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Summary

Author Manuscript

The computational identification of peptides that can bind the major histocompatibility complex
(MHC) with high affinity is an essential step in developing personal immunotherapies and
vaccines. We introduce PUFFIN, a deep residual network-based computational approach that
quantifies uncertainty in peptide-MHC affinity prediction that arises from observational noise and
the lack of relevant training examples. With PUFFIN’s uncertainty metrics, we define binding
likelihood, the probability a peptide binds to a given MHC allele at a specified affinity threshold.
Compared to affinity point estimates, we find that binding likelihood correlates better with the
observed affinity and reduces false positives in high-affinity peptide design. When applied to
examine an existing peptide vaccine, PUFFIN identifies an alternative vaccine formulation with
higher binding likelihood. PUFFIN is freely available for download at http://github.com/giffordlab/PUFFIN.

Graphical Abstract
Machine learning models that predict the binding affinity of a peptide-MHC pair are essential in
peptide-based therapeutic design, but state-of-the-art methods provide point estimates of affinity
that do not consider measurement noise and model uncertainty. We introduce PUFFIN, a method
that quantifies the prediction uncertainty and prioritizes peptides with binding likelihood to
achieve improved accuracy in high-affinity peptide selection for therapeutic design.
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The major histocompatibility complex (MHC) is a set of cell surface proteins that are crucial
for the extra-celluar display of peptides for surveillance by the immune system(Castellino et
al., 1997; Janeway Jr et al., 2001). Peptides displayed by MHC molecules are either
synthesized in the cell (class I MHC) or internalized from the extracellular medium (class II
MHC). T cells routinely surveil the peptides presented on cell surfaces and trigger an
immune response upon recognition of non-self peptides that arise from foreign antigens, cell
infection, or mutated self-proteins. The selective binding of peptides to MHC molecules
plays an essential role in individual-specific peptide presentation to the immune system.
Understanding what peptides will be displayed given a disease state is crucial information
for developing peptide-based vaccines and therapeutics(Kreiter et al., 2015; Ott et al., 2017;
2017; Verdegaal et al., 2016).

Author Manuscript

MHC molecules are encoded by highly polymorphic gene families(Jin and Wang, 2003;
Robinson et al., 2015; Williams, 2001). Each MHC genotype has its own specificity for
peptide presentation. Moreover, the length of the peptides that bind to an MHC molecule
varies. Class I MHC presented peptides are typically 8 to 11 amino acids(Lundegaard et al.,
2008), while class II MHC presented peptides are typically 13 to 25 amino acids(Chicz et
al., 1992). In class II MHC molecules a core 9-amino-acid sequence interacts with the class
II MHC groove while the peptide regions outside of the binding have a secondary influence
on binding affinity(Arnold et al., 2002; Holland et al., 2013).
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Machine learning models for MHC-peptide affinity are essential for certain therapeutic
applications including predicting cancer-specific peptides that will be presented by the MHC
on tumor cells and engineering peptide vaccines(Kreiter et al., 2015; Ott et al., 2017; 2017).
The task of these machine learning models is to input a peptide and an MHC sequence and
output the binding affinity of the peptide to the MHC molecule. Two widely used methods,
NetMHCpan(Nielsen and Andreatta, 2016) (for class I MHC) and NetMHCIIpan(Jensen et
al., 2018) (for class II MHC), use a one-layer fully-connected neural network to iteratively
identify a peptide’s 9-mer binding core and predict its binding affinity(Nielsen and
Andreatta, 2017). Other recent methods for class I MHC binding use shallow convolutional
or recurrent neural networks(Bhattacharya et al., 2017; Han and Kim, 2017; O’Donnell et
al., 2018; Vang and Xie, 2017).

Author Manuscript

Accurate machine learning models for predicting MHC-peptide affinity depend upon
sufficient training data to allow them to generalize to unseen inputs. At present model
generalization is constrained by the limited size of current training datasets. The largest
database of MHC-peptide binding, Immune Epitope Database and Analysis Resource
(IEDB)(Vita et al., 2018), has affinity data for over 80 human and mouse alleles for class II
MHC. However, only six MHC alleles have more than 5000 peptide examples, and the most
abundant allele has only 10,000 examples, a tiny fraction of all possible peptides of similar
lengths. Moreover, IEDB entries harbor strong measurement noise that arises from batch
effects and protocol differences since they are curated from published reports from disparate
laboratories. For a given input, the sufficiency of relevant training data and the level of
measurement noise can be quantified by proper uncertainty metrics associated with each
computational prediction (Kendall and Gal, 2017). Despite the promising results of existing
machine learning methods, they do not provide an uncertainty metric for their point estimate
of MHC-peptide affinity.
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Here we introduce PUFFIN (Prediction of Uncertainty in MHC-peptide aFFInity using
residual Networks), a method for predicting MHC-peptide binding that outputs both the
expected affinity of an input MHC-peptide pair as well as the uncertainty of the model about
its prediction. PUFFIN has the dual advantage of providing more accurate estimates of both
class I and class II MHC-peptide binding than previous methods as well as uncertainty
metrics with each prediction. Our prediction uncertainty metrics characterize the uncertainty
that results from inherent observational noise (aleatoric uncertainty) and bounded knowledge
about model selection (epistemic uncertainty). PUFFIN’s uncertainty metrics allows for the
principled comparison of alternative peptide vaccine formulations, and permits peptides to
be selected based upon binding likelihood, the probability that a peptide binds to a given
MHC molecule at a specified affinity threshold. Compared to the conventional approach that
relies on point estimates of affinity, our proposed approach reduces false positives in highaffinity peptide design.

