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Abstract

Hidden Markov Models (HMMs) trained to identify binding regions in peptide sequences have demonstrated the ability
to uncover shared amino acid patterns in peptides bound to major histocompatibility complex molecules. In this work,
we present an enhanced approach for predicting peptide binding using an ensemble of HMMs. Building on a previously
proposed method, we extend it to a classification setting by incorporating both binding (positive) and non-binding
(negative) peptide sequences. Our strategy involves training two sets of models on these distinct datasets and selecting
ensemble members based on conditional probability estimates. The method was evaluated across six alleles of major
histocompatibility complex using two model architectures: simplified architecture with 9 states representing the peptide
binding core region and two cycle-states for the amino acids outside this region, and extended architecture, in which each
cycle state was replaced by 9 additional states. Models evaluated in comparison with the state-of-the-art MixMHC2pred
predictor. Results show a statistically significant improvement in prediction accuracy. Notably, incorporating non-binding
peptides during training improved performance in several cases, highlighting the importance of background sequence
information in distinguishing binding-specific patterns.
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AHHOTaNMA

Beenenue. CKpbIThIe MAPKOBCKHE MOJIETH MOTYT IIPUMEHSTHCS K 3aa4e HACHTU(HUKAINY SIpa CBSI3BIBAHMS METITHAA C
MOJICKYJTaMH1 TIIaBHOTO KOMILTEKCa THCTOCOBMECTHMOCTH, BBISIBIISIS OOIIIe aMUHOKHCIIOTHBIE TAaTTEPHbI aHATTH3UPYEMBIX
nocieoBaresbHOCTeH. [IpencTaBieH ycoBepIICHCTBOBAHHBIN ITOX0/] K PEIICHUIO STOH 3aadui Ha OCHOBE aHCAMOIIs
CKPBITBIX MapKOBCKHX Mojesel. Panee mpeaoKeHHbIH aBTopaMy METOJ aJlallTUPOBAH K 3aJade KIacCU(PUKAUN
HEeNTHIO0B Ha JiBa KJIacca: CBS3bIBAIONIMECS U He cBs3biBatoiuecs. Meroa. PazpaboraHHblil moaXox BKIIOYAET B
ce0st 00y4eHHsl ABYX THIIOB MOJIENEH: MepBblii TUIT — OOYUYSHHBIH C MCIONB30BAHUEM CBS3BIBAIOLINXCS MENTHI0B
(TIONOXKUTENBHBIX MPUMEPOB JAHHBIX ), BTOPOH — HE CBA3BIBAIOLINXCS MENTHI0B (OTPHUIATENbHBIX TPUMEPOB TAHHBIX ).
OT60p Mozeneii B aHCaMOIb U KJIacCH(PHUKALIUS MOCIEI0BATEIEHOCTEH BBITONHSIACH HA OCHOBE OLEHKH yCJIOBHOM
BEPOATHOCTH MEXIY MOTy4YCeHHBIMH MozensiMu. OCHOBHBIE pe3yJbTaThl. MomudunrpoBaHHas cTpaTerust 00ydeHus
aHcaMOJIst MOzieNielt MPOTeCTUPOBaHA IJIS MIECTH PA3IHYHBIX ajulelel ITTaBHOTO KOMILIEKCA THMCTOCOBMECTHMOCTH
C HCIIOJIB30BAHUEM JABYX apXHTEKTyp Mojesiell. B mepBoMm ciydae HCIONB30Baach YINPOLIEHHAS CTPYKTYpa C
JIEBATHIO COCTOSTHUSIMH MOJIEITH, COOTBETCTBYIOIIMMH SIIPY CBSI3BIBAHUS MENTHA, ¥ JABYMS COCTOSHUSMH-IIMKIaAMU
JUIsE aMUHOKHUCIIOT BHE 3TOTO siipa. Bo BTOpoM ciydae nmpuMeHsIach paclIMpeHHasi CXeMa, I1e COCTOSHUS-IINKIIBI
3aMCHSAJIMCH JACBATHIO JOIOJIHHUTCIIBHBIMU COCTOAHUAMM. OLICHKa 3(1)(1)6](TI/IBHOCTI/I Moaeneﬁ MPOU3BOANIACH B CPABHEHUN
¢ coBpeMeHHbIM MeTozoM MixMHC2pred, B x01€ KOTOpOii 00yUeHHBIE MOJIEITH TIPOIEMOHCTPHPOBAIIH CTATHCTHYSCKU
3HAYMMOE MOBBIIICHHE TOYHOCTH MpeACKa3aHuii kiacca nentuaos. O6cyxnenue. Pazpaborannas crparerus oOydeHust
MOJIeNeH yIUTHIBAET KaK CBSA3BIBAIONINECS, TAK M HE CBA3BIBAIONINECS ¢ KOMIUIEKCOM MENTHIbI, MO3BOISET MTOBLICUTH
TOYHOCTB MPEICKAa3aHMsI KIJIAcca CBA3BIBAHUS CKPBITHIMI MApPKOBCKHMH MOJIEISIMU Jake B YCIOBHUSAX OTPAaHHIEHHOTO
o0beMa MOJOKHUTEIBHBIX AaHHBIX. [IoBBINICHNE TIPe/ICKa3aHus B ATOM ClTydae JOCTHTAeTCs 3a CUET HCIIOIb30BaHUS
(hOHOBOTO pacrpesie/ieHNs] aAMHHOKUCIOTHBIX ITOCIIEI0BATEIEHOCTEH, IOy YeHHOTO U3 OTPHIATEeIbHON BEIOOPKH.

