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A B S T R A C T

Selecting peptides that bind strongly to the major histocompatibility complex (MHC) for inclusion in a vaccine
has therapeutic potential for infections and tumors. Machine learning models trained on sequence data exist for
peptide:MHC (p:MHC) binding predictions. Here, we train support vector machine classifier (SVMC) models on
physicochemical sequence-based and structure-based descriptor sets to predict peptide binding to a well-studied
model mouse MHC I allele, H-2Db. Recursive feature elimination and two-way forward feature selection were
also performed. Although low on sensitivity compared to the current state-of-the-art algorithms, models based on
physicochemical descriptor sets achieve specificity and precision comparable to the most popular sequence-based
algorithms. The best-performing model is a hybrid descriptor set containing both sequence-based and struc-
ture-based descriptors. Interestingly, close to half of the physicochemical sequence-based descriptors remaining
in the hybrid model were properties of the anchor positions, residues 5 and 9 in the peptide sequence. In contrast,
residues flanking position 5 make little to no residue-specific contribution to the binding affinity prediction. The
results suggest that machine-learned models incorporating both sequence-based descriptors and structural data
may provide information on specific physicochemical properties determining binding affinities.

1. Introduction

In immunotherapy treatments, putative antigenic peptides or
neoantigens are administered as a part of a vaccine. Some of these pep-
tides are recognized by the T cell receptors on cytotoxic or helper T cells
which in turn induces a cellular response against the invading pathogen
or cancerous tumors. Such neoantigen-based vaccines have been found
to induce a positive clinical response in melanoma patients [1,2]. Bind-
ing of antigenic peptides to MHC is a requirement for T cell receptor
binding and efforts to develop increasingly accurate methods of identify-
ing which peptides bind to MHC are underway [3,4]. Allele-specific and
pan-specific sequence-based methods that use artificial neural network
models trained on available datasets of peptides have proven hugely suc-
cessful [3,4]. Various structure-based methods that train on structural
characteristics of p-MHC also hold promise for improving prediction for
cases where the small size of datasets makes training difficult [5–7].

The sequence-based methods utilize standard scoring matrices to en-
code the protein and peptide sequences and as such make interpretation
of the physicochemical characteristics of binding difficult. To overcome
this difficulty, the inclusion of interpretable physicochemical descriptor
sets and structural models in training can help characterize the binding
landscape. Several sequence-based physicochemical descriptor sets exist
that have been previously used in characterizing or predicting the nature
of protein-protein interactions [8]. In this study, we have tested the effi-
cacy of these physicochemical descriptors in predicting p-MHC binding,
using a well-characterized mouse MHC, H-2Db. Furthermore, predictive
classification models based on structure-based descriptors that can be
extracted from common docking protocols were also tested. Finally, we
used feature selection strategies on the combined sequence and struc-
ture-based descriptor sets to build a model using the most optimal fea-
tures.
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2. Methods

2.1. Dataset and features

The experimentally known binding affinities of our dataset of 1278
peptide sequences to the mouse allele, H-2Db, were sourced from the
immune epitope database (IEDB) website [9]. Based on bounds deter-
mined by previous peptide-MHC binding studies, a 500 nM cutoff in the
experimental dissociation constant (kD) was selected as the threshold to
define a binary classifier, i.e., kD ≤ 500 nM (binders) and kD > 500 nM
(non-binders) [10]. Based on this threshold, the dataset contained 501
binders and 777 non-binders. The observations were randomized and di-
vided into a training and an independent test set containing 80 and 20%
of all observations respectively. The training dataset contained 398 pos-
itive and 624 negative binders, while the independent test set contained
103 positive and 153 negative binders. To address the issue of imbal-
ance, during training, a penalized class-weighted SVM was used to im-
prove the classification and to avoid the algorithm from focusing on the
majority class. Finally, testing of the model on the independent test set
allowed us to both evaluate the performance of the model and assess for
any overfitting.

Our initial pool of features was based on both sequence and struc-
ture-based features. We describe the construction of this feature set be-
low:

2.1.1. Sequence-based features
The function of a peptide or protein depends on the physicochemical

properties of its amino acid sequence such as hydrophobicity, alpha he-
lix propensity, beta sheet propensity, bulkiness (ratio of side chain vol-
ume to length), charge and the frequency of occurrence in protein se-
quences. The “aaDescriptors” function of an R-based “Peptides” package
contained eight physicochemical descriptor sets that were used to en-
code peptide sequences into numerical vectors [11]. It has recently been
reported that the different descriptor sets indeed describe the AA space
differently although there are commonalities in the way they are con-
structed [12]. A brief description of the descriptor sets used is provided
below:

BLOSUM indices [13]: It represents more than 500 amino acid in-
dices from the AAindex database by a set of uncorrelated scales. It is
based on a VARIMAX analysis [14] of physicochemical properties which
were subsequently converted to indices based on the BLOSUM62 substi-
tution matrix.