Results
Modeling both epistemic and aleatoric uncertainty
PUFFIN provides distinct estimates of model uncertainty (epistemic) and inherent
observational uncertainty (aleatoric). Epistemic uncertainty refers to the uncertainty that
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arises from the lack of model knowledge and can be reduced with additional training
data(Kendall and Gal, 2017). Given a fixed-size dataset, alternative models might exist to
explain the observed examples well. Epistemic uncertainty describes the uncertainty that one
has about the true model that generates the data, and is higher for inputs where relevant
training observations are lacking. Aleatoric uncertainty refers to the uncertainty that results
from the inherent noise in observations and thus cannot be reduced with more training
examples(Kendall and Gal, 2017). Aleatoric uncertainty can be further categorized into
homoscedastic and heteroscedastic uncertainty. Heteroscedastic uncertainty is observational
noise that depends on the input value, while homoscedastic uncertainty remains constant for
all inputs and thus can be considered as a special and simpler version of heteroscedastic
uncertainty.

Author Manuscript
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We model both the epistemic and heteroscedastic aleatoric uncertainty in MHC-peptide
binding affinity using a unified framework. We model the affinity of an MHC-peptide pair as
a random sample from a probability distribution (beta distribution for class I, normal
distribution for class II, chosen by empirical performance in cross-validation) where the
distribution’s parameters are predicted from the input MHC and peptide sequence using a
deep residual convolutional network(He et al., 2016) (Figure 1, Methods). The dispersion of
the probability distribution characterizes the aleatoric uncertainty specific to the
corresponding input. Epistemic uncertainty reflects the existence of alternatives models that
explain the observed data. The most established way to obtain epistemic uncertainty is
through the posterior distribution of model parameters in a Bayesian learning framework
(Kendall and Gal, 2017). Certain model selection procedures such as Stability
Selection(Meinshausen and Bühlmann, 2010) also implicitly choose the model with the
highest posterior probability, but the optimal model chosen from such procedures can’t
provide uncertainty metrics associated with a prediction. Ensemble models have been
established as an Bayesian approximation and are more scalable compared to Bayesian
neural networks(Lakshminarayanan et al., 2017). Thus, we characterize epistemic
uncertainty by the predictive variance across an ensemble of neural network models trained
on different training-validation splits and with different random initializations (Methods).
PUFFIN’s affinity point estimates demonstrates state-of-the-art accuracy
We first show that PUFFIN’s mean estimates of affinity outperform previous state-of-the-art
models for MHC-peptide affinity prediction. We average the predicted means from all
PUFFIN ensemble members to produce PUFFIN’s mean estimate prediction and compare it
with existing methods.

Author Manuscript

For class II MHC, we trained and evaluated PUFFIN and NetMHCIIpan on binding affinity
data as per Jensen et al.(Jensen et al., 2018). Jensen et al. curated class II MHC-peptide
affinity data from IEDB and split it into five cross-validation folds such that different folds
do not share 9-mer peptide sequences(Jensen et al., 2018; Nielsen et al., 2007). We made
predictions for each fold using a model trained the other four folds so that the performance
was evaluated on held out examples. The re-training of NetMHCIIpan model on this dataset
is enabled by a standalone training platform published by Nielsen et al(Nielsen and
Andreatta, 2017). We evaluated the prediction performance using auROC, F1 score, mean-
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squared-error (MSE),R2, Spearman correlation, and Point-Biserial correlation. For auROC,
F1 score and Point-Biserial correlation, positive examples were defined as the ones with a
binding affinity stronger than 500 nM as used in the literature(Bhattacharya et al., 2017;
Jensen et al., 2018; Nielsen and Andreatta, 2016). We found that PUFFIN’s mean estimate
outperforms NetMHCIIpan in all metrics considered when evaluated on all MHC-peptide
pairs (Table 1). Combining the predictions from PUFFIN and NetMHCIIpan yields further
performance improvement, suggesting complimentary features might be captured by the two
approaches. Furthermore, when evaluated on each MHC allele separately, PUFFIN has a
lower mean-squared-error than NetMHCIIpan for 44 of the 55 MHC alleles considered
(Figure 2A).

Author Manuscript

For class I MHC, the Nielsen et al(Nielsen and Andreatta, 2017) training platform is not able
to fully reproduce the same training procedure as published for NetMHCpan(Nielsen and
Andreatta, 2016). Bhattacharya et al.(Bhattacharya et al., 2017) provided a benchmark
dataset on which several recent computational methods for class I MHC-peptide binding
were evaluated and their perforamnce was reported (Table 2). Trained and tested on the same
benchmark, PUFFIN outperforms all the competing methods including NetMHCpan(Nielsen
and Andreatta, 2016), MHCflurry(O’Donnell et al., 2018), and MHCNugget(Bhattacharya et
al., 2017) in auROC and Kendall’s tau and shows competitive performance in F1 score
(Table 2).
Uncertainty accurately reflects the predictive error in affinity prediction

Author Manuscript

We next show that uncertainty estimates from PUFFIN provide a way to gauge the predictive
error on unseen examples. Uncertainty characterizes the lack of confidence in a prediction
caused by either the lack of model selection and training data (epistemic uncertainty) or
observation noise (aleatoric uncertainty) near the queried data point. For reliable uncertainty
estimates, the level of confidence should match the predictive accuracy on a held-out dataset
and indicate how much one can trust a prediction(Lakshminarayanan et al., 2017).

