) Heatmap of the Spearman correlation of rank between overlapping pMHC for each pair of teams.
(E) Heatmap of the median overlap between the top 100 predicted pMHC from one team (y axis) versus the entire submitted set of pMHC (ranked and unranked) of

another (x axis).

(F) AUPRC for each submission for each team. Dot size represents the fraction ranked for that particular submission. Bottom: boxplot of AUPRC, FR, and TTIF for

each team, aggregated over all submissions.

(G) Scatterplots of median AUPRC versus median FR (top), median TTIF versus median AUPRC (center), and median TTIF versus median FR (bottom) for each
team. Dot size represents the number of evaluable submission from that team included in the calculation. Rho, spearman rho; AUPRC, area under the precision

recall curve; FR, fraction ranked; TTIF, top twenty immunogenic fractions.
See also Figure S1 and Tables S1, S2, S3, and S5.
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Figure 2. Rational Combination of Neoantigen Predictions Improve Prediction Performance
(A) Overview of each pMHC across all of TESLA that validated in a multimer-based assay. For each pMHC, the rank of that pMHC for a given team is shown.

Places where a team did not identify a particular pMHC in any of their submissions are shown in gray. Bottom: for each peptide, the fraction of time that peptide
was ranked in different ranking groups (left).

(B) Schematic of prediction combination method along with metric calculation.

(legend continued on next page)
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have developed strategies to rationally combine predictions
from different callers to improve specificity while maintaining
sensitivity (Callari et al., 2017; Luksza et al., 2017). We hypothe-
sized that a similar approach could be beneficial for neoantigen
prediction and sought to identify the criteria under which the
combination of a pair of pipelines would be most likely to
improve neoantigen prediction. For each pair of pipelines that
provided predictions on a given sample, we combined those
predictions by intersecting them and re-ranking them by the
average rank of the remaining pMHC (Figure 2B). For a given
pair of pipelines, the change in predictive ability was captured
as difference from max TTIF of the two inputted predictions on
the same subject. Finally, for each pipeline pair, we defined
two metrics: overlap and relative difference. Briefly, overlap cap-
tures the extent to which pipeline predictions are similar,
whereas relative difference captures the difference in TTIF be-
tween each pipeline pair, for a given subject (depicted in Fig-
ure 2B; STAR Methods). 19% of pipeline combinations demon-
strated improved performance (Figure 2C). Pipeline pairs with
improved performance had a significantly more constrained dis-
tribution of overlap values (Figure 2D, p = 0.016, Kolmogorov-
Smirnov test) and a significantly smaller relative difference (Fig-
ure 2E, p = 0.015, Mann-Whitney U), and these two metrics
were independent (Figure 2F). Larger average TTIF values for
pairs of pipelines were positively correlated with the combined
TTIF values (Figure 2G, rho = 0.75, p < 10~ "%, Spearman correla-
tion), and pairs of pipelines with improved performance were
significantly more likely to produce combined TTIF values that
were larger than all previously observed TTIF values from single
pipelines for the same patient (OR = 6.06, p = 4*10~°, termed
“global improvement”). Finally, improved team pairs with
above-median TTIF over all patients were more likely to produce
prediction results that were global improvements (Figure 2F, p =
0.017, Mann-Whitney U). Together, these results suggest an
approach to improving neoantigen prediction that does not rely
on developing a pipeline with best-in-class performance: identify
two pipelines with consistently strong performance that produce
distinct predictions and combine those predictions using an
intersect and rank approach.

Presentation Features of Inmunogenic Peptides

We sought to characterize the features of peptides that were
associated with the presence of detectable antigen-specific
T cells compared to those that were not. The current model of
epitope immunogenicity proposes that for a peptide to elicit an
anti-tumor T cell response, it must first be presented by an
MHC | allele, and subsequently be recognized as foreign by a
T cell (Schreiber et al., 2011). As such, we first considered “pre-
sentation features” hypothesized to be associated with effective

Cell

antigen presentation: MHC binding affinity, expression of the
originating gene (“tumor abundance”), expected duration of
peptide-MHC interaction (“binding stability”), peptide hydro-
phobicity, and mutation position (Chowell et al., 2015; Duan
et al., 2014; Hundal et al., 2016; L.uksza et al., 2017; Rasmussen
et al., 2016). Peptide features are included in Table S4, and their
calculation is described in STAR Methods. Overall, a wide range
of values for each peptide presentation feature (Figure 3A) and
mutation position (Figure 3B) was observed. We next assessed
if these characteristics differed between immunogenic and
non-immunogenic pMHC. Immunogenic pMHC had significantly
stronger measured binding affinity (Figure 3C; p = 4*10~%, Mann-
Whitney U), significantly higher tumor abundance (Figure 3D; p =
0.01, Mann-Whitney U), significantly higher binding stability (Fig-
ure 3E, p = 1.4*10*, Mann-Whitney U), and were significantly
less hydrophobic (Figure 3F, p = 0.04, Mann-Whitney U) than
non-immunogenic tested pMHC. As seen previously (Abelin
etal., 2017), pMHC binding affinity was not correlated with tumor
abundance, and high tumor abundance did not compensate for
weak binding affinity in immunogenic pMHC (Figure 3G,
Spearman rho). However, pMHC binding affinity was signifi-
cantly inversely correlated with binding stability (Figure 3H, p <
1075, Spearman rho), and binding stability was positively corre-
lated with the peptide hydrophobicity (Figure 3, p = 5107,
Spearman rho), although this association was less pronounced
in immunogenic peptides. Finally, in this dataset, immunogenic
peptides were never derived from mutations that changed the
second amino acid in a peptide (p = 0.006; Fisher exact test),
although this was the most commonly predicted mutation loca-
tion, while they were much more likely to be derived from muta-
tions to the third amino acid (p = 0.003; Fisher exact test; Fig-
ure 3J). We note that the second amino acid is the anchor
residue for peptides of multiple lengths (Chowell et al., 2015).
Furthermore, immunogenic peptides of 10 amino-acid length
were found to be enriched in mutations in the presented residues
of the peptides (position 3 to 7), while no position-dependent
enrichment was found in 9-mers peptides (Figure 3K). Overall,
the majority of tested peptides were 9- and 10-mers, and no as-
sociation was found between peptide length and immunoge-
nicity (Figure S3).

Although each feature considered above was found to be
associated with peptide immunogenicity, interdependence be-
tween features makes it challenging to identify an optimal
threshold set to differentiate immunogenic versus non-immuno-
genic peptides. To overcome this, we developed a repeated-
random-subsample-based method to identify a set of features
and associated threshold values that stratify immunogenic pep-
tides (strategy depicted in Figure 3L, described in STAR
Methods). We applied this method to our peptide set to identify

(C) Histogram of average change in combined TTIF. Yellow, combination improves prediction on average; blue, combination is detrimental to prediction on

average.

(D) Density plot of average overlap, stratified by improvement status. Distributional difference assessed by Kolmogorov-Smirnov test.

(E) Boxplot of relative difference stratified by improvement status. *: p < 0.05.

(F) Scatterplot of average overlap by relative difference. Ellipses represent best fit at one standard deviation. Rho, Spearman rho.

(G) Combined TTIF by the average of the two initial TTIF values, by team pair and patient. Color represented improvement status (as in C), and shape represents if
a particular value was a global improvement (larger than all previous TTIF values for that patient, triangle) or not (circle). (F) Fraction of predictions that are global
improvements stratified by whether average team-pair TTIF is above or below the median. *p < 0.05.
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Figure 3. Presentation Features Associated with Peptide Inmunogenicity

(A) Histogram of each feature considered.

(B) Heatmap of peptide length compared to mutation position.

(C) Violin plot of binding affinity stratified by peptide immunogenicity. ****: p < 107, Mann-Whitney U test.

(D) Violin plot of tumor abundance stratified by peptide immunogenicity. **p < 0.01, Mann-Whitney U test.