Factor Analysis Scales of Generalized Amino Acid Information (FAS-
GAI) [15]: Numerical representation of amino acids based on six factors
associated with hydrophobicity (F1), alpha-helix and beta-turn propen-
sities (F2), bulkiness (F3), compositional characteristics (F4), local flexi-
bility (F5), and electronic properties (F6).

Kidera Factors (KF) [16]: These were originally derived by applying
multivariate analysis to 188 physical properties of the 20 amino acids
and using principal component analysis and factor analysis to reduce
the dimensionality of the features. This function calculates the average
of the ten Kidera factors for a protein sequence. KF1: Helix/bend pref-
erence, KF2: Side-chain size, KF3: Extended structure preference, KF4:
Hydrophobicity, KF5: Double-bend preference, KF6: Partial specific vol-
ume, KF7: Flat extended preference, KF8: Occurrence in alpha region,
KF9: pK value of carboxyl group, KF10: Surrounding hydrophobicity.

MSWHIM [17]: In this scale, 20 amino acids are represented by
three components derived from principal component analysis of 3D
electrostatic properties of residues. The first component discriminates
between positive and negatively charged residues and between aro-
matic and bulkier aliphatic residues. The second component dis

criminates Asp and Glu from other residues. The third component dis-
criminates Arg and Lys from all other residues.

Cruciani properties [18]: This comprises a set of three principal
properties (PP) describing the side-chains based on their polarity (PP1),
size/hydrophobicity (PP2), and H-bonding capability (PP3).

The ProtFP descriptor set [12]: This descriptor set was constructed
from a large initial selection of indices obtained from the AAindex data-
base for all 20 naturally occurring amino acids.

Vectors of Hydrophobic, Steric, and electronic properties (VHSE
scales) [19]: The VHSE was derived from principal component analy-
sis (PCA) of 50 physicochemical variables of 20 coded amino acids that
contained independent families of 18 hydrophobic properties, 17 steric
properties, and 15 electronic properties, respectively. VHSE1 and VH-
SE2 relate to hydrophobic properties, VHSE3 and VHSE4 relate to steric
properties, VHSE5 to VHSE8 relate to electronic properties.

Z scales [20]: Each Z scale represent an amino-acid property. Z1: hy-
drophobicity, Z2: Steric properties (Steric bulk/Polarizability), Z3: Elec-
tronic properties (Polarity / Charge), Z4 and Z5: They relate to elec-
tronegativity, heat of formation, electrophilicity, and hardness.

2.1.2. Structure-based modeling and features
Initial 3D models were generated with the program MODELLER

starting from an X-ray crystal structure (PDB ID: 5TIL) of H-2Db to which
a high-affinity peptide (KAPYNFATM) is bound. Here, 500 models per
p-MHC complex were produced and the top-ranked model of each com-
plex was selected based on the MODELLER DOPE score [21]. These
top-ranked peptide-MHC models were then refined with FlexPepDock
[22,23] from the Rosetta modeling suite [24]. 1000 models per p-MHC
complex were constructed with FlexPepDock and were ranked based on
their Rosetta Ref2015 score [25]. Top 50 models of each p-MHC com-
plex were selected for the calculation of structure-based features.

Two structure-based feature sets were constructed from docking-spe-
cific Rosetta energy terms [23] (hereafter, referred to as Rosetta fea-
tures) and from in-house scoring function developed by Demerdash and
Mitchell [26] (hereafter, referred to as DM features). Features from the
DM structure-based descriptor sets are briefly described in the APPEN-
DIX. The structure-based descriptors include energetic terms associated
with electrostatics, dispersion, hydrogen bond, cation-pi interactions,
statistical potential terms, distances and number of interface atoms and
root mean square fluctuations of backbone and side-chain residues. Fea-
ture persistence in terms of the averages and standard deviations of the
Rosetta component scores for each of the p-MHC conformational ensem-
ble was also included in the feature set.

2.2. Package

The classification was implemented using the SVM library and SVC
function in Scikit Learn.

2.3. Feature selection

Varying the soft margin constant, C allows one to adjust the penalty
for misclassification, i.e., the higher the C value the greater is the
penalty for misclassification and vice versa. To understand which fea-
tures were consistently selected at low and high C values, we per-
formed recursive feature elimination (RFE) with a linear kernel SVM
at low C (1,1.25, 1.5 and 1.75) and high C (2, 3, 5, 10, 25) val-
ues on a combined sequence-based descriptor set that contained vec-
tors from all eight sequence-based descriptor sets and on the two struc-
ture-based descriptor sets. The features ranked 1 in both low and high
C runs of the RFE were selected as features to be included
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in the optimal feature set. The optimal feature set thus contained se-
quence and structure-based descriptors on which sequential two-way
forward feature selection was performed to ascertain importance of the
selected features [27]. A “randomized-search” on C and gamma using
cross-validation with a non-linear radial basis function kernel in SVMC
gave the optimized hyper-parameters (give the optimized values for C
and gamma) for forward feature selection. To ensure that the order of
the features added during forward feature selection was consistent, we
repeated the experiment five times.