Author Manuscript

To examine the quality of PUFFIN’s uncertainty estimation, we predicted the affinity of all
the examples in IEDB in the same cross-validation manner as described above. For each
MHC-peptide pair, the mean and variance of the affinity distribution predicted by each of the
networks in PUFFIN’s ensemble were calculated. Across all networks in PUFFIN’s
ensemble, the average of the affinity variances was used to quantify the aleatoric uncertainty,
and the variance of the affinity means was used to quantify the epistemic uncertainty. For
each type of uncertainty, we binned the held-out test examples according to their uncertainty
quantiles and calculated the mean-squared-error in each bin. We observed that both
PUFFIN’s epistemic and aleatoric uncertainty highly correlate with the prediction error, and
predictions made with lower uncertainty are more accurate (Figure 2B). This faithful
stratification of predictive performance on held-out observations demonstrates that
PUFFIN’s uncertainty estimations reflect its predictive confidence and provides useful
guidance on how to utilize its computational predictions.

Cell Syst. Author manuscript; available in PMC 2020 August 28.

Zeng and Gifford

Page 6

Epistemic uncertainty identifies sequences foreign to the model

Author Manuscript

We next show that PUFFIN identifies sequences foreign to the model by labeling them with
high epistemic uncertainty. Here we assume that reliable epistemic uncertainty should
increase for examples that are distant from a model’s training examples to reflect the
absence of relevant training data.

Author Manuscript

We first created a systematic survey of PUFFIN’s predicted epistemic uncertainty by
characterizing examples at varying edit distances from a model’s training examples. Given a
training set and a test set, we randomly sampled from the training set 10,000 MHC-peptide
pairs where the peptides were at least 10 amino acids long. These peptides were used as
“seed” sequences with known affinity to their respective MHC. We then created three sets of
derived peptide sequences that are respectively 1, 5 or 10 amino acids different from the
seeds. Specifically, for each seed, 10 sequences with the desired number of mutations (1 or 5
or 10) were randomly created. We assume that the designed distance to a seed approximates
the distance to the whole training set when the sequence space is large. We focused on class
II MHC as its longer input peptide sequences result in a larger sequence space than class I
MHC.

Author Manuscript

We applied PUFFIN to predict the binding affinity of the seed sequences as well as the three
sets of derived sequences using the five-fold cross-validation data from Jensen et al. Each
cross-validation fold yields a distinctive split of training and test set, on which the seeds and
three sets of derived sequences were generated as described above and evaluated on a
PUFFIN model trained on the corresponding training set. We calculated the median
epistemic and aleatoric uncertainty for all sequences in each set. To account for differences
among the seeds, we also adopted an alternative metric: for mutation sequences derived from
the same seed, we computed the median uncertainty as a representative and reported the
median of representative uncertainty across all seeds. Under both metrics, we observed that
sequences with increasing distance from seeds result in as much as 35% more epistemic
uncertainty (Figure 2C), showing that PUFFIN’s epistemic uncertainty characterizes the lack
of relevant training examples in the neighborhood of an input. Meanwhile, we found that
aleatoric uncertainty remains largely unchanged as expected. These results support our
hypothesis that the epistemic and aleatoric uncertainty estimates from PUFFIN respectively
correspond to the uncertainty that results from a lack of model knowledge and from
observational noise.
Uncertainty estimation improves precision in high-affinity peptide design

Author Manuscript

In the design of high-affinity peptides for therapeutic purposes, the number of distinct
peptides administered is constrained(Kreiter et al., 2015; Ott et al., 2017; 2017) and reducing
the false selection of peptides is essential to achieve high efficacy with a minimal dosage.
False positives arise from erroneous model predictions of high peptide affinity. False
predictions are not possible to detect when models do not provide uncertainty estimates.
Unlike the contemporary models, PUFFIN computes the binding likelihood of a peptide,
defined as the probability the peptide binds to a given MHC allele at a specified affinity
threshold (Methods). We found that prioritizing peptides based on binding likelihood leads
to improved precision in high-affinity peptide design.
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We first hypothesized that binding likelihood at an affinity threshold of 500 nM enables a
more accurate prediction of observed binding status defined by a 500 nM affinity threshold.
For each allele in the held-out dataset, we scored a peptide by both the predicted affinity and
the likelihood that the observed affinity is at least as strong as 500 nM under PUFFIN’s
probabilistic model. Point-Biserial correlations between observed binding and our two
predicted metrics, binding affinity and binding likelihood, were calculated respectively for
each MHC allele. For both class I and class II MHC, we found that observed binding
correlates better with binding likelihood than the predicted mean affinity for all MHC alleles
with more than 2000 examples (Figure 3A, 32/32 for class I MHC and 28/28 for class II
MHC) and for the majority of all MHC alleles examined (94/113 for class I MHC, and 51/55
for class II MHC; Methods). Across all MHC alleles, binding likelihood shows a statistically
significant improvement over predicted mean affinity in correlation (Wilcoxon one-sided
signed rank test; p=1.2e-09 for class I MHC; p=1.2e-08 for class II MHC). When we
evaluated PUFFIN on the Bhattacharya et al.(Bhattacharya et al., 2017) benchmark data as
described above, we also observed that PUFFIN’s binding likelihood further improves the
auROC and Point-Biserial correlation (Table 1, 2). As expected, we didn’t observe a stronger
Spearman correlation or Kendall’s Tau which are metrics that quantify the fit to affinity
values rather than the discrimination of binding status with respect to an affinity cutoff.