(E) Violin plot of binding stability stratified by peptide immunogenicity. “***p < 0.001, Mann-Whitney U test.

(F) Boxplot of peptide hydrophobicity fraction stratified by peptide immunogenicity. *p < 0.05, Mann-Whitney U test.
(G) Scatterplot of binding affinity compared to tumor abundance. Correlation: Spearman rho.

(H) Scatterplot of binding affinity compared to binding stability. Correlation: Spearman rho.

(legend continued on next page)
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optimal thresholds for each presentation feature (i.e., binding af-
finity, tumor abundance, binding stability, fraction hydrophobic,
and mutational position)—shown in Figure 3L. 286 (out of the
608) peptides had measurements of all 5 of these variables,
and it is this set we analyzed. Using our approach, we identified
a set of thresholds on these variables that filtered out 93% of
non-immunogenic peptides while maintaining 55% of immuno-
genic peptides (Figure 3L, p = 3.71078, Fisher’s exact test).
This threshold set is composed of binding affinity less than
34 nM, tumor abundance greater than 33 TPM, and binding sta-
bility greater than 1.4 h. Because each of the variables consid-
ered here is associated with robust, durable peptide presenta-
tion, we term any peptide that passes all filters “presented,”
and a total of 29 peptides are included in this group (shown in
Figure 3L). Notably, several of the thresholds identified by our
model, including thresholds for minimum binding affinity and tu-
mor abundance, are substantially more stringent than proposed
in existing literature (Bulik-Sullivan et al., 2018; Rajasagi et al.,
2014). Neither peptide hydrophobicity nor mutational position
was found to be important for optimal filtering. Of those immuno-
genic peptides that were filtered out, 50% (5/10) were filtered out
due to low tumor abundance, whereas 40% (4/10) were filtered
out by more than one filter (Figure S4). These results identify
MHC binding affinity, binding stability, and tumor abundance
as crucial presentation-associated parameters associated with
peptide immunogenicity.

Recognition Features of Inmunogenic Peptides

We next considered two peptide features hypothesized to be
associated the absence of pre-existing tolerization: “agretopic-
ity” —the ratio of mutant binding affinity to wild-type binding af-
finity (Duan et al., 2014; Ghorani et al., 2018) and “foreign-
ness” —TCR recognition probability derived from homology to
known pathogenic peptides in IEDB (Balachandran et al.,
2017; tuksza et al., 2017; Richman et al., 2019). We reasoned
that these two features would be associated with immunoge-
nicity only among peptides that were the likeliest to be pre-
sented. Thus, we considered only the 29 pMHC that passed all
of the presentation-associated criteria defined in the previous
section. Specifically, the pMHC in this set all had MHC binding
affinity stronger than 34 nM, tumor abundance greater than 33
TPM, and binding stability greater than 1.4 h. This pMHC set
was comprised of 12 immunogenic peptides and 17 non-immu-
nogenic peptides. For these pMHC, agretopicity and foreignness
were found to be independent of presentation-associated pa-
rameters (Figure 4B). Furthermore, we observed that the majority
of these pMHC had agretopicity greater than 0.1 and foreignness
less than 10~'® (Figure 4C), while smaller subsets were found to
have values that were orders of magnitude smaller (agretopicity,
“group 1”) or larger (foreignness, “group 2”). These subsets of

Cell

low agretopicity or high foreignness pMHC were mutually exclu-
sive (p = 0.005, binomial test). We term the presence of either low
agretopicity or high foreignness as “recognition” and term any
peptide in either group 1 or group 2 as “recognized.” Impor-
tantly, recognition is defined here as purely a property of a pep-
tide, and is not a priori associated with the immunogenicity of
that peptide in a particular patient.

Recognized peptides were strongly enriched inimmunogenic
PMHC (Figure 4D, p = 0.003, Fisher’s exact test; odds ratio,
14.3). The significance of this enrichment was found to be
robust to the threshold values of binding affinity, tumor abun-
dance and binding stability used to select the presented set
(Figure S5). Among the 29 presented peptides, those in group
1 were enriched in mutations near anchor residues compared
to those in group 2. (Figure 4E, p = 0.03, Fisher’s exact test).
These results suggest that agretopicity and foreignness are
distinct, mutually exclusive peptide features that together
enrich for presented peptides, which are more likely to generate
a T cell response.

Our results highlight 4 distinct, independent pMHC features—
strong binding affinity, high tumor abundance, high binding sta-
bility, and peptide recognition—that when all present, greatly
enrich for immunogenicity, and the overlap in these features
across the entire 286 pMHC considered in this analysis is shown
in Figure 4F. The presence of all four features was very strongly
enriched in immunogenic peptides (Figure 4G, p = 6*1071°,
Fisher’s exact test; odds ratio: 51.7), filtering out 98% of non-
immunogenic peptides while preserving 45% of immunogenic
ones. We finally compared the effects of the presentation and
recognition filters using precision recall curves in Figure 4H.
Ranking pMHC only by their measured MHC binding affinity
had a uniform precision less than 20%. Ranking pMHC first by
their presented status and subsequently by MHC binding affinity
had an optimal precision of ~50% with 55% recall, while ranking
presented and recognized pMHC and then ranking by MHC
binding affinity had an optimal precision greater than 70% with
arecall of 45% (see STAR Methods). Our results support an inte-
grative model of peptide immunogenicity that requires both
MHC presentation and T cell recognition and where T cell recog-
nition can be achieved through low peptide agretopicity or high
peptide foreignness.

Submission Features Associated with Pipeline
Performance

Based on these identified characteristics of tumor epitopes, we
hypothesized that neoantigen prediction pipelines that priori-
tized these characteristics would perform better. We addressed
this question by analyzing the core output of each pipeline,
a ranked list of pMHC. For each submitted pMHC list, we
calculated a set of 14 distinct, quantitative features, described

(I) Scatterplot of binding stability compared to hydrophobicity fraction. Correlation: Spearman rho.
(J) Barplot of mutation position, normalized to each subset (immunogenic/non-immunogenic) separately. **p < 0.01, Fisher’s exact test.
(K) Length-dependent enrichment of mutational position. Enrichment calculated as odds ratio from Fisher’s exact test. Gray denotes pairs that did not occur in our

dataset.

(L) Schematic of cross-validation scheme to select feature and threshold set. BA, binding affinity; TA, tumor abundance; BS, binding stability; FH, fraction hy-
drophobic; MP, mutation position. Right: contingency table using the optimal stratification parameters (below). p, Fisher’s exact test.

See also Figures S2, S3, S4, and S5 and Table S4.
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Figure 4. Recognition Features Associated with Peptide Inmunogenicity

(A) lllustration of agretopicity and foreignness features.

(B) Correlation between recognition and presentation associated features. Correlation calculated with spearman rho. All correlations not significant.

(C) Histograms of agretopicity (left) and foreignness (right) among presented peptides.

(D) Scatterplot of foreignness compared to agretopicity. Color: immunogenicity. Gray boxes denote low agretopicity or high foreignness peptides. Right: con-
tingency table comparing validation status to recognition status among presented peptides. p, Fisher’s exact test; OR, odds ratio.

(E) Barplot of mutation position by low agretopicity or high foreignness. *: P < 0.05.

(F) Upset plot of all four features associated with immunogenicity. Right: total number of peptides with that feature present.

(G) Contingency table over all peptides comparing validation status to presented and recognized status. p, Fisher’s exact test; OR, odds ratio.

(H) Precision-recall curves of peptides ranked only by MHC binding affinity (left), prioritizing presented peptides (center), and prioritizing presented and
recognized peptides (right). Circles represent optimal precision-recall tradeoffs.
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Figure 5. Directed Interventions on Submission Features Improves Neoantigen Pipeline Performance
(A) Spearman correlation between each feature pair across all teams. Feature IDs are those in (A).
(B) Spearman correlation between 3 performance metrics (AUPRC, FR, and TTIF variability) and the 17 submission features plotted in (A) over all submissions. ***:

q<0.05;*:q<0.1; ": 9 < 0.25.