2.4. Performance measures

The performance of model was evaluated in terms of the sensitivity,
specificity, accuracy and F1 scores and the area under the receiver-op-
erator characteristic (ROC) curve (AUC) with leave-one-out fivefold
cross-validation and also on the independent test set.

3. Results

3.1. Benchmarking sequence-based descriptors for predicting p-MHC

We investigated the performance of SVM models generated using
each of eight sequence-based descriptor sets and compared it to the cur-
rent state-of-the-art, NetMHCpan 4.0, which for our dataset prediction
achieved a sensitivity, specificity, and precision of 0.93, 0.66 and 0.64
respectively. We first built the models without recursive feature elimi-
nation by taking into account all the features in each descriptor set and
next, by using features left after recursive feature elimination which was
performed to reduce the feature space required to classify peptides cor-
rectly. The descriptor performance with all features and with features
left after recursive feature elimination evaluated on the independent test
set using six metrics is shown in Table 1. The total number of features
encoding any nonameric peptide varies between 27 and 90 and the ac-
curacy varies between 0.65 and 0.73 across different descriptor sets. The
largest reduction of the descriptor set following recursive feature elim-
ination was for the Kidera set (reduced from 90 descriptors to 22) and
FASGAI vectors (reduced from 54 to 21) (Fig. 1). There is negligible loss
in accuracy after recursive feature elimination, thus the reduced descrip-
tor set can be used without loss of information. MSWHIM, which uses
the fewest features in its descriptor set, also performs the worst on most
metrics. VHSE gives the best overall AUC score (0.73) using all 72 fea-
tures (8 features per residue) and also with the reduced feature set of 61
features. The best model would have to have high specificity with high
sensitivity, as this model would lead to the fewest false positives while
simultaneously detecting the majority of the binders. We found that af-
ter recursive feature elimination VHSE, BLOSUM and ProtFP which each
have between 60 and 70 descriptors, have the highest specificities and
sensitivities (≥0.70) and models built using these descriptors sets would
thus have the ability to correctly reject non-binders while retaining most
of the binders. While quite low on sensitivity, the models achieve speci-
ficity and precision comparable with NetMHCpan 4.0.

3.2. Generating the optimal hybrid sequence and structure-based feature
space using recursive feature elimination

Next, we considered the two structure-based descriptor sets individu-
ally and combined the feature vectors from the different sequence-based
descriptor sets. Using a linear SVM kernel, for each of these three de-
scriptors sets we conducted a recursive feature elimination at differ-
ent soft margin constant, C values. The number of features left after
RFE for every C is shown in Table 2. We found 34, 9 and 8 fea-
tures from the sequence-based, Rosetta and DM feature sets respec-
tively persisted across the different C values. These persis

tent features characterize the peptide binding affinities with the sparsest
descriptor set and we use these 51 features as a hybrid descriptor set.
Many of the sequence-based features or scales are mixtures of several
physical properties; however, wherever possible a physical interpreta-
tion of the features selected after feature elimination is given in Table 3.
The BLOSUMindices feature set contributes the highest number of fea-
tures (10 features) followed by Kidera factors (7 features), VHSE (4 fea-
tures) and Z-scales (4 features).

The performance of the 51-feature hybrid descriptor set along with
the 34-feature sequence-based descriptor set, 9-feature Rosetta struc-
ture-based descriptor set, and 8-feature structure-based DM feature set
is shown in Fig. 2 and Table 4. The hybrid feature space has the
best overall accuracy, of 0.71, compared to the individual sequence
and structure-based descriptor sets. The sequence-based descriptor set
had high recall but low specificity, while the Rosetta features struc-
ture-based set had high specificity but quite low recall. Precision at-
tained by the individual descriptor sets was low. However, the precision
of the model based on the hybrid feature set was comparable to the pre-
cision achieved using the benchmark NetMHCpan 4.0.