Author Manuscript

We next hypothesized that binding likelihood would lead to more accurate identificationof
MHC-binding peptides. This is because PUFFIN makes it possible to evaluate the
reliabilityof computationally predicted affinities and select peptides that are predicted to
bind with high confidence. For each MHC allele, we identified the peptides from a held-out
candidate set with a PUFFIN predicted binding likelihood above 95%. For these peptides,
failing to bind to the target MHC molecule is unlikely under PUFFIN’s probabilistic model.
Only MHC alleles with over100 training peptides were considered in view of the noise
present in affinity measurements. We also identified the same number of peptides with the
highest predicted mean affinity for each MHC allele to compare with a conventional strategy
based solely on high-affinity peptides. For class I MHC, we observed that for 80% of the 15
MHC alleles considered, the percentage of true binders (stronger than 500 nM) among the
peptides identified by PUFFIN is higher than (for 46.7% of the alleles) or equal to (for
33.3% of the alleles) that for the peptides with the highest affinity prediction. For class II
MHC, the peptides predicted to bind by PUFFIN with high-confidenceare more likely (for
60.8% of the alleles) or equal likely (for 17.3% of the alleles) to bind than peptides predicted
with the highest affinity for a total of 78.1% of the 23 alleles considered (Figure 3B).
Published peptide vaccine formulations can be improved by uncertainty metrics

Author Manuscript

We next applied PUFFIN’s binding likelihood estimates to examine the peptide formulation
of neoantigen vaccines for melanoma. Ott et al.(Ott et al., 2017) designed personal
neoantigen vaccines to induce tumor-specific T-cell responses to melanoma for six patients.
Somatic mutations were identified from whole exon sequencing data from tumor and
germline cells. NetMHCpan’s computational predictions were used to rank mutationspanning peptides by the binding affinity to patient-specific MHC class I molecules. We
applied PUFFIN to examine the binding likelihood (target affinity of 500 nM) of each
peptide in the vaccine to the patient-specific MHC class I allele. We observed that the
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median binding likelihood of the peptides in the published vaccines range from 51.7% to
73.6%, with certain peptides having a binding likelihood below 20% for five of the six
vaccines (Figure 3C). The low binding likelihoods we observed suggested room for
improvement in the prioritization of MHC-binding peptides. For each patient, we examined
the binding likelihood between all 9-mer peptides that span the somatic mutations and the
MHC alleles of the same patient. The median binding likelihoods of mutation-spanning
peptides for each patient are low, ranging from 9 × 10−7 to 0.0022 (Figure 3D). We found
that with the same peptide count an alternative set of peptides exists with significantly higher
binding likelihoods than in the published vaccines (Figure 3C). The proposed set of peptides
could potentially lead to an improved rate of T cell response compared to the existing
vaccine candidates that were selected by affinity point estimates predicted by conventional
computational methods. This result suggests that uncertainty will be a useful metric for
peptide vaccine formulation, but further testing in the context of additional constraints in a
clinical setting will be necessary to confirm the utility of uncertainty for vaccine
formulation.
IEDB power by allele and MHC class
We next applied PUFFIN to characterize the power of the IEDB datasets to predict peptideMHC binding affinity. As a database curated from publications in which different
experimental protocols and conditions were employed, the IEDB datasets are inherently
noisy.

Author Manuscript

Moreover, the number of available examples for different MHC alleles is highly skewed
towards a few common alleles, leading to variability in the predictive power of
computational models across MHC alleles. Thus, we used PUFFIN to examine how the
epistemic and aleatoric uncertainty changes across MHC alleles.
We first show that binding affinity data for class II MHC is more heterogeneous than class I
(Figure 4A). For class I MHC, we found the correlation between the median aleatoric
uncertainty and the dataset size is not statistically significant (Pearson r=−0.11, p=0.26). A
stronger and statistically significant correlation was observed for class II (Pearson r=0.3,
p=0.027), indicating that examples for the alleles with more data tend to harbor higher
inherent noise. We highlight the class II MHC alleles with the top median aleatoric
uncertainty in Table S1. We note that certain alleles, such as HLA-DQA10102-DQB10501,
H-2-IAd, and HLA-DQA10201-DQB10301, have high aleatoric uncertainty with small
datasets.