(C-H) Two pipeline performance metrics are considered (AUPRC, C-E; TTIF, F-H), and for each metric, three interventions are demonstrated. For each inter-
vention, the boxplot (left) shows the change in the performance metrics from the original prediction to the new prediction (post intervention). Significance values
are calculated using a paired Mann-Whitney U test. **p < 0.001; ****p < 1075, The histogram (right) shows the distribution of changes to the performance metric.

Red line, median; m, median improvement; Fl, fraction improved.
See also Figure S6 and Table S6.

in Table S6, termed “submission features.” In general, there was
limited correlation between these values, and only 20% of
possible submission feature pairs had a significant correlation
(Figure 5A). Thus, this set of submission features captured
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numerous, distinct elements of each submission from a partici-
pants’ pipeline.

We sought to identify associations between submission fea-
tures and overall metrics of pipeline performance. We calculated
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Figure 6. Predicted and Recognized Neoantigen Abundance Is Associated with Overall Survival to Anti-PD1

(A) Patient cohort table displaying primary type, treatment, previous immunotherapies, and presence of sequencing.

(B) Kaplan-Meier plot of overall survival stratified by CNB-high/low status. p value, log rank test.

(C) Kaplan-Meier plot of overall survival stratified by PNA-high/low status. p value, log rank test.

(D) Kaplan-Meier plot of overall survival stratified by PRNA-high/low status. p value, log rank test. All high/low cutoffs were taken to be the median across the

cohort.

the Spearman correlation between these 14 submission features
and the three performance metrics introduced previously (TTIF,
FR, and AUPRC) (Figure 5B). Numerous submission features
were correlated with TTIF, FR, and AUPRC. Submissions that
prioritized pMHC with stronger MHC binding affinity (feature 1),
more stringently filtered out pMHC with weak MHC binding affin-
ity (feature 3), low tumor abundance (feature 5), and low binding
stability (feature 6) all performed better across numerous met-
rics. Conversely, submissions that explicitly prioritized peptide
foreignness (features 8 and 9), agretopicity (features 10 and
11), or both (feature 13), without accounting for presentation,
either had no difference in performance or performed worse.
Correlation between predicted binding affinity and measured
binding affinity (feature 2) was not associated with improved pre-
diction performance. Finally, submissions with a large fraction of
their top 100 pMHC presented (feature 12) or presented and
recognized (feature 14) had substantially larger values of TTIF,
FR, and AUPRC. Together, these results demonstrate that sub-
missions that prioritized strong binding affinity, high tumor abun-
dance, and high binding stability, potentially coupled with pep-
tide recognition, had superior performance in TESLA.

Directed Interventions Improve Pipeline Performance

We identified traits of neoantigen prediction pipelines that
are correlated with improved ability to rank and identify neoan-
tigens. We next sought to understand if the implementation of
these traits would improve prediction. For AUPRC and TTIF
separately, we implemented a particular intervention on the

filtering and/or ranking in all submissions (Figures 5C-5H).
The three interventions considered were to remove all pMHC
with binding affinity greater than 34 nM (Figures 5C and 5F), re-
move all pMHC that do not pass the presented criteria from
Figure 3 (Figures 5D and 5G), and remove all pMHC that do
not pass both the presented and the recognized criteria from
Figure 4 (Figures 5D and 5G). In all cases, these interventions
significantly improved prediction compared to the initial sub-
mission set. Notably, although filtering on MHC improved only
a fraction of submissions (AUPRC, 67%; TTIF, 38%), these
values were greatly increased upon filtering for presentation
and presentation and recognition. Furthermore, these interven-
tions were rarely detrimental to prediction. Together, these re-
sults demonstrate that neoantigen prediction performance can
be substantially improved through the implementation of pipe-
line interventions identified by TESLA. We also applied these in-
terventions to a set of predictions made by an independent set
of TESLA teams who joined the consortium after peptide selec-
tion was complete. In this setting as well, the interventions
identified here significantly improved neoantigen prediction
(Figure S6).

Predicted and Recognized Neoantigen Abundance Is
Associated with Overall Survival to PD1 Blockade

Tumor mutation burden (TMB) has been proposed as a
biomarker for response to immune checkpoint inhibitors (ICl)
(Samstein et al., 2019), however, its predictive value is inconsis-
tent (fuksza et al., 2017) and in diseases such melanoma, may
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Figure 7. Features Associated with Improved Neoepitope Prediction in a Validation Cohort

(A) Schematic of the validation experiment.

(B) Violin plot of binding affinity stratified by peptide immunogenicity. **: p < 1072, Mann-Whitney U test.
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be confounded with primary type (Liu et al., 2019). Based on our
results above, we hypothesized that a metric that integrates rele-
vant aspects of both tumor epitope presentation and recognition
may offer improved predictive power for benefit from ICI. Thus,
we developed the metric predicted and recognized neoantigen
abundance (PRNA), the sum abundance of all mutations that
satisfy both the “presented” criteria and the ‘“recognized”
criteria (STAR Methods). We sought to determine if this metric
would outperform other metrics which do not incorporate all
relevant features of tumor epitope immunogenicity, by
comparing it to classical neoantigen burden (CNB, an analog
of TMB that filters out only those mutations with MHC binding af-
finity greater than 500 nM) and to the predicted neoantigen abun-
dance (PNA, the sum abundance of all mutations that satisfy the
“presented” criteria, STAR Methods). We applied these metrics
to a cohort of 55 melanoma patients homogeneous in treatment
(anti-PD1), primary type (cutaneous), and treatment history (ICI-
naive), who all had whole exome and RNA-sequencing of tumor
biopsy samples before treatment initiation (Liu et al., 2019) (Fig-
ure 6A). On these samples, we calculated CNB, PNA, and PRNA.
Stratifying this patient cohort by the median value of each metric
showed no significant association with CNB or PNA with overall
survival (Figures 6B and 6C, p: log rank test). However, patients
with tumors with above-median PRNA values did have signifi-
cantly longer overall survival than those with below-median
PRNA values (Figure 6D, p = 0.063, log rank test). Furthermore,
PRNA-high patients were ~50% more likely to survive longer
than 2 years. These results suggest that the integrated portrait
of epitope immunogenicity developed here may help improve
understanding of response to ICI.

Validation in an Independent Cohort

To assess whether the results identified herein are robust
beyond our initial cohort, we identified an independent cohort
of 3 melanoma patients with whole exome tumor-normal DNA
sequencing and tumor RNA sequencing from tissue samples
and for which 310 pMHC had been tested for immunogenicity
using a tetramer-based assay in patient-matched PBMC sam-
ples (Figure S7; Table S7). Of those pMHC tested, 4 were found
to be immunogenic (Figure 7A). In this cohort, immunogenic pep-
tides had significantly stronger binding affinity (Figure 7B, p =
0.012, Mann-Whitney U); significantly higher tumor abundance
(Figure 7C, p = 0.033, Mann-Whitney U), and longer binding sta-
bility (Figure 7D, p = 0.067, Mann-Whitney U). Applying the same
repeated-random-subsample method on these peptides identi-
fied a threshold set that incorporated all three of these features
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with similar values to our initial cohort and that filtered out 97%
of non-immunogenic peptides while preserving 75% of immuno-
genic ones (Figure 7E, p = 91075, odds ratio: 116.5; Fisher’s
exact test). Of the remaining 10 pMHC that met all of the “pre-
sented” criteria, 100% of immunogenic pMHC also met the
recognition criteria (low agretopicity or high foreignness),
whereas only 28% of non-immunogenic pMHC did (Figure 7F).
Filtering pMHC on both presentation and recognition criteria
achieved a recall of 75% and filtered out 99% of non-immuno-
genic peptides (Figures 7G and 7H; p = 8*107°, odds ratio:
348, Fisher’s exact test). Finally, to assess if these parameters
were associated with improved neoantigen prediction, we gath-
ered neoepitope predictions from the DNA and RNA sequencing
data from four TESLA participants. Although the predictive ability
of participants on these data was low, potentially owing to
reduced number of identified immunogenic peptide, interven-
tions identical to those on the initial cohort demonstrated marked
improvement in neoepitope prediction, with the large majority of
submissions showing substantial improvement (Figure 71).