Fig. 3 shows the number of times features at specific residue posi-
tions of the nonameric peptides are included in the final optimal sub-
set of 51 sequence and structure-based features. Out of the 51 features,
20 features are specific to positions 5 and 9 which have previously
been identified as anchor residues for binding peptides by studies fo-
cused on motif-based searches [28]. Features at positions 2 and 8 were
also frequently chosen while features at positions 1,3 and 4 occurred
less frequently. Features specific to residues at positions 6 and 7 do not
make individual contributions to the model and are hence identified
as those that make the least difference to the p-MHC binding predic-
tion. Based on the sequence-based features selected at the anchors, the
size, hydrophobicity, the secondary structure preference, and the elec-
tronic properties appeared very important. An analysis of the degree
of sequence conservation for binders (kD ≤ 500 nM) and non-binders
(kD > 500 nM) using the WebLogo program [29] is shown in Figs. 4A
and B. Sequence restrictions at residue positions 5 and 9 are observed
along with some restrictions at positions 2 and 3 for the peptides bind-
ing to H-2Db (Fig. 4A). Peptides binding to H-2Db exhibit a preference
for Asn at positions 5 and Ile, Leu and Met at position 9. A lower de-
gree of sequence conservation at residue position, 5 and 9 is observed
in non-binders as compared to binders (Fig. 4B). In terms of struc-
ture-based properties, the average solvent accessible area at residue 1,
the root-mean-square fluctuations of all atoms and the side chains at
residues 2 and 5 respectively were found to be important along with the
hydrogen bond distance of the residue at 9 from the receptor.

Even though the 51 features characterize physicochemical proper-
ties, such as hydrophobicity, charge, size the features from the different
descriptor sets appear largely uncorrelated (Fig. 5) i.e. the feature set
is minimally redundant. Principal component analysis revealed that fur-
ther reduction of the 51 features would not yield appreciable dimension-
ality reduction as it would take >25 components to capture 80% of the
variance (Fig. 6). Selecting fewer dimensions would mean discarding
a significant part of the variance. To completely describe the peptides,
preserving this diversity of the features was required.

3.3. Forward feature selection to ascertain feature importance

We sought to further rank the importance of the 51 features us-
ing forward feature selection. As the 2-way forward feature selection
strategy is non-deterministic, the forward feature selection was run 5
times and the AUC obtained versus the number of cycles is shown in
Fig. 7. In each cycle, a pair of features are appended to the base fea

3
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Table 1
Performance of sequence-based descriptor sets evaluated on the independent test set.

Using all features After recursive feature elimination

Descriptor set # of features Accuracy Precision Sensitivity Specificity F-score AUC # of features Accuracy Precision Sensitivity Specificity F-score AUC

MSWHIM 27 0.64 0.54 0.73 0.58 0.62 0.65 8 0.62 0.52 0.68 0.58 0.59 0.63
Cruciani 27 0.64 0.54 0.69 0.61 0.61 0.65 20 0.64 0.54 0.65 0.63 0.59 0.64
Kidera 90 0.71 0.64 0.67 0.75 0.65 0.71 22 0.68 0.58 0.71 0.66 0.64 0.68
FASGAI 54 0.66 0.56 0.65 0.66 0.60 0.66 21 0.67 0.57 0.73 0.63 0.64 0.68
z scales 45 0.68 0.59 0.67 0.69 0.63 0.68 23 0.69 0.59 0.76 0.64 0.66 0.70
ProtFP 72 0.70 0.61 0.73 0.69 0.66 0.71 70 0.71 0.62 0.74 0.70 0.68 0.72
BLOSUM 90 0.72 0.65 0.66 0.76 0.66 0.71 67 0.73 0.65 0.69 0.75 0.67 0.72
VHSE 72 0.73 0.64 0.74 0.72 0.68 0.73 61 0.73 0.62 0.76 0.71 0.69 0.73
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Fig. 1. Number of features and the performance in terms of AUC of the different sequence-based descriptor sets before and after recursive feature elimination.

Table 2
Number of features selected across different C values.

Feature set Number of features selected for low and high C Top ranked features across all C

Low C High C

1.00 1.25 1.50 1.75 2 3 5 10 25

Sequence-based 154 113 118 134 238 89 97 121 85 34
Structure-based Rosetta features 71 69 65 71 71 62 10 12 103 9
Structure-based DM features 57 103 109 81 65 59 18 133 103 8
Hybrid features (sequence & structure-based) Total number of features 51

ture pair. In all five experiments, the sequence-based features VHSE2.2
and BLOSUM9.5 were selected. The AUC score plateaued after 5–6 cy-
cles i.e. after appending 10–12 features in all five runs. We collected the
features that were appended in the first five cycles of each of the five
experiments and analyzed the frequency of occurrence of these features
(Fig. 8A). This resulted in a collection of a total of 23 features of which
three features – BLOSUM9.5, PC and VHSE2.2 were appended within
the first five cycles consistently across all five experiments. Features that
persisted in most of the five experiments in the first five cycles were con-
sidered to be more important than the others.

In the same manner, the frequency with which features appear in the
first 10 cycles in all 5 experiments is shown in Fig. 8B. This resulted
in 45 features. We examined the influence of the recurring top-ranked
feature on the model performance. To do so we first developed a model
based on features that recur the greatest number of times and each time
we appended the next set of features that appear the greatest number of
times. This was continued until the entire feature set was consumed.