Author Manuscript

We found that a larger training set size improves prediction confidence for class I MHC but
not for class II MHC (Figure 4B). For class I MHC, we found a strong negative correlation
between the median epistemic uncertainty and the dataset size (Pearson r=−0.38,
p=3.4e-05), suggesting that the prediction confidence on the held-out test set increases with
the size of the training set. In contrast, no correlation was observed for class II (Pearson r =
−0.065, p=0.64). This difference in the correlation to dataset size could result from the fact
that peptides that bind to class II MHC span a much greater sequence space due to a larger
range of peptide length. Thus, significantly more training data are required to sufficiently fill
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the sequence space and thus lead to a decrease in epistemic uncertainty for predictions made
for held-out examples.

Discussion
Predicting the binding of peptides to MHC molecules is a central task in characterizing the
antigens T cells can surveil and the design of personal peptide-based therapeutics. The
performance of computational models are bounded by the limited size of available training
data sets for most MHC alleles. We have found that model uncertainty metrics are a useful
adjunct to predicted mean affinity, and can be used to compute a binding likelihood metric
for peptide selection in vaccine formulation.

Author Manuscript

Unlike existing methods such as NetMHCpan and MHCflurry, PUFFIN provides uncertainty
estimates for MHC-peptide affinity prediction that provides uncertainty estimates. We show
that PUFFIN’s uncertainty estimates are able to reflect the predictive error on unseen
examples. PUFFIN’s epistemic uncertainty output characterizes model uncertainty and
identifies the sequences far away from the training examples, while PUFFIN’s aleatoric
uncertainty output characterizes the inherent noise in the measurement. Compared to
existing point-estimate methods, PUFFIN enables a probabilistic characterization of the
binding affinity that conveys the confidence in the prediction. This probabilistic framework
allows us to define binding likelihood, the probability that a peptide binds to a MHC
molecule at a given affinity threshold, as a metric that facilitates precise prioritization of
high-affinity peptides. This prioritization is a central task in peptide-based therapeutic
design. Binding likelihood analysis of a published peptide vaccine suggests room for
improvement in selecting mutation-spanning peptides with higher MHC-binding affinity and
thus greater chances of being T cell epitopes.

Author Manuscript

Our work demonstrates the importance of incorporating uncertainty estimation in the design
of computational models for MHC-peptide binding. A metric of uncertainty not only leads
to more accurate models for important therapeutic applications, but also helps reveal the
inherent noise in measurement and the limitations of computational models. Reliable
uncertainty estimation can also enable therapeutic applications that are not previously
possible, such as the computational optimization of peptides for binding affinity and
specificity. In such applications, uncertainty estimates can be employed by Bayesian
Optimization to efficiently explore sequence space for an optimum candidate.

STAR Methods
Author Manuscript

CONTACT FOR REAGENT AND RESOURCE SHARING
Further information and requests for resources and reagents should be directed to and will be
fulfilled by the Lead Contact, David Gifford (gifford@mit.edu).
METHOD DETAILS
MHC-peptide binding affinity dataset—We used MHC-peptide binding affinity dataset
deposited in The Immune Epitope Database (IEDB). The affinities of peptides and MHC

Cell Syst. Author manuscript; available in PMC 2020 August 28.

Zeng and Gifford

Page 10

Author Manuscript

molecules are represented as IC50 values, the half-maximal inhibitory concentration in
nano-molar (nM) units determined by immunofluorescence assays.

Author Manuscript

Using class I MHC-peptide affinity dataset from IEDB, Bhattacharya et al.(Bhattacharya et
al., 2017) constructed a benchmark in which no peptide in the test set has identical length
and greater than 80% sequence identity to any peptide in the training set. 51 class I MHC
alleles are covered in this dataset. We used the same training and test set in this benchmark
to compare PUFFIN with the existing computational methods. For the rest of the analyses
that involve class I MHC-peptide binding, we used the IEDB-based dataset collected by
Nielsen et al.(Nielsen and Andreatta, 2016) in which five cross-validation folds were created
to ensure no peptide shares a 9-mer sequence with any peptide in a different fold. By
training a model on four folds and test on the remaining fold, this setup allows us to analyze
the performance on all pairs of MHC and peptide available in the dataset in a crossvalidation manner. For class II MHC-peptide binding, we used the IEDB-based dataset that
Jensen et al.(Jensen et al., 2018) collected in which five cross-validation folds were created
in the same way as in Nielsen et al. For the latter two datasets, only MHC alleles (114 for
class I MHC and 55 for class II MHC) with more than 100 examples were included to
ensure the quality of training. In all three datasets, the IC50 values have been normalized by
1 − log(IC50)/log(50000) to be between 0 and 1.

Author Manuscript

Feature representation—PUFFIN takes as input a MHC-peptide pair and predicts a
probabilistic distribution of peptide-MHC binding affinity. As was used in past literature,
each MHC allele was represented by a pseudo-sequence consisting of 34 amino acid
residues in contact with the peptide(Jensen et al., 2018; Karosiene et al., 2013; Nielsen and
Andreatta, 2016). The contact residues were defined as the polymorphic residues that are
within 4.0 Å of the peptide in the structure of one or more of major MHC alleles. All
peptides sequences were padded on the right end to the same length, 30 for class I and 40 for
class II, using a place-holder amino acid to work with the maximum length of peptides in
IEDB.