DISCUSSION

Effective neoantigen prediction relies on understanding the pa-
rameters governing epitope immunogenicity. By directly
measuring epitope immunogenicity in patient-matched T cells,
we uncover features of peptides and pMHC associated with
in vivo immune recognition to construct an integrated model of
tumor epitope immunogenicity. Because candidate epitopes
were drawn from a broad set of prediction pipelines, we
increased the diversity of tested predictions and removed poten-
tial bias associated with using predictions from only a single
pipeline. The importance of the features we identify, such as
agretopicity and foreignness, has previously been hypothesized
from in vitro or otherwise indirect methods, and this is among the
first studies demonstrating their importance in a human cancer
setting. These results comprehensively characterize ~50% of
immunogenic tumor epitopes: they are those tumor peptides
that have strong MHC binding affinity and long half-life, are ex-
pressed highly, and have either low agretopicity or high
foreignness.

This work does not address 4 further considerations about
neoepitope immunogenicity. First, the peptides tested were
generated from small somatic variants (SNV and/or indels); com-
plex variant structures such as fusion proteins (Yang et al., 2019),
splice-isoforms (Kahles et al., 2018; Robinson et al., 2019), aber-
rantly expressed introns of mutant genes (Smart et al., 2018),

C) Violin plot of tumor abundance stratified by peptide immunogenicity. *: p < 0.05, Mann-Whitney U test.

(
(D) Violin plot of binding stability stratified by peptide immunogenicity. p = 0.06, Mann-Whitney U test.
(E) Contingency table using optimal stratification parameters (below). p, Fisher’s exact test.

(F) Scatterplot of foreignness compared to agretopicity. Color: immunogenicity. Right: contingency table comparing validation status to recognition status among
presented peptides. p, Fisher’s exact test; OR, odds ratio.

(G) Precision-recall curves of peptides ranked only by MHC binding affinity (left), prioritizing presented peptides (center), and prioritizing presented and
recognized peptides (right). Circles represent optimal precision-recall tradeoffs.

(H) Contingency table over all peptides comparing validation status to presented and recognized status. p, Fisher’s exact test. OR, odds ratio.

(I) Two pipeline performance metrics are considered (AUPRC, top; TTIF, bottom), and for each metric, three interventions are demonstrated. For each inter-
vention, the boxplot (left) shows the change in the performance metrics from the original prediction to the new prediction (post intervention). The histogram (right)
shows the distribution of changes to the performance metric. Red line, median; m, median improvement; Fl, fraction improved.

See also Table S7.
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modified peptides (Cobbold et al., 2013), or non-proteinaceous
antigens, which are currently difficult to identify using common
genomic approaches, were not considered. In some cases,
however, neoantigens arising from these variants may represent
major classes of highly immunogenic abnormal molecules ex-
pressed in tumor cells (Smith et al., 2019). Second, we focused
our validation efforts on identifying peptides associated with
pre-existing T cell specificities. By definition, these would arise
from tumor neoantigens that are sufficient to drive naturally
occurring immune responses. However, this validation approach
might overlook neoantigens whose immunogenicity could be
enhanced by appropriate vaccination approaches. Third, our
validation approach focused only on MHC-I restricted antigens
and did not take into account the important role that MHC-II
restricted antigens, and more broadly, the role CD4" T cells,
play in the development of effective immune responses to tu-
mors (Abelin et al., 2019; Alspach et al., 2019; Kreiter et al.,
2015; Ott et al., 2017). Finally, the approach we take here looks
at immunogenicity of tumor antigens in patient-matched sam-
ples and does not address the rules governing epitope immuno-
genicity in the context of allogeneic T cells (Stranen et al., 2016).
Identifying those rules may aid in the development of allogeneic
neoantigen-directed adoptive T cell therapies (Bethune and Jo-
glekar, 2017).

The analysis approach we take attempts to balance between
specificity and sensitivity in the identification of neoepitopes. In
some treatment settings, however, like in RNA-based vaccines
or in searching for tumor-reactive TIL (Sahin et al., 2017; Yama-
moto et al., 2019), specificity is not as serious a challenge, and
the parameter values used here may be tuned to increase sensi-
tivity or other metrics of interest. Furthermore, although this
study identified key parameters governing epitope immunoge-
nicity, the values of those parameters may differ based on the
approach used for DNA/RNA sequencing, binding affinity pre-
diction, and other bioinformatic steps, as well as the type of can-
cer. Notably, the tumor types considered here are characterized
by a high mutational burden originating from exposure to UV ra-
diation (melanoma) or cigarette smoke (NSCLC), which could in-
fluence the peptides included in this study (Hellmann et al., 2018;
Samstein et al., 2019). As such, parameter values in other set-
tings may need further calibration to optimally meet the criteria
for a particular treatment setting and approach. For these rea-
sons, it is our goal that the data assembled here be a resource
for the community to identify new features that differentiate
immunogenic pMHC, calibrate and tune neoepitope prediction
pipelines for particular use cases, and ultimately, be used to
benchmark and improve neoantigen prediction methods.
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KEY RESOURCES TABLE

Cell

REAGENT or RESOURCE

SOURCE

IDENTIFIER

Antibodies

BUV805 mouse anti-human CD45 [clone HI30]
BUV395 mouse anti-human CD3 [clone UCHT1]

BD Bioscience
BD Bioscience

Cat#564915; RRID:AB_2744401
Cat#563546; RRID:AB_2744387

AlexaFluor700 mouse anti-human CD8a [clone HIT3a] Biolegend Cat#300919; RRID:AB_528884
FITC mouse anti-human CD16 Antibody [Clone: 3G8] Biolegend Cat#302006; RRID:AB_314206
FITC mouse anti-human CD14 Antibody [Clone: M5E2] Biolegend Cat#301804; RRID:AB_314186
FITC mouse anti-human CD40 Antibody [Clone: 5C3] Biolegend Cat#334306; RRID:AB_1186034
FITC mouse anti-human CD4 Antibody [Clone: SK3] Biolegend Cat#344604; RRID:AB_1937227
FITC mouse anti-human CD19 Antibody [Clone: HIB19] Biolegend Cat#302206; RRID:AB_314236
LIVE/DEAD® Fixable IR Dead Cell Stain Kit ThermoFisher Cat#L34975

PE-CY7 Streptavidin Life Technologies Cat#501137616

Brilliant Violet 650 Streptavidin Biolegend Cat#405231

Brilliant Violet 605 Streptavidin Biolegend Cat#405229

Brilliant Violet 711 Streptavidin Biolegend Cat#405241

Brilliant Violet 421 Streptavidin Biolegend Cat#405225

Brilliant Violet 510 Streptavidin BD Bioscience Cat#BDB563261

APC Streptavidin Life Technologies Cat#SA1005

PE Streptavidin Biolegend Cat#405204

PE-CF594 Streptavidin BD Bioscience Cat#BDB562318

W6/32 (anti-HLA class I) ATCC HB-95

Bacterial and Virus Strains

BL21-CodonPlus(DE3)-RIPL Competent cells Agilent Technologies Cat#230280

Biological Samples

Tumor lysates from patients with NSCLC This paper N/A

Human PBMCs from patients with metastatic melanoma This paper N/A

Chemicals, Peptides, and Recombinant Proteins

UltraComp eBeads Compensation Beads Life Technologies 01-2222-42

NaN3 Sigma Aldrich Cat# S2002

D-biotin Sigma Aldrich Cat# B4501

HRP anti-human b2-microglobulin BioLegend Cat# 280303

MP1 Influenza A: GILGFVFTL Peptide 2.0 N/A

P1804 EBV1: RVRAYTYSK Peptide 2.0 N/A

PB1 Influenza: VSDGGPNLY Peptide 2.0 N/A

EBV: YVLDHLIVV Peptide 2.0 N/A

1807 EBV: RAKFKQLL Peptide 2.0 N/A

1813 EBV: IVTDFSVIK Peptide 2.0 N/A

1822 Influenza A: SRYWAIRTR Peptide 2.0 N/A

1824 EBV: RRIYDLIEL Peptide 2.0 N/A

EBV6’ EBNAC3:EENLLDFVRF Peptide 2.0 N/A

1803 A3 influenza A: RVLSFIKGTK Peptide 2.0 N/A

Putative neo-antigens for patient samples This paper N/A

Dynabeads MyOne T1 streptavidin-coated NPs Invitrogen Cat#65602

(500 nm radius)