Table 5 presents the performance of the models built using features
that recur a different number of times in total in the five experimental
runs within the first five or ten cycles of the forward feature selection
strategy. For instance, VHSE2.2, BLOSUM9.5, and PC appear within the
first five cycles in all five runs of the forward feature selection and the
model derived using just these three features has a test set AUC of 0.64
while its sensitivity and specificity is 0.76 and 0.52 respectively. Going
from a 3-feature to a 23-feature model gives only a modest gain in AUC
of 6%. To obtain the best performance we concluded it was important to
retain all 51 features of the hybrid feature set.

4. Conclusion

In this study, we examine physicochemical and structural descrip-
tors that influence peptide binding to the mouse MHC I allele, H-2Db.
Additionally, we provide a benchmarking of the commonly

available sequence-based physicochemical descriptors for a mouse MHC,
H-Db using 1278 peptides. We found that descriptor sets ProtFP, VHSE
and BLOSUM scales were more accurate than the other descriptor sets
tested.

Recursive feature elimination identified 17 structural features as con-
tributing most towards the predictive model. Rosetta interface energy
scores and peptide energy scores from the Rosetta feature set, that were
previously identified by FlexPepBind [30–33] as important structural
descriptors in binding prediction, were also identified by our model.
Also, geometrical features such as RMSFs among models of the ensem-
ble, along with the solvent accessible surface area and the hydrogen
bond distance at the anchor sites were selected to be included in the fi-
nal feature set.

The specificity and precision of the binding predictions obtained
from models using these three descriptor sets were on par with the
state-of-the-art sequence-based tool, NetMHCpan, suggesting that the
method might be useful for filtering samples with a large number of po-
tential antigens. In contrast, the method appears to perform worse than
NetMHCpan in terms of sensitivity.

Of particular interest is the finding that the best-performing model
is trained using majority of the features describing anchor positions,
with close to half of the descriptors describing properties of the anchor
positions, residues 5 and 9 in the sequence, consistent with the role
of these residues in anchoring the interaction. The electronic proper-
ties or the charge of anchor residues at position 5 and the hydropho-
bicity of anchor site 9 and auxiliary anchor 2 were identified as im-
portant determinants of binding. Also, of interest is the finding that,
even though residues at positions 4 and 6 flank the anchor residue
at position 5, they make little to no residue-specific contribution to
the binding affinity prediction of the model. The results therefore sug-
gest that machine-learned models incorporating both sequence-based
descriptors and structural data might be logically interpretable and
provide specific physicochemical properties determining binding affini-
ties. Linking these results to simulation-de
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Table 3
Hybrid feature space of sequence and structural descriptors. Structure-based features from
Rosetta and DM descriptor sets are in bold and in italics respectively.

Residue position Feature Interpretation

1 AvgPolASA_Pep1 Accessible surface
area of polar atoms
of residue

2 BLOSUM8.2 α-helix propensity
BLOSUM9.2 Frequency of

appearance of amino
acid in proteins
(composition), α-
helix propensity,
bulkiness

KF10.2 Surrounding
hydrophobicity
(Kidera Factors)

VHSE2.2 Hydrophobic
properties

ProtFP7.2
AvgAllAtomRSA_Pep2 All atom RMSD of

residue
3 BLOSUM4.3 Bulkiness, charge

BLOSUM8.3 α-helix propensity
KF7.3 Flat extended

preference
4 BLOSUM8.4 α-helix propensity
5 BLOSUM5.5 Charge, α-helix

propensity
BLOSUM9.5 Frequency of

appearance of amino
acid in proteins
(composition), α-
helix propensity,
bulkiness,

F6.5 Electronic
properties/ charge

KF10.5 Surrounding
hydrophobicity
(Kidera Factors)

KF3.5 β structure
preference related

MSWHIM1.5 Discriminates
between positive and
negative charged
residues and
between aromatic
and bulkier aliphatic

ProtFP5.5 Obtained from PCA,
physico-chemical
relevance not
specified

VHSE6.5 Electronic properties
VHSE8.5 Electronic properties
Z3.5 Electronic properties

(Polarity / Charge)
Z5.5 electronegativity,

heat of formation,
electrophilicity and
hardness

AvgSideChRSA_Pep5 RMSD of side chain
8 BLOSUM8.8 α-helix propensity

F1.8 Hydrophobicity
index (FASGAI)

Table 3 (Continued)

Residue position Feature Interpretation

KF6.8 Partial specific
volume

MSWHIM1.8 Discriminates
between positive and
negative charged
residues and
between aromatic
and bulkier aliphatic