Author Manuscript

Each amino acid was encoded as a feature vector of 40 values concatenated from two
representations: a one-hot encoding vector of 20 values to denote the 20 amino acids of
interest; and the row (of 20 values) of BLOSUM50 (Nielsen et al., 2003) matrix that
corresponds to the amino acid to characterize the evolutionary similarities between amino
acids. A one-hot encoding represents a categorical variable by a vector of which the position
that corresponds to the observed category is one and all other positions are zero. The
BLOSUM50 matrix has been used in previous peptide-MHC binding prediction methods to
represent amino acids(Jensen et al., 2018; Nielsen and Andreatta, 2016). We used the
BLOSUM50 matrix in third-bit units from NCBI (https://www.ncbi.nlm.nih.gov/IEB/
ToolBox/C_DOC/lxr/source/data/BLOSUM50). For the place-holder amino acids, a dummy
“one-hot” encoding vector full of zero and a dummy “BLOSUM50 row” full of the lowest
substitution score were used. Thus, each MHC allele was represented as a 40×34 matrix and
was reshaped to a one-dimensional feature vector of 1360 values. Each peptide was
represented as a matrix of size 40×30 for class I MHC and 40×40 for class II MHC. Given a
MHC-peptide pair, we embedded the MHC feature vector into the first dimension of the
peptide feature matrix to form a final input matrix of size 1400 × 30 for class I MHC and
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1400 × 40 for class II MHC. We also encoded the difference between the peptide length L
and the expected length Ḹ (9 for class I MHC and 15 for class II MHC) using a sigmoid
function L =

1
.
1 + exp((L − L)/2)

Author Manuscript

Network structure and training—PUFFIN is an ensemble of deep neural networks
implemented in Pytorch. For a given pair of MHC and peptide, the observed affinity is
modeled as a sample from a probability distribution (beta distribution for class I, normal
distribution for class II, chosen by empirical performance in cross-validation). Each network
in the ensemble predicts the parameters of the affinity distribution (# and $ for beta
distribution, mean and variance for normal distribution). The mean and variance of the
distribution were used to quantify uncertainty. For a given MCH-peptide pair, the ensemblewide average of the affinity variance characterizes the aleatoric uncertainty, and the
ensemble-wide variance of the affinity mean characterizes the epistemic uncertainty. To
compare with existing methods that provide a point estimate of affinity, the ensemble-wide
average of the affinity mean was used. For a given affinity threshold, the binding likelihood
was calculated as the probability that the observed affinity is beyond the threshold using a
beta (for class I MHC) or normal (for class II MHC) distribution with parameters averaged
across networks in the ensemble.
Each network in the ensemble is a deep residual convolutional neural network(He et al.,
2016) followed by two fully-connected layers. The residual network learns a high-level
representation of the MHC-peptide pair, which is then concatenated with the sigmoidtransformed peptide length L and 1-L for the final prediction of the affinity distribution using
the two fully-connected layers.
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The residual network consists of an initial convolutional layer and five convolutional
residual blocks. Each residual block has two convolutional layers that learn the residuals
between the output and the input. Followed by a batch-normalization layer, every
convolutional layer in the residual network has 256 convolutional kernels with a stride of 1.
ReLU activation is used as non-linearity across the network. Training of the network was
performed using the adaptive stochastic gradient descent method Adam(Kingma and Ba,
2014). For a given pair of training and test set, we randomly held out 1/8 of the training set
as a validation set. All hyper-parameters, including the number of layers, the number of
convolutional kernels, and the parameters of the optimizer, were chosen based on the loss on
the validation set. The final training was performed for 50 epochs with early stopping if no
improvement on validation loss was observed for 10 epochs. The model weights from the
epoch with the lowest validation loss were selected. We generated 10 such random splits of
training and validation set. For each split, two models were trained with different random
weight initializations. The resulting 20 models form the final ensemble of PUFFIN to make
predictions on the test set, which was held out for all networks in the ensemble. With the
five-fold cross-validation datasets from Nielsen et al. and Jensen et al., the affinity of each
MHC-peptide pair in a fold was predicted by a PUFFIN model trained on the other four
folds. This enables us to compare the predictive performance on all examples in IEDB while
ensuring that all performance was fairly evaluated.
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Comparison with NetMHCIIpan for class II MHC-peptide binding—The published
NetMHCIIpan3.2(Jensen et al., 2018) model is an ensemble of models trained on different
subsets of the dataset from Jensen et al. To ensure a fair comparison with PUFFIN, we retrained NetMHCIIpan3.2 using the NNAlign-2.0 platform(Nielsen and Andreatta, 2017)
developed by the same lab. The same network structures and hyper-parameters as described
in the NetMHCIIpan3.2 publication were used. For each of the five training-test fold splits in
the dataset constructed by Jensen et al., we trained PUFFIN and NetMHCIIpan3.2 on the
training set and predicted on the corresponding test set. The cross-validation predictions for
all examples in the dataset were combined and evaluated against the observed affinities.
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Correlation analysis with observed affinity—113 of the 114 class I MHC alleles in
the data from Nielsen et al. were included in the comparison of binding likelihood and
predicted mean affinity’s correlations with the observed affinity because all examples of
HLA-B27:03 have the same observed affinity and thus the corresponding Pearson
correlation is ill-defined.
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Analysis of published neoantigen vaccine—Ott et al.(Ott et al., 2017) released the
sequence and the target MHC of all the peptides designed in their vaccines as well as the
somatic mutations of each of the six patients. For peptides selected for high predicted
affinity (stronger than 500 nM), we evaluated the binding likelihood to their targeted MHC.
To construct an alternative set of peptides with improved binding likelihood, we identified
all the 9-mer peptides that span any missense somatic mutation. Mutations that reside in
UTRs, non-coding regions, and introns, as well as the ones that lead to frameshift were
excluded as their effects on introducing novel peptides cannot be properly evaluated without
the availability of RNA-seq data. For each patient, the number of mutation-spanning
peptides evaluated are 697, 7943, 3141, 8438, 2869 and 15021 respectively. The binding
likelihoods between the mutation-spanning peptides and the MHCs of the same patient were
predicted with PUFFIN.
QUANTIFICATION AND STATISTICAL ANALYSIS
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The Point-Biserial correlations between the observed binding status and the computational
predictions, either binding likelihood or predicted mean affinity, were calculated by Python
package scipy.stats.pointbiserialr. The Wilcoxon one-sided signed rank tests to compare the
Point-Biserial correlations calculated for binding likelihood and predicted mean affinity
were performed using R package stats.wilcox.test. The number of samples in such tests is
113 for class I MHC and 55 for class II MHC. The Pearson correlations between uncertainty
metrics and the training set size for a MHC allele in IEDB was calculated using Python
package scipy.stats.pearsonr. The number of samples in such tests is 114 for class I MHC
and 55 for class II MHC. For all auROC and auPRC calculation, the Python package scikitlearn is used (sklearn.metrics.roc_auc_score, sklearn.metrics.average_precision_score).
Throughout the paper, statistical significance is defined as p<0.05.
DATA AND SOFTWARE AVAILABILITY
The code for PUFFIN is available at http://github.com/gifford-lab/PUFFIN. We obtained
IEDB MHC-peptide binding affinity data from http://www.cbs.dtu.dk/services/
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NetMHCpan-3.0/ and http://www.cbs.dtu.dk/services/NetMHCIIpan-3.2/ for class I and
class II MHC respectively. We obtained data in the class I MHC-peptide binding affinity
benchmark from personal correspondence with Bhattacharya et al. and we have deposited
this dataset in Mendeley Data at https://doi.org/10.17632/jwhmrdx268.1