CellTracker Orange CMRA Dye ThermoFisher Cat#C34551
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Bovine Serum Albumin (BSA) heat-shock fraction Sigma-Aldrich A3059

Critical Commercial Assays

AllPrep DNA/RNA Kit QIAGEN catalog #80204

RNeasy MinElute Clean-up Kit

Sigma 52365-50G

catalog #52365-50G

KAPA HTP Library Kit (KAPA Biosystems) Roche 7961901001
TruSeq Stranded Total RNA with RiboZero Plus lllumina 20020598
Deposited Data

Whole exome sequencing data (melanoma cohort) Liu et al., 2019 phs000452.v3.p1
Transciptome data (melanoma cohort) Liu et al., 2019 phs000452.v3.p1
Whole exome sequencing data (melanoma and This paper syn21048999
NSCLC patients)

Oligonucleotides

DNA for NP modification (ssDNA, 5’-biotin-) Peng et al., 2019 N/A

DNA for barcoding (ssDNA, 5-Cy5/Cy3/AlexaFluor488/ Peng et al., 2019 N/A
AlexaFluor750)

DNA for streptavidin labeling (ssDNA, 5-NH,-) Peng et al., 2019 N/A

Recombinant DNA

Plasmid containing SAC gene
HLA-A*02:01 plasmid
B-2-microglobulin plasmid

Sano and Cantor, 1990
Andersen et al., 2012
Andersen et al., 2012

Addgene Plasmid #17329
N/A
N/A

Software and Algorithms

FlowJo, LLC version 10.5.3

FacsDiva, BD software version 8

Becton Dickinson

Becton Dickinson

https://www.flowjo.com/solutions/flowjo/downloads/
previous-versions
https://www.bdbiosciences.com/en-us/instruments/
research-instruments/research-software/flow-
cytometry-acquisition/facsdiva-software

Other
UV-lamp 366nm CAMAG Cat# 022.9070
HiTrap Q HP GE Healthcare Cat# 17-1154-01

RESOURCE AVAILABILITY

Lead Contact

Further information and requests for resources and reagents will be fulfilled by the Lead Contact, Daniel K. Wells (dwells@

parkerici.org).

Materials Availability

Tetramers used in TESLA are available upon signature of an MTA.

Data and Code Availability

TESLA data is available here: https://www.synapse.org/#!Synapse:syn21048999. All molecular data (WES and RNA) from the mel-
anoma cohort can be found in dbGap (accession number phs000452.v3.p1) and clinical variables can be found as supplemental in-
formation in the associated manuscript (Liu et al., 2019). Code to recreate the scoring metrics used in this study can be found here:
https://github.com/ParkerICl/tesla.

EXPERIMENTAL MODEL AND SUBJECT DETAILS

All clinical investigation was conducted according to the principles expressed in the Declaration of Helsinki. Written informed consent
was obtained from the participants. Samples were collected under Institutional Review Board (IRB).

Cell 183, 1-17.e1-e6, October 29, 2020 e2


mailto:dwells@parkerici.org
mailto:dwells@parkerici.org
https://www.synapse.org/#!Synapse:syn21048999
https://github.com/ParkerICI/tesla
https://www.flowjo.com/solutions/flowjo/downloads/previous-versions
https://www.flowjo.com/solutions/flowjo/downloads/previous-versions
https://www.bdbiosciences.com/en-us/instruments/research-instruments/research-software/flow-cytometry-acquisition/facsdiva-software
https://www.bdbiosciences.com/en-us/instruments/research-instruments/research-software/flow-cytometry-acquisition/facsdiva-software
https://www.bdbiosciences.com/en-us/instruments/research-instruments/research-software/flow-cytometry-acquisition/facsdiva-software

Please cite this article in press as: Wells et al., Key Parameters of Tumor Epitope Immunogenicity Revealed Through a Consortium Approach
Improve Neoantigen Prediction, Cell (2020), https://doi.org/10.1016/j.cell.2020.09.015

¢? CellPress Cell

METHOD DETAILS

Subjects, Treatment, and Specimen Collection

The study was conducted with samples from subjects with metastatic melanoma or non-small cell lung cancer (NSCLC), previously
collected and stored at UCLA or MSKCC respectively, and for which adequate matched pre-treatment control/tumor biopsy were avail-
able along with baseline and/or on-treatment matched peripheral blood mononuclear cells (PBMCs; melanoma) or tumor lysates
(NSCLCQ). Collection and genomic analyses of the melanoma tumor biopsies, corresponding normal samples and PBMC were approved
by UCLA Institutional Review Board 11-001918 and 11-003066. Collection and genomic analyses of the NSCLC tumor biopsies, cor-
responding normal samples and tumor lysates were approved by MSKCC Institutional Review Board 06-107. In all cases, tumor bi-
opsies used in genetic analyses were snap-frozen by immediate immersion in liquid nitrogen for genetic analyses. PBMCs were pre-
pared from fresh whole blood by Ficoll-Paque density gradient centrifugation and cryopreserved. Tissue lysate was prepared as
described below. Additional information on the subjects with melanoma and NSCLC included in this analysis can be found in Table S3.

Tissue lysate preparation

Tumor sample lysate was prepared using the Miltenyi gentleMACS Octo Dissociator (Bergish, Germany). Briefly, tumor samples were
placed in a 100mm culture dish in serum free RPML medium and minced into small pieces (1-3mm?) with sterile scalpels. Minced
tumor was submerged in 10mL of disassociating solution in a C tube and subsequently incubated at 37°C using the Human Tumor
Dissociation cycle “1 hour with continuous shaking” in the gentleMACS Octo Dissociator. Once complete, tumor was passed
through a 100 pM sterile cell strainer (BD Falcon) on a 50mL conical tube and spun at 1500 RPM for 7 minutes in a refrigerated centri-
fuge. Cells were resuspended in freezing media at a concentration of approximately 3 million cells/mL and transferred into 1mL cryo-
vial aliquots. Cells were stored at —80°C in a slow freeze container, and transferred to liquid nitrogen for long term storage.

Whole Exome Sequencing and RNA Sequencing

Both DNA and RNA were co-extracted from snap-frozen tumor biopsies using the QIAGEN AllPrep Kit according to the manufac-
turer’s instructions (QIAGEN, Valencia, CA). Melanin, a known inhibitor of enzymatic reactions, coprecipitates with the RNA, therefore
the RNA required further purification performed as described (Lagonigro et al., 2004), modified with a RNeasy (QIAGEN, Valencia, CA)
column-based clean-up to remove the additives used to bind the melanin.