Kirouesble cii0Ba

CBSI3bIBAHME NENTHUIOB, CKPBIThIC MAPKOBCKHE MOJEIH, OTPUIATeNIbHAs BBIOOPKA, NPECKAa3aHUE CBSA3bIBAIOLICH
CHOCO6HOCTI/I, MNpEACKa3aHUE JIUTOIIOB, ITITAaBHbIE KOMITJICKCHI THCTOCOBMECTUMOCTH, CBA3BIBAIOIIIUE MOTUBBI, MAIIMHHOC
oOy4deHue
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Introduction

A key characteristic of the immune system is its ability
to distinguish foreign (non-self) targets from the body
own tissues (self), a process primarily mediated by T
cells. T cells play a central role in recognizing antigenic
peptides presented by the Major Histocompatibility
Complex (MHC) of Antigen-Presenting Cells (APCs). The
interaction between T Cell Receptors (TCRs) and peptide-
MHC (pMHC) complexes enables T cells to identify and
respond to foreign pathogens while maintaining tolerance
to self-antigens [1].

Identifying peptide sequences involved in this immune
response, known as neoepitopes, is a critical step in cancer
vaccine development [2]. Peptides that are likely to be
bound and presented by MHC molecules and subsequently
recognized by immune cells can serve as components of
personalized vaccination strategies. These peptides can
stimulate immune responses, even in cases where natural
immune activation does not occur [3]. They exhibit high
binding affinity — the strength of their interaction with
MHC molecules [4].

MHC molecules exhibit specificity in peptide binding,
governed by the structure of their peptide-binding grooves.
The strength and stability of MHC-peptide interactions
significantly influence antigen presentation and T cell
activation [4].

MHC class I molecules primarily bind peptides of
9 amino acids in length, though they can accommodate
peptides ranging from 8 to 15 amino acids. Their binding
site consists of two helices forming a closed pocket, with
interactions mainly occurring at the peptide terminal

residues. The central region may play a comparatively
lesser role [5, 6]. In contrast, MHC class II molecules bind
longer peptides, typically ranging from 12 to 25 amino
acids, with preference for 15-mers. Their open-ended
binding groove allows the epitope to extend beyond the
binding site, although the main stabilizing interaction with
a binding groove is mediated by a nine-amino-acid region,
known as the binding core. Therefore, despite the variability
in peptide length, the fixed length core of MHC class 11
molecules plays a critical role in determining the specificity
and stability of MHC-peptide interactions. Moreover, each
individual can express up to six MHC class I and II types
(alleles), but population-level diversity is vast — over
20,000 Class I and 8,000 Class II variants exist [5]. Each
allele has unique peptide-binding preferences, generating
distinct binding motifs.