Supplementary Material
Refer to Web version on PubMed Central for supplementary material.
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Highlights
•

Quantifies uncertainty in peptide-MHC affinity prediction

•

Predicted uncertainty correlates with the observed error on held-out examples

•

Uses a binding likelihood metric that improves upon point affinity predictions

•

Improves high-affinity peptide selection for therapeutic design
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PUFFIN is an ensemble of neural networks. MHC alleles are represented by a pseudosequence of annotated amino acids in contact with the peptide. Each amino acid in the
peptide sequence and the MHC pseudo-sequence is encoded with both a one-hot amino acid
sequence encoding and the row of BLOSUM50 that corresponds to the amid acid, referred
to as “Amino Acid Encoding” in the diagram. The amino acid encoding of the peptide and
MHC are combined to form a feature matrix. Given the encoded feature matrix and the
peptide length as input, each network in the ensemble outputs the parameters of a peptideMHC affinity distribution (Beta distribution for class I MHC and Normal distribution for
class II MHC). The ensemble-wide average of the affinity mean is a point estimate of
affinity. The epistemic uncertainty is the ensemble-wide variance of the affinity mean and
the aleatoric uncertainty is the ensemble-wide mean of the affinity variance. For a given
affinity threshold T, the binding likelihood of a peptide-MHC pair is defined as the
probability that the affinity exceeds T under a Beta (for class I MHC) or Normal (for class II
MHC) distribution with parameters averaged across the ensemble.

Author Manuscript
Cell Syst. Author manuscript; available in PMC 2020 August 28.