ProtFP5.8 Obtained from PCA,
physico-chemical
relevance not
specified

9 BLOSUM2.9 Bulkiness
BLOSUM6.9 Frequency of

appearance of amino
acid in proteins
(composition)

KF1.9 Helix/bend
preference (Kidera
Factors)

KF5.9 Double-bend
preference

PP1.9 Polarity
(CrucianiProperties)

VHSE1.9 Hydrophobic
properties

Z2.9 Steric properties
(Steric bulk/
Polarizability)

Z3.9 Electronic properties
(Polarity / Charge)

ProtFP8.9
AvgHbondDistPep9 Distance of donor-

acceptor
Average overall all
residues

Ave_I_hb Ensemble average of
number of hydrogen
bonds across the
interface

Ave_I_sc Ensemble average of
Interface energy

Ave_frac_iatoms_less_1A Fraction of interface
atoms that are <1 Å
from binding partner

Ave_frac_iatoms_less_1A_bb Fraction of backbone
interface atoms that
are <1 Å from
binding partner

Ave_frac_iatoms_less_2A Fraction of interface
atoms that are <2 Å
from binding partner

Sdev_I_hb Standard deviation
of the number of
hydrogen bonds
across the interface
in the ensemble

Sdev_fa_dun Internal energy of
sidechain rotamers
as derived from
Dunbrack's statistics.

6
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Table 3 (Continued)

Residue position Feature Interpretation

Sdev_pep_sc_noref Standard deviation
of the peptide score
(sum over energy
contributed by the
peptide to the total
score; consists of the
the internal peptide
energy and the
interface energy)
without the amino
acid dependent
energy terms (Eaa)
that were optimized
to generate designs
with natural amino
acid content in the
ensemble

Sdev_rmsSC_CAPRI_if Standard deviation
of the RMSD
between output
model and the native
structure, over
peptide and receptor
interface residues,
where interface is
defined similarly to
rms (ALL/BB/CA)_if
in the ensemble

EL_sternberg Coulombic
electrostatic w/
Sternberg's distance-
dependent dielectric

PC Heuristic pi-cation
Pamino Morse potential-

based pi-cation/pi-
amine

StDevMainChASA_ABPep Standard deviation
in accessible surface
area.

rived work would be an interesting future activity, as would extension
of the studies to other common MHC alleles.
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Appendix A

A.1. DM structure-based features
For each peptide-MHC complex, an ensemble of structures was gen-

erated using the protein structural modeling suite Rosetta [34], specifi-
cally, the flexible peptide docking module FlexPepDock [35]. For each
set of complexes, the average and standard deviation of a set of features
was calculated, including energetics, hydrogen bonding, solvent-acces-
sible surface area (SASA), and the atomic Cartesian coordinates (root
mean-squared deviation; RMSD). The non-energetic terms were calcu-
lated for the total complex, the protein chains individually, and for the
individual residues in the peptide. Energetic terms were calculated for
the total complex only. There were 492 features in total.

Energetics. Twenty-seven energetic terms that model electrostatics,
van der Waals, desolvation, hydrogen bonding, shape complementarity,
interface surface area, and aromatic interactions were calculated using
in-house code [26,36]. These are described as follows.

van der Waals energy. Van der Waals energy was calculated using a
softened 12–6 Lennard-Jones potential. In this regime, the repulsive and
attractive contributions to the energy are denoted as LJrep and LJattr, re-
spectively. The softening was performed as follows. First, the term Q is
defined as follows:

Fig. 2. Performance of sequence, structure and combined feature set models on independent test set.
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Table 4
Comparison of the performance of models based on the persistent features selected after recursive feature elimination using different C values.

Type of model Training Set CV LOO performance Test Set Performance

Accuracy Precision Recall Specificity
F-
score AUC Accuracy Precision Recall Specificity

F-
score AUC

Sequence-based feature set (34
features)

0.72 0.61 0.79 0.67 0.69 0.73 0.68 0.58 0.77 0.62 0.66 0.69

Structure-based feature set (8
Rosetta features)

0.69 0.59 0.66 0.71 0.62 0.68 0.65 0.56 0.56 0.71 0.56 0.63

Structure-based feature set (9 DM
features)

0.67 0.55 0.75 0.61 0.64 0.68 0.64 0.54 0.67 0.61 0.60 0.64

Hybrid feature set (51 features) 0.73 0.63 0.77 0.71 0.69 0.74 0.71 0.62 0.71 0.71 0.66 0.71

Fig. 3. Number of features encoding each residue position in the hybrid feature space.

(1)

where rij is the interatomic distance between an atom in MHC (receptor)
and an atom in the neoantigen peptide (ligand), r0 is the equilibrium
distance, and εij is the well depth. When Q < 1.0, the energy is purely
attractive:

(2)

when Q ≥ 1.0 and rij ≥ r0/2, a modest penalty is incurred in the attrac-
tive term:

(3)

Finally, for significant collisions there is a large penalty in the repul-
sive term and a smaller penalty in the attractive term as follows:

(4)

Knowledge-based potential. The Boltzmann statistics-based, pairwise,
atom contact based potential of Zhang et al. was used.