From a computational perspective, selecting peptide
candidates for vaccination can be formulated as a
classification problem in machine learning. A model
processes an input protein sequence and outputs a
numerical score reflecting the likelihood of a peptide
successfully passing through different stages of antigen
processing.

This classification distinguishes:

— Binders — peptides that successfully bind MHC and
undergo antigen processing;

— Non-binders — peptides that fail to bind or be processed
effectively.

In this approach, protein sequences are
encoded using standard amino acid labels
(ACDEFGHIKLMNPQRSTVWY, where ‘A’ represents
alanine and ‘Y’ represents tyrosine).
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Hidden Markov Models (HMMs) offer a flexible and
interpretable approach for identifying binding cores and
predicting MHC-peptide binding affinity. Unlike neural
networks, which often struggle with interpretability, HMMs
can effectively model peptide sequences of different lengths
by capturing underlying probabilistic dependencies [7].

Recent studies [5, 8, 9] have demonstrated the
effectiveness of HMMs in binding affinity analysis,
particularly due to their online learning capabilities, which
allow incremental updates to transition and emission
probabilities without requiring full retraining. This
adaptability makes HMMs well-suited for evolving peptide
datasets.

Additionally, HMMs have been explored for refining
binding core identification, improving affinity estimation
accuracy. However, comparative studies on different
HMM architectures remain limited, and existing research
often lacks detailed analyses of structural variations in
these models. While some studies [5] have evaluated
HMM performance for specific MHC classes, a broader
comparison across multiple alleles is still needed to fully
understand their potential in MHC-peptide interaction
modeling.

In this study, we extend the methodology of Hidden
Markov-based peptide analysis models by adapting a
previously proposed approach to the machine learning
task of peptide classification. Our method involves the
construction of an ensemble of predictors, where each
predictor is built from two independently trained HMM:s:
one using binder peptides and the other using non-
binders, which serve as a representation of the background
distribution of the peptide space. Predictors are included
in the final ensemble based on conditional probability
estimates derived from these models. In the following
sections, we first outline the models training and validation
procedures followed by ensemble construction pipeline.
We then present the results of our comparative experiments
across multiple MHC alleles, demonstrating improved
classification performance relative to state-of-the-art
MixMHCpred predictor and identifying optimal model
architectures and training parameters.

Development of the Hidden Markov Model
classification ensemble

Training dataset generation

Experimental data. MHC class II peptide data used to
train the models were obtained from the Immune Epitope
Database (IEDB) [10]. Peptides were categorized as binders
based on IEDB quantitative binding data, specifically those
with IC50 < 500 nM or binding quality annotations such as
positive, positive-high, or positive-intermediate. Peptides
not meeting these criteria were categorized as non-binders.
All protein sequences were encoded using standard 20-letter
amino acid notation (ACDEFGHIKLMNPQRSTVWY),
allowing direct computational processing. To ensure robust
evaluation we applied four-fold cross validation [11],
splitting the dataset into four equal parts. In each fold,
three subsets were used for training and one for validation,
resulting in four independent training and evaluation cycles
per experiment.

Random sequence generation. Not all MHC alleles are
equally well characterized. For some alleles, the amount of
available binding data is limited [12], and existing datasets
are often biased toward artificially mutated peptides derived
from known binders [13]. As a result, experimental peptide
datasets may not accurately represent the true background
distribution of natural human peptides.

To address this, we generated an additional dataset
consisting of random peptide sequences sampled from the
human proteome, using data from the GENCODE database
[14]. These peptides represent the natural background
distribution of human sequences that could realistically
occur in vivo. Given that MHC molecules bind fewer than
1 % of possible peptides [1], this random peptide set not
only offers a biologically plausible background but also
serves as a reasonable approximation of a negative dataset
for model training and evaluation.

HMM Models training procedure

Following the training procedure outlined in a previous
study [5], we train HMM by iteratively updating its three
key components:

1) transition probability matrix, which defines the
probabilities of transitions between hidden states;

2) emission probability matrix, which describes the
probabilities of amino acid occurrences in each state;

3) initial state probability vector, which determines the
probability of a sequence starting from a specific state.