IDT Exome

Automated (dual indexes) were constructed with 200-250ng of genomic DNA utilizing the KAPA HTP Library Kit (KAPA Biosystems)
according to the manufacturer’s instructions. Automated libraries were performed on the SciClone NGS (Perkin Elmer) instrument
targeting 200-250bp inserts. Samples were pooled in a 1:1 ratio and processed through the capture pipeline in the McDonnell
Genome Institute at Washington University School of Medicine (St. Louis, MO). Libraries were pooled prior to capture hybridizations
with IDT Exome Library IDT xGen Exome Research Panel that spans a 39 Mb target region (19,396 genes). Capture processing was
performed following the company protocol. KAPA gPCR was used to quantify the libraries and determine the appropriate concen-
tration to produce optimal recommended cluster density on a HiSeq4000 v2 (PE150bp) sequencing run. Sample pools were
sequenced on two lanes of an lllumina HiSeg4000 v2 (PE150bp) instrument. All sequencing runs were completed according the man-
ufacturer’s recommendations (lllumina Inc, San Diego, CA)

RNA-seq

Manual libraries (single indexes) were constructed utilizing lllumina TruSeq Stranded total RNA kit (lllumina) (100-500ng of total RNA)
according to the manufacturer’s instructions. KAPA gPCR was used to quantify the libraries and determine the appropriate concen-
tration to produce optimal recommended cluster density on a HiSeq4000 v2 (PE150bp) sequencing run. Final pool of samples were
sequenced across two lanes HiSeg4000. All sequencing runs were completed according the manufacturer’'s recommendations (Il-
lumina Inc, San Diego, CA).

Human Leukocyte Antigen (HLA) typing
Clinical grade (six-digit) HLA typing was obtained for each subject from the normal DNA by Histogenetics (Ossining, NY)

Peptide Synthesis
Peptides > 90% pure by analytical HPLC were synthesized by New England Peptides (Gardner, MA).

Neoepitope Predictions

Once sequencing of samples was completed, fastq files of tumor DNA sequence, tumor RNA sequence, and normal DNA sequence

were uploaded to Sage Bionetworks Synapse platform (https://synapse.org/) along with clinical grade HLA typing information. These

data were made accessible to the consortium participating teams to identify neoepitopes using their respective prediction pipeline.
To enable comparison across the different pipelines, all participants were required to align sequence data to GRCh38 (Ensembl).

All participants were required to submit three files for each sample for which they predicted neoepitopes:
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® A ranked list of neoepitopes and the HLA allele those neoepitopes were identified with
® An unranked list of filtered neoepitopes and the HLA allele those neoepitopes were identified with
o A list of identified variants

Additional requirements, including a detailed description of each of the above files is found in Table S1. Teams were asked to com-
plete their predictions in 6 weeks after downloading the data.

Workflow Survey

As part of their submissions, the teams were asked to include a description of the steps included in their neoantigen prediction work-
flow in a numbered list in a text file. These free text workflow descriptions were manually reviewed, and a representative list of com-
mon workflow steps was compiled. To do this, each step of each workflow was added to a cumulative list if that step was deemed
substantially different from other steps already present on the list. This process established a controlled vocabulary for describing
those steps. The vocabulary was then organized into groups of steps performing a similar higher-level function, e.g., “variant calling,”
“variant filtering” and “peptide ranking.” Then, each step in each workflow was annotated with the controlled vocabulary to make
sure that each workflow was represented by the vocabulary. Finally, a workflow survey was created such that each team was asked
to provide a binary response about whether their workflow included each step defined by the controlled vocabulary. The survey con-
tained 6 high-level categories each containing 3-11 specific steps.

Process for Choosing Neoepitopes to Test in Validation Assays

For each sample used in TESLA there is capacity to test between 100-200 neoepitopes for immunogenicity. Given that each partici-
pating team submitted 5-100,000 peptides for each sample, a sub-set of peptides for validation had to be selected. To do this, we
focused on ensuring that each participant would have roughly the same number and quality (ranking) of peptides validated (“fair-
ness”) while also making sure that, if there are differences between the algorithms, we would be able to detect them (“distinguish-
ability”). These principles were constrained by the fact that some peptides are too hydrophobic (or otherwise hard to make/use) to be
used in our assays, as well as the fact that not every neoepitope can be tested in every assay due to HLA restriction requirements. In
practice, we used the following guidelines to choose peptides:

® To the extent possible, each participant had their top 5 neoepitopes selected, taking into account the MHC for which they are
restricted

o Additionally, neoepitopes that were the most recurrently ranked in the top 50 by all participants were also selected taking into
consideration the amount of biological material available for testing, the demand for each assay and the MHC constraints for all
four assays.

50 was chosen as a cutoff to reflect the upper bound on the current number of epitopes that can be included in a personalized
therapeutic approach.

Validation Experiments
Selected peptides were evaluated in a set of experiments all together referred as ‘validation experiments’. Validation experiments
include HLA binding and immunological analyses that assess the presence of existing T cells able to recognize the selected peptide.

Class | Peptide Binding Assay (‘HLA binding’)

Classical competition assays to quantitatively measure peptide binding to class | MHC molecules are based on the inhibition of bind-
ing of an allele-specific, high affinity radiolabeled peptide to purified MHC molecules, and were performed as detailed elsewhere (Sid-
ney et al., 2013). Briefly, 0.1-1 nM of radiolabeled peptide was co-incubated at room temperature with 1 uM to 1 nM of purified MHC in
the presence of a cocktail of protease inhibitors and 1 uM B2-microglobulin. Following a two-day incubation, MHC-bound radioac-
tivity was determined by capturing MHC/peptide complexes on W6/32 (anti-HLA class ) antibody coated Lumitrac 600 plates
(Greiner Bio-one, Frickenhausen, Germany), and measuring bound cpm using the TopCount (Packard Instrument Co., Meriden,
CT) microscintillation counter. In the case of competitive assays, the concentration of peptide yielding 50% inhibition of the binding
of the radiolabeled peptide was calculated. Under the conditions utilized, where [label] < [MHC] and IC5q > [MHC], the measured ICsq
values are reasonable approximations of the true Kd values. Each competitor peptide was tested at six different concentrations
covering a 100,000-fold dose range, and in three or more independent experiments. As a control, the unlabeled version of the respec-
tive radiolabeled probe also was tested in each experiment.

MHC Class | Multimer Binding Assay (Flow Cytometry)

Multimer binding assays were performed independently by two groups: (A) The Immunomonitoring Laboratory [IML], Washington
University in Saint Louis, USA, and (B) Netherlands Cancer Institute [NKI], Amsterdam, NL. Similar approaches were followed by
both groups for multimer construction, T cell binding and detection, as described below unless mentioned otherwise.
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Production of Exchanged Peptide-MHC Class | Monomers -

MHC | monomers refolded with an ultraviolet light-cleavable conditional ligand were prepared as previously described (Andersen
et al., 2012; Toebes et al., 2006). In brief, recombinant HLA heavy chains and human p2-microglobulin light chain were produced
in Escherichia coli (Agilent Technologies), isolated from inclusion bodies and refolded in the presence of UV-cleavable peptides.
Monomers were captured by anion exchange (HiTrap Q HP, GE), biotinylated, and purified by gel filtration FPLC (A) or HPLC (B). Spe-
cific peptide-MHC | (oMHC I) complexes were then generated by UV-induced ligand exchange in a 96 well plate and the peptides’
exchange were verified by a sandwich like ELISA. In brief, pMHC | complexes loaded with UV-sensitive peptide (100 ng/mL-1) were
subjected to 366 nm UV light (Camag) for 1 h at 4°C in the presence of rescue peptide (200 uM). Re-folded monomer was detected
using anti- B2 microglobulin. Monomers were also exchanged with viral peptides which bind to distinct HLA alleles, included as pos-
itive and negative controls for staining (MP1 Influenza A: GILGFVFTL, P1804 EBV1: RVRAYTYSK, PB1 Influenza: VSDGGPNLY, EBV:
YVLDHLIVV, 1807 EBV: RAKFKQLL, 1813 EBV: IVTDFSVIK, 1822 Influenza A: SRYWAIRTR, 1824 EBV: RRIYDLIEL, EBV6’ EBNA-
C3:EENLLDFVRF, and 1803 A3 influenza A: RVLSFIKGTK).