Zeng and Gifford

Page 17

Author Manuscript
Figure 2.
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PUFFIN provides state-of-the-art affinity prediction as well as reliable uncertainty metrics
for each prediction. (A) The mean squared error of PUFFIN (y-axis) and NetMHCIIpan (xaxis) over 55 class II MHC alleles. (B) The x-axis shows the 10-quantiles of PUFFIN’s
aleatoric (solid line) and epistemic (dash line) uncertainty estimates for class I (yellow) and
class II (blue) MHC. The y-axis shows the mean squared error on the held-out examples
with an uncertainty estimate in the corresponding quantile. (C) The x-axis denotes three sets
of derived sequences with different designed distance to the training examples. The y-axis
denotes the median epistemic (dash line) and aleatoric (solid line) uncertainty of the
corresponding set of derived sequences normalized against the median uncertainty of the
seed. Yellow lines represent the results from jointly considering derived sequences mutated
from all seeds. Blue lines represent the results from only including the median uncertainty of
derived sequences mutated from the same seed in the calculation.
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Figure 3.
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Uncertainty estimation improves the design of high-affinity peptides. (A) The Point-Biserial
correlation with the observed binding status binarized with respect to an affinity cutoff of
500 nM for both PUFFIN’s binding likelihood (y-axis) and affinity point estimate (x-axis).
Each point denotes an allele of class I (left) or class II (right) MHC. The diagonal line
denotes cases where the performance is the same for both metrics. (B) The positive
predictive value for the peptides with high binding likelihoods (>95%) (y-axis) and for the
peptides with the highest predicted affinity (x-axis). Each point denotes an allele of class I
(left) or class II (right) MHC. The diagonal line denotes cases where PPV is the same for
both approaches. (C) Binding likelihoods of peptides in published neoantigen vaccines
(blue) and an alternative set of mutation-spanning peptides prioritized by binding likelihood
(orange). Boxplots show median (the center line in the box), 25th and 75th percentiles (the
boundaries of the box), 1.5 interquartile range (the ends of the whiskers), and outliers (points
outside of the whiskers). Same applies to (D). (D) Binding likelihoods of all mutationspanning peptides for each patient.
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IEDB power by allele and MHC class. (A) The correlation between dataset size and the
median aleatoric uncertainty for all class I (left) and class II (right) MHC alleles available in
IEDB. (B) The correlation between dataset size and the median epistemic uncertainty for all
class I (left) and class II (right) MHC alleles available in IEDB.
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Comparison of performance in predicting class II MHC-peptide binding affinity. For auROC, F1 Score and
Point-Biserial Correlation, positive samples are defined as ones with an affinity stronger than 500 nM.
PUFFIN-mean denotes using PUFFIN’s “mean affinity” as prediction. PUFFIN-BL denotes using PUFFIN’s
“binding likelihood” as prediction. NetMHCIIpan + PUFFIN-mean denotes using the average of the affinity
predictions from NetMHCIIpan and PUFFIN-mean. For PUFFIN-BL, the prediction is no longer affinity and
thus F1 score (which defines positive predictions using an affinity cutoff), mean squared error and R2 are not
meaningful metrics. The best performing method for each metric is highlighted in bold.
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auROC

FI Score

Mean Squared Error

R2

Spearman
Correlation

Point-Biserial Correlation

NetMHCIIpan

0.8727

0.7415

0.03056

0.5529

0.7367

0.6301

PUFFIN-mean

0.8774

0.7504

0.02956

0.5679

0.7450

0.6381

PUFFIN-BL

0.8795

N/A

N/A

N/A

0.7424

0.6561

NetMHCIIpan + PUFFIN-mean

0.8808

0.7516

0.02904

0.5751

0.7516

0.6427
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Table 2.
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Comparison of performance in predicting class I MHC-peptide binding affinity. For auROC, F1 Score and
Point-Biserial Correlation, positive samples are defined as ones with an affinity stronger than 500 nM.
PUFFIN-mean denotes using PUFFIN’s “mean affinity” as prediction. PUFFIN-BL denotes using PUFFIN’s
“binding likelihood” as prediction. For PUFFIN-BL, the prediction is no longer affinity and thus F1 score,
which defines positive predictions using an affinity cutoff, is not a meaningful metric. The performance for
MHCnuggests, NetMHCpan, and MHCflurry in this table was reported in Bhattacharya et al., in which the
Point-Biserial correlations were not used as a metric. The best performing method for each metric is
highlighted in bold.
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Model

auROC

Kendall’s tau

F1 Score

Point-Biserial Correlation

MHCnuggets

0.931

0.589

0.810

-

NetMHCpan

0.933

0.584

0.803

-

MHCflurry

0.933

0.587

0.785

-

PUFFIN-mean

0.935

0.599

0.802

0.756

PUFFIN-BL

0.936

0.573

N/A

0.767
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KEY RESOURCES TABLE
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REAGENT or RESOURCE

SOURCE

IDENTIFIER

Antibodies

Bacterial and Virus Strains

Biological Samples

Author Manuscript

Chemicals, Peptides, and Recombinant Proteins

Critical Commercial Assays

Deposited Data
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Class I MHC binding affinity data in
IEDB

Nielsen et al., 2016

http://www.cbs.dtu.dk/services/NetMHCpan-3.0/

Class II MHC binding affinity data in
IEDB

Jensen et al., 2018

http://www.cbs.dtu.dk/services/NetMHCIIpan-3.2/

Curated class I MHC benchmark dataset

Bhattacharya et al., 2017; Mendeley
Data

https://www.biorxiv.org/content/10.1101/154757v2;
https://doi.org/10.17632/jwhmrdx268.1

Experimental Models: Cell Lines

Experimental Models: Organisms/Strains

Oligonucleotides
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Recombinant DNA
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SOURCE

IDENTIFIER

PUFFIN

This paper

http://github.com/gifford-lab/PUFFIN

NNAlign2.0

Nielsen et al., 2017

http://www.cbs.dtu.dk/services/NNAlign-2.0/

Pytorch

Facebook

https://pytorch.org/

National Center for Biotechnology
Information (NCBI)

https://www.ncbi.nlm.nih.gov/IEB/ToolBox/
C_DOC/lxr/source/data/BLOSUM50.

Software and Algorithms
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Other
BLOSUM50 matrix
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