We consider two standard algorithms for HMM training
and optimization: the Viterbi [15] and Baum—Welch [16]
algorithms. The Viterbi algorithm updates model parameters
based on the single most probable state path for each
sequence, preserving the interpretability and uniqueness
of individual states. In contrast, the Baum—Welch algorithm
averages over all possible state paths, which can dilute
motif specificity. To prioritize interpretability and enable
detailed analysis of binding core alignments and sequence
motifs, we employ the Viterbi algorithm in this work.

A key contribution of our approach is the introduction
of dedicated non-binder models, trained using negative
peptide examples. To our knowledge, this represents a
novel direction in MHC-peptide modeling. For each MHC
allele, a single predictor consists of two separate HMMs:
one trained on confirmed binder peptides, and another on
non-binders. The non-binder models can either be trained
using experimentally validated negative data from IEDB
or initialized using amino acid frequencies derived from
randomly sampled peptides from the human proteome.

Training parameters

Model architecture. We evaluated two architectures
of models in this study. The first, referred to as the base
model, consists of two loop states (representing peptide
start and end fragments) and a central body of 9 states
corresponding to the peptide binding core (Fig. 1, a). The
second architecture, referred to as the extended model,
introduces an additional set of 9 states which replace loop
states (Fig. 1, b). Both include 9 states for the binding
core (Cy, ..., Cy). However, in the base model, the peptide
terminal amino acids transition into loop regions (7, 75,),
whereas the extended model includes extended set of
states representing terminal amino acids (77, ..., T'g). This
design enables the model to capture not only the amino
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Start cycle

Binding core

End cycle

Binding core

Fig. 1. Architecture of HMM: “Base model” with 2 loop states (7 and 75) (a); Extended architecture with 9 start and end states
(Ty ... Thg) (b)

acid distributions within the binding core, but also the
properties of the flanking regions (known as N-terminal and
C-terminal) of the peptide, which do not directly participate
in binding. Each emission probability in the initial states
was initialized with a random value drawn from a uniform
distribution over the standard 20-letter amino acid alphabet.

Anchor state parameter. Anchor states are positions
within the model that play a key role in binding prediction,
typically corresponding to conserved residues within the
binding core. In these states, high emission probabilities
are assigned to a limited set of amino acids that occur most
frequently during training. To improve model specificity,
we restricted evaluated probabilities to the top four to 9
most common amino acids, as suggested in previous work
[17]. This selective focus allows the model to emphasize
biologically relevant sequence features while minimizing
noise. To evaluate the impact of this parameter, we
trained models using both architectures with anchor state
values ranging from four to 9 and assessed their effect on
classification performance.

Building an ensemble of models

To avoid the risk of suboptimal convergence — a
known limitation of the Viterbi algorithm commonly used
in HMM training — we implemented an ensemble-based
strategy to improve the prediction stability. For each fold
in the cross-validation procedure, 50 independent training
runs were performed with different random initializations.
We selected the top 70 % based on their validation
performance. For each peptide, we then computed the final
log-probability score by taking the median of its scores
across this selected ensemble. This was done separately for
both the binder and non-binder models, ensuring that the
resulting scores are robust to the randomness of individual
training runs.

Using these median log-probabilities, we computed the
final classification score — the estimated probability that
a peptide is a binder — using the following conditional

probability formula:
(ln P, b)
ex
P L

( <ln P},) n <ln Pnb)),
eXp I eXp I

where P, — probability to generate peptide for binder

model; P,, — probability to generate peptide for non-

binder model; L — the length of peptide.

Statistical evaluation of model performance

To assess performance differences during
hyperparameter optimization of our model, we used

DeLong’s nonparametric test for comparing correlated

Receiver Operating Characteristic (ROC) curves [18].

The test was implemented via the delong_test function

from the MLstatkit Python package [19]. We evaluated

significance between different configurations by comparing
their predicted probabilities for each peptide against ground
truth labels from testing datasets.