Production of Multimer Staining -

pMHC | multimers were generated using fluorescent streptavidin (SA) conjugates. For each pMHC | monomer, conjugation was per-
formed with two fluorochromes. Mixtures were incubated for 30 min on ice. NaN3 (0.02% wt/vol) and an excess of D-biotin (26.4 uM,
Sigma) was added to block residual binding sites. For T cells staining, the pMHC | multimers were collected and centrifuged for 2 mi-
nutes at 10.000 rpm, before being added to the subject PBMC or tumor lysates, and incubated at 37°C for 15 minutes. Subsequently,
anti-CD45, anti-CD8, a ‘dump channel’ mix including: anti-CD4, anti-CD14, anti-CD16,and anti-CD19, and anti-CD3 was used for
positive gating (Biolegend). A marker for living cells (LIVE/DEAD® Fixable IR Dead Cell Stain Kit) was added for a 20 minute incu-
bation on ice as previously described (Kvistborg et al., 2012). All incubations were done in the dark.

Data Acquisition and Analysis -

Before flow cytometric analysis, cells were washed twice. Data were acquired on a BD LSR Fortessa X-20 (A) or a BD Symphony A5
(B) following instrument compensation using UltraComp eBeads, and analyzed using Diva Software v8 and Flowjo v9.9.6 (A) or
FlowJo v10.5.3 or earlier v10 packages (B). A given peptide is considered ‘validated’ when peptide-specific T cells are detected
and confirmed in an independent staining experiment conducted with new reagents including a different set of fluorescent dyes.
Example data from this workflow are shown in Figure S7.

MHC | Nanoparticle Pull-Down Assay (Microscopy)

The nanoparticle (NP) pulldown method utilizes multiple reagents that can be prepared ahead of time and assembled just prior to use
and is described in detail elsewhere (Peng et al., 2019). Briefly, these include streptavidin-coated magnetic NPs (500 nm radius, Invi-
trogen Dynabeads MyOne T1), biotinylated neoantigen pMHC | monomers, cysteine-modified streptavidin (SAC) scaffold (Sano and
Cantor, 1990), and ssDNA oligomers that are amine-modified (oligomer #1), biotinylated (oligomer #2), and dye-labeled (oligomer #3).

Oligomer #1 is appended to the cysteine site on the SAC scaffold via maleimide HyNic/S-4FB crosslinkers (TriLink BioTechnol-
ogies, LLC) to make SAC-DNA. Oligomer #2, which has hybridization regions for oligomer #1 (on SAC-DNA) and oligomer #3, is
attached to the NPs to make NP-DNA. The NPs, which have up to > 10° sites for DNA attachment, were prepared according to
the manufacturer’s protocol. Briefly, the NPs are mixed with oligomer #2 at a 1:20 ratio, and excess oligomers were removed by
washing the NPs three times with PBS. A pMHC | monomer library element is added to SAC-DNA at a 4:1 ratio to form the pMHC
| multimer-DNA. This multimer is then attached to the NP-DNA via DNA hybridization (between multimer-bound oligomer #1 and
NP-bound oligomer #2). The dye-labeled oligomer #3 is then hybridized onto one of the additional sites on oligomer #2. The oligomer
#2 and #3 were chosen so that a given neoantigen is associated with a unique dye color in multiplex analyses. A fully assembled
neoepitopes multimer/NP reagent contains > 10* neoepitopes multimers per NP and is referred to as a pNP.

In a typical assay, four colors are used to enable 3-plex analysis. Cells are stained with CellTracker Orange CMRA (a fluorescent
dye retained in live cells, ThermoFisher), and 3 sets of pNPs, each with a unique fluorophore (Alexa Fluor 488, Cy5, or Alexa Fluor 750)
are used to pulldown up to 3 distinct neoantigen-specific T cell populations in parallel. Thus, for a 15-element library, 5 sets of mea-
surements are performed, with each measurement using about 10,000 CD8+ PBMCs and 75 million pNPs (~25 million pNPs for each
antigen specificity).

Live CD8+ PBMCs are sorted by FACS or negatively enriched using MACS (Miltenyi biotec). Before analysis, the sorted cells are
stained with CellTracker Orange, treated with DNase, and non-selective cells are removed using a small library of irrelevant pNPs.
The processed cells are then incubated with a 3-element pNP library for 15-30 min, and NP-labeled cells are then enriched by magnet
pulldown. The enriched T cells are washed once with 0.5% BSA in PBS to remove unlabeled cells. The NP-labeled cells are then
loaded into a hemocytometer and imaged by bright field and 4-color fluorescent microscopy. Cells that are specific for a given neo-
antigen are identified as those that are fluorescent in only CellTracker Orange and a single additional fluorophore from one set of pNP
(typically 5-20 pNPs are labeled on each specific T cell). Dead, barely viable, or non-selective cells are found to be non-selectively
labeled by multiple pNP library elements. For the experiments described here, assays were carried out in 4-5 replicates for each neo-
epitope pMHC |, using different vials of thawed PBMCs. Cells that are called as positive for a specific neoantigen were observed in at
2 of those runs, with multiple detection per run.
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Analytic Methods

Peptide Overilap

Peptide overlap was calculated as the length of the intersection of two lists, normalized to the length of the first list.

Area Under the Precision Recall Curve (AUPRC)

AUPRC was calculated using the ‘pr.curve’ function in the PRROC package (Grau et al., 2015) with default parameters.

Fraction Ranked (FR)

Fraction ranked is calculated as the fraction of all peptides with detected immunogenicity for a particular subject that were included in
the top 100 ranked pMHC by a participant. A cutoff of 100 peptides was chosen to calculate FR to normalize for differing numbers of
pMHC submitted by each team. The value of 100 was chosen in particular to ensure consistency with other analyses and to be reflec-
tive of the total number of epitopes which might be considered for inclusion in a personalized therapeutic.

Top-20 Immunogenic Fraction (TTIF)

Top-20 immunogenic fraction for a particular subject and participant is calculated as the ratio of the top-20 ranked pMHC with de-
tected immunogenicity to the total number of top-20 pMHC which were tested for immunogenicity. As TTIF was designed to assess
the therapeutic efficacy of a specific peptide set, the threshold of 20 was selected since therapeutic vaccine platforms reported to
date have included ~20 neoepitopes (Ott et al., 2017; Sahin et al., 2017).

Foreignness

Peptide foreignness was calculated as described previously (f.uksza et al., 2017). Briefly, candidate epitopes were aligned against
the Immune Epitope Database and Analysis Resource (Vita et al., 2019), the TCR recognition probability was calculated using the
multistate thermodynamic model introduced in the above. All parameters for the original approach were maintained; specifically,
alignments were performed against the BLOSUM62 amino acid similarity matrix (Henikoff and Henikoff, 1992) and required to be
gapless; a = 26; k = 4.87. Foreignness for all peptides tested in TESLA are provided in Table S4, and were calculated using the anti-
gen.garnish package available here: https://github.com/immune-health/antigen.garnish

Binding Stability

Binding stability was calculated using NetMHCStabPan (Rasmussen et al., 2016) using default parameters.

Hydrophobicity Fraction

Hydrophobicity fraction was calculated as the fraction of peptide residues that were hydrophobic. Hydrophobic residues were
considered to be “V,” “I,” “L,” “F,” “M,” “W,” and “C” (Barnes, 2003)

Parameter Selection via Repeated Random Subsampling

For each continuous parameter (MHC binding affinity, MHC binding stability, tumor abundance, hydrophobicity fraction) a range of
values covering two orders in magnitude was generated while for binary features (mutation position) both levels were considered. For
each unique parameter combination, 10 random subsets of 70% of tested peptides (with immunogenic/non-immunogenic ratio equal
to the whole dataset) were selected and stratified using the given features. Immunogenicity stratification was calculated using a
Fisher exact test. The parameter set with the smallest average p value over all random subsets was chosen to be the one with
the best overall stratification ability.

Optimal Precision/Recall Cutoff

Optimal precision recall cutoff was chosen as the maximum of the precision/recall sum.