Interface size. Interface size was obtained as a proxy for desolvation
and was calculated simply by counting the number of protein residues
in the interface.

Shape complementarity. Shape complementarity at the protein ligand
interface was calculated using the following function [37]:

(5)

In the above, Ctot is the total shape complementarity at the inter-
face, Ci is the shape complementarity calculated at the ith interface
atom of the receptor, and λiR and λiL are fractal density dimensions
calculated at the ith interface atom of the receptor with respect to

Fig. 4. A: Sequence logo of peptides that bind to H-2Db (kD ≤ 500 nM). B: Sequence logo of peptides that do not bind to H-2Db (kD > 500 nM).
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Fig. 5. Correlation plot between features of the hybrid descriptor set.

Fig. 6. Variance captured as a function of number of principal components.

Fig. 7. Performance as a function of number of cycles. The feature set grows by 2 in each
cycle.

the receptor and ligand, respectively. The fractal density dimension, λi,
is the exponent in a power law relating number of atoms, N, to the ra-
dial distance r from a reference point centered at an interfacial receptor
atom as follows:

(6)

For a locally flat surface, λi would be 3.0, and this would be the cor-
responding value for the reference value of the fractal density dimen-
sion, λ0. However, for atomic number densities in typical proteins, the
observed reference value is less than the 3.0 [38]; hence, in this work,
a value of 2.75 is used for λ0. For each receptor interface atom i, λi is
calculated from a least-squares fit of log(N) vs. log(r).

Electrostatic energy. A number of unscreened or screened electrostatic
models were used to represent vacuum electrostatics and/or polar des-
olvation [26]. These all can be described by the following general form:

(7)

The distinguishing feature among the models was the functional
form of the screening term ε(rij), which corresponds to the prescription
for polar desolvation. In the first model, a constant value of ε(rij) = 10
was used to approximate a value for the protein surface between vac-
uum and water. In the second model, a simple distance-dependent di-
electric was used where ε(rij) = rij [39]. For the next set of models, dif-
ferent functional forms for a sigmoidal or quasi-sigmoidal distance-de-
pendent dielectric were used. The first of these was due to Warshel and
co-workers [40,41]:

The following quasi-sigmoidal distance-dependent dielectric was de-
veloped by Sternberg and co-workers [42]:

ε(rij) = 4 rij ≤ 6Å

(8)

The third sigmoidal dielectric due to Ramstein and Lavery [43] is as
follows:

(9)

Lastly, a sigmoidal dielectric due to Hingerty and co-workers [44]
was used as follows:

(10)

Hydrogen bonding energy. Four different hydrogen bonding potentials
were used. The first two of these used a softened 12–10 potential with
an angular dependency term f(θ,ϕ) as follows:

(11)

here rij is the donor-acceptor distance. In the first of the 12–10 po-
tentials [45], the well depth D0 = 9.5, the equilibrium donor-accep-
tor distance r0 = 2.75, and the angular dependency term was as

9
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Fig. 8. A) Histogram showing the frequency of appearance of features in the first 5 cycles in the 5 independent runs of forward feature selection. B) Histogram showing the frequency
of appearance of features in the first 10 cycles in the 5 runs independent runs of forward feature selection. The bars of the sequence-based, structure-based Rosetta and DM features are
shown in gray, blue and orange respectively.(For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

follows:

(12)

In the above, θ is the donor‑hydrogen-acceptor angle and ϕ is the an-
gle between the hydrogen, acceptor, and the atom covalently bound to
the acceptor. In the second of the 12–10 potentials from the in-house
code, a more elaborate angular dependency term was used along with
slightly different values of the well depth, D0 (8.0), and equilibrium dis-
tance, r0 (2.8), [46]. Here the angular dependency was as follows, dif-
fering according to the hybridization state of the donor and acceptor:

(13)

The third hydrogen bonding potential from the in-house code was a
Morse potential with angular dependency [47]:

(14)

Here, the well depth D0 was 7.785 and r0 = 1.912 is the equilibrium
distance between the hydrogen and the acceptor, rij is the distance be-
tween the hydrogen and acceptor, α is a parameter controlling the cur-
vature of the potential well (set to 1.234). The angular dependency was
as follows, maintaining the definitions of θ and ϕ as above:

(15)
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Table 5
Performance of models based on features that persisted in different number of runs of the two-way forward feature selection. N is the number of two-way forward feature selection runs in
which the features persisted in first 5 or first 10 cycles.