Predicted Neoantigen Abundance

Potential immunogenic peptides were generated using a previously generated set of mutation calls (Liu et al., 2019) and predicted
MHC binding affinity was assigned using NetMHCPan4.0. Predicted neoantigen abundance was taken as the sum of the normalized
transcripts per million (TPM) of the mutations which passed all “presented” filters from Figure 3L (excluding the abundance filter) —
specifically, MHC binding affinity stronger than 34 nM and MHC binding stability longer than 1.4 hours, and mutational position not 2.
Predicted and Recognized Neoantigen Abundance

Potential immunogenic p eptides were generated using a previously generated set of mutation calls (Liu et al., 2019) and predicted
MHC binding affinity was assigned using NetMHCPan4.0. Predicted and recognized neoantigen abundance was taken as the sum of
the normalized transcripts per million (TPM) of the mutations which passed all “presented” features (excluding the abundance filter,
identical to predicted neoantigen abundance) and the “recognized’ filters from Figure 4D - specifically, peptide agretopicity less than
0.1 or peptide foreignness greater than 1076,

QUANTIFICATION AND STATISTICAL ANALYSIS

All statistical analysis was performed in base R. The statistical test used were two-sided (where applicable) and are indicated in the
text and/or figure legends. The “n” for each analysis, where n could represent pMHC, number of participants, number of submis-
sions, or similar, is indicated in the main text or in figure legends of relevant analyses. Significance was set at p < 0.05 and p values
between 0.05 and 0.1 were reported in their numerical form. Non-parametric methods were used for all statistical analyses obviating
any assumption of normality for any assessed metric.
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| | |Does your method use Base Quality Score Recalibration?
Does your method remove duplicate reads?
| Does your method realign indels?
. B | | |Does your method compare DNA- and RNA- derived HLA?
|| Does your method call mutations in tumor HLA?
[ | Does your method infer tumor HLA
Does your method consider epitope uniqueness?
Does your method consider TAP binding?
Does your method consider MHC promiscuity?
Does your method consider TCR binding?
Does your method consider proteosomal processing?
Does your method consider the VAF in RNA?
| Does your method consider agretopicity?
Does your method consider the VAF in DNA?
Does your method consider MHC binding of peptides?
Does your method consider consider expression of somatic mutations?
Does your method predict 14-mers?
Does your method predict 13-mers?
Does your method predict 12-mers?
B | Does your method predict non-somatic peptides?
Does your method predict 8-mers?
Does your method predict 11-mers?
Does your method predict 10-mers?
Does your method predict 9-mers?
| | Does your method assemble transcripts?
|| Does your method use pseudo alignement for RNA?
Does your method remove contaminating reads?
Does your method quantify gene expression using a count model like ht-seq?
Does your method estimate transcript expression?
Does your method align RNA-seq?
| Does your method normalize SNV calls?
Does your method utilize structural variants?
Does your method estimate mutation clonality?
|| Does your method call multi-nucleotide polymorphisms?
| Does your method utilize indel variants?
Does your method utilize more than 1 variant caller?
Does your method annotate variants?
Does your method call somatic variants?
Does your method filter variants on copy number status?
Does your method require variants to be called by 2+ tools?
Does your method filter variants by dbSNP frequency?

Category

' | Does your method require variants be present in RNA?
Does your method filter variants by the targeted sequence region (.bed file)?
Does your method have a required minimum variant allele frequency?

Does your method require evidence of variant RNA expression?
.| Does your method filter variants based on alignment support?
Does your method require variants be nonsynonymous?

| |
11 R AR &) Tearn

Category

Exome-seq data

HLA status Question
Peptide filtering/ranking ~ Response

[ Peptides [ Feature used
RNA-seq data not answered

. Variant calling Feature not used
Variant filtering

Figure S1. Pipeline Traits of Each TESLA Team, Related to Figure 1
Each team responded to a 49-question survey with yes/no questions about their pipeline. 22/25 teams responded to the survey (88% response rate).
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Figure S2. Immunogenicity of Peptides by MHC Allele, Related to Figure 3

(A) Scatterplot of median number of peptides tested for immunogenicity (x axis) versus median number of peptides with validated immunogenicity, by allele. p:
Fisher exact test. (B) Transformed p value for Fisher exact test between validation counts of each allele pair. (C) Left: Median AUPRC for each team, including
A*03:01 (x axis) versus excluding A*03:01 (y axis). Correlation: Spearman rho. Center: Median FR for each team, including A*03:01 (x axis) versus excluding
A*03:01 (y axis). Correlation: Spearman rho. Right: Median TTIF for each team, including A*03:01 (x axis) versus excluding A*03:01 (y axis). Correlation:
Spearman rho.
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Figure S3. Peptide Length and Immunogenicity, Related to Figure 3

(A) Counts of each peptide length by immunogenic (green) and non-immunogenic (red) status. (B) Normalized fraction of peptides of each length forimmunogenic
and non-immunogenic peptides separately. No significant difference in fraction immunogenic is seen in any peptide length (Fisher exact test). (C) Violin plot of
peptide length stratified by immunogenicity. Difference not significant (Mann-Whitney U).
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Figure S4. Features of Immunogenic Peptides that Do Not Pass Presented Criteria, Related to Figure 3
(A) Upset plot of the three ways to fail the presented criteria and the overlap between each of those groups. (B) The number of filters not passed for each
immunogenic peptide.
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Figure S5. Sensitivity Analysis of Immunogenicity Enrichment in Recognized Peptides by Presentation-Associated Parameter Values,

Related to Figure 4

For each of the three presentation associated parameters, we iterate over approximately an order of magnitude in parameter values: Specifically, we iterate over
the following ranges: Binding Affinity: [15nM, 16nM, 17nM,... 200nM]; Binding Stability: [0.2 hours, 0.3 hours, ... 3 hours]; Tumor Abundance: [5 TPM, 6TPM, ...50
TPM]. For each single parameter value, we hold the other two parameters at their previously identified values (Binding Affinity: 34nM; Binding Stability: 1.4 hours;
Tumor Abundance; 33 TPM). Peptides are stratified based on the updated threshold set and the relationship between peptide recognition and immunogenicity is
tested on the reduced set of presented peptides (those that pass all three filters) using a Fisher exact test. A-C: Univariate sensitivity tests. Line plot of p value from
resulting Fisher test for each of the three presentation parameters considered. Black line is at p = 0.05. D-E: Bivariate sensitivity tests. In each panel, values of two
parameters are iterated over and the resulting p value plotted.
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Figure S6. Directed Interventions on Submission Features Improves Neoantigen Pipeline Performance in a Separate Set of TESLA partic-

ipants, Related to Figure 5

Two pipeline performance metrics are considered (AUPRC, panels A-C; TTIF, panels D-F), and for each metric three interventions are demonstrated. For each
intervention, the boxplot (Left) shows the change in the performance metrics from the original prediction to the new prediction (post intervention). Significance
values are calculated using a paired Mann-Whitney U test. *p < 0.05; ***p < 102, The histogram (Right) shows the distribution of changes to the performance

metric. Red line: median; m: median improvement; Fl: fraction improved.
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Figure S7. Representative Tetramer Staining, Related to STAR Methods
(A) Patient derived PBMC were stained with a cocktail of reagents to isolate CD45+ live cells. These were further gated positively for CD3 and negatively for CD4,
CD14,CD16, CD19 and CD40. Singlets were further gated on CD3+CD8+ T cells. (B) Cells were stained with HLA-A*03:01 tetramers exchanged with a panel of 23
neoantigen peptides as well as positive control A*03:01 binding peptide Infl A-8’ (green box) and negative control peptides 1803 and 1804 (purple box). All
tetramers were barcoded and cells were stained with tetramers that displayed two distinct fluorochrome labels. Positive peptide P10 boxed in red. (C) Peptide
staining map. (D) Frequency of gated positive cells and cell counts.
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