N Type of model Training set CV LOO performance Test set performance

Accuracy Precision Recall Specificity F-score AUC Accuracy Precision Recall Specificity F-score AUC

Features collected after first five cycles
5 3-feature 0.67 0.55 0.80 0.58 0.65 0.69 0.62 0.52 0.76 0.52 0.61 0.64
≥3 8-feature 0.72 0.61 0.78 0.68 0.68 0.73 0.67 0.57 0.71 0.64 0.63 0.67
≥2 13-feature 0.73 0.62 0.79 0.69 0.69 0.74 0.64 0.54 0.73 0.59 0.62 0.66
≥1 23-feature 0.74 0.63 0.77 0.71 0.69 0.74 0.67 0.57 0.72 0.64 0.64 0.68

Features collected after first ten cycles
5 4-feature 0.68 0.57 0.80 0.61 0.67 0.71 0.63 0.53 0.74 0.56 0.62 0.65
≥4 10-feature 0.72 0.60 0.81 0.66 0.69 0.73 0.62 0.52 0.72 0.56 0.610 0.64
≥3 18-feature 0.73 0.62 0.80 0.69 0.70 0.75 0.66 0.56 0.70 0.63 0.62 0.66
≥2 32-feature 0.73 0.62 0.80 0.69 0.70 0.75 0.70 0.60 0.78 0.65 0.68 0.71
≥1 45-feature 0.74 0.63 0.82 0.69 0.71 0.75 0.70 0.59 0.77 0.65 0.67 0.71

Lastly, a 6–4 potential with angular dependency was implemented as
follows [39]:

(16)

where

In this potential, there are well-depths and equilibrium distances spe-
cific to the participating donor and acceptor atoms as follows:

(17)

π-π stacking energy. Two potentials were used to model the energy
due to π-π stacking between aromatic rings. The first of these was a
Morse potential with angular dependency originally proposed by Yuki
et al. [48] and modified by us to include softening at short interatomic
distances [26]. This potential consists of a so-called parallel component
and a perpendicular component, referring to the orientation of the aro-
matic rings with respect to each other:

(18)

(18)

here, rij is the distance between the centers of the aromatic rings,
is the unit normal vector with respect to the plane of the aromatic
ring, θ is the angle formed by the normal vector of one ring and
a vector originating from the center of the first ring and pointing
towards the center of the second ring, D0 is the well depth, a pre-
scribes the curvature of the potential well, and r0 and θ0 are the

equilibrium values of rij and θ0, respectively. The values of the parame-
ters are as follows:

(19)

A second heuristic potential from the in-house code was as follows:

(20)

In the above, rij is the distance between any pair of atoms, each from
either an aromatic ring in the protein or ligand.

π-cation/polar energy. Interactions between aromatic rings and nitro-
gen-containing cationic groups, and two types of polar, non-charged
groups (amine and hydroxyl groups) were calculated using three func-
tional forms. The first of these was a Morse potential adapted from Yuki
et al. [48] as follows:

(21)

Parameters for this potential are as described above for the corre-
sponding Morse potential for π-π stacking interactions, except here rij is
the distance from the center of the aromatic ring and the heavy atom
of the amino, cation, or hydroxyl group (r0 is the corresponding equilib-
rium distance), and θ is is the angle formed by the normal vector of the
aromatic ring and a vector originating from the center of that ring and
pointing towards the cationic or polar heavy atom. The parameters for
the various interactions are as follows:

(22)

The second potential from the in-house code was heuristic and eval-
uated for π-cation and π-amine interactions:

(23)

11



UN
CO

RR
EC

TE
D

PR
OO

F

M.P. Aranha et al. BBA - General Subjects xxx (xxxx) xxx-xxx

Here rij is the distance between the nitrogen atom and any of the con-
stituent atoms of the aromatic ring.

Lastly, from the in-house code a Lennard-Jones-type 12–4 potential
proposed by Minoux and Chipot [49] was evaluated for π-cation and
π-amine interactions and is as follows:

(24)

Here, as in the heuristic potential for π-cation and π-amine interac-
tions, rij is the distance between the nitrogen atom and any of the con-
stituent atoms of the aromatic ring.

Hydrogen bonding. Total hydrogen bonds, number of donors/accep-
tors, distance of donor to acceptor, and donor‑hydrogen-acceptor angle
were calculated using PDB2PQR [50].

Solvent-accessible surface area. Absolute and relative SASA were cal-
culated for all atoms, sidechain atoms, mainchain atoms, polar atoms,
and non-polar atoms using NACCESS [51]. The relative SASA is calcu-
lated relative to the alanine tri-peptide.

Root mean-squared deviation. RMSD of the atomic coordinates were
calculated for all atoms, the sidechain atoms, backbone atoms, and the
alpha‑carbon atoms. RMSD was calculated using the one of the struc-
tures of the ensemble as the reference structure.
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