It was applied in the following comparisons:

— negative examples dataset choice — all combinations
of anchor state parameters and architectures were
compared between models trained on confirmed non-
binders; randomly initialized negative examples;

— model architecture comparisons — all combinations
of anchor state parameters and negative datasets were
tested between the base and extended architectures.
For benchmarking against the state-of-the-art

MixMHX2pred tool, we performed a paired t-test on ROC

Curve (ROC AUC) scores across all data splits, comparing

Score =
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our best-performing model with MixMHX2pred. The test
was implemented using SciPy’s ttest rel function [20].

Results

Experiments Design
To evaluate the effectiveness of our method, we
conducted the following experiments.

1. The anchor state parameter tuning. We evaluated the
performance of base models using different values
of the anchor state parameters to identify the optimal
setting for each MHC allele.

2. Effect of non-binder dataset choice. We assessed the
impact of incorporating experimentally confirmed non-
binders into training by comparing ensembles built with
two types of non-binder models. This allowed us to
determine the most suitable negative dataset for each allele.

3. Architecture comparison. We compared ensemble
performance between the base and extended model

architectures to assess how model design affects
prediction accuracy.

4. Overall, method evaluation. We benchmarked our
HMM-based classification approach against the
state-of-the-art MixMHC2pred tool, using identical
validation data to ensure a fair performance comparison.
Anchor state parameter tuning
Fig. 2 presents boxplots of ROC AUC scores for the

base architecture across different alleles, with varying

values of the anchor state parameter. For most of the alleles
we indicated non-decreasing trend. As the value of the
parameter increased, the model performance remained the
same or increased too. However, for HLA-DRB4*01:01
allele there was an upward trend in ROC AUC as the
anchor state increases, although variability remains high.

This suggests that a universal optimal value cannot be

determined, and instead, the anchor state parameter must

be fine-tuned individually for each allele to achieve the best
predictive performance.
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Negative examples dataset choice

In this experiment, we compared the impact of training
and scoring with different types of negative datasets on the
performance of different models. Specifically, five out of
eight models using the base architecture and six out of eight
models with the extended architecture performed better
when using non-binders as the background distribution.
Incorporating non-binders as negative dataset during
training led to an improvement of ROC AUC scores (Fig. 3).
Demonstrated performance enhancement appears to depend
on the characteristics of the non-binders used in training.
When the non-binders exhibited a more consistent and
normal pattern — particularly with peptides of length 15 —
the models achieved better performance. However, when
the non-binders resembled random sequences, as observed
in the HLA-DRB1*15:01 and HLA-DRB1*03:01 alleles,
performance decreased, and random scoring yielded better
results. This suggests that carefully selecting non-binders,
rather than using completely random sequences, helps the
HMMs learn more relevant distinctions between binders
and non-binders, ultimately leading to improved predictive
performance.

The length distribution of non-binder peptides (Fig. 5)
further supports this observation, as it highlights variations
in non-binder quality. A more uniform length distribution
(e.g., predominantly 15-mers) correlates with improved
model performance, whereas fragmented or highly variable
distributions — indicative of less reliable non-binders —
may contribute to reduced predictive accuracy.

Comparing model architectures

Among the eight evaluated models, the extended
architecture exhibited significantly improved performance
in two cases (HLA-DRB1*15:01 and HLA-DRB1*03:01
alleles) (Fig. 6). Interpretability of the model can be
accessed via graph alignments for both base and extended
models (Fig. 7, a, b). In this graph edges represent
transitions between states of the models (with respective
probabilities depicted as weights for edges) and nodes
represent a single state of the models, which correspond
to a single position within a peptide. To highlight the
importance of the given amino acid we transformed the
probability to information value of the amino acid given the
emission probabilities of the state (the bigger the letter —
the higher importance) (Fig. 7, ¢). Both the baseline and
extended models accurately identified the binding core
(Fig. 7, a, b); however, the extended architecture provided
enhanced interpretability due to its more detailed terminal
states. The optimal parameter combination — comprising
anchor state configuration, scoring function (comparison
to non-binders versus random peptides), and model
architecture — favored the second approach in more cases
(Fig. 6). This suggests that the selected configuration
may exhibit greater sensitivity to variations in other
parameters.

Comparing the best HMM models
to the state-of-the-art MixMHX2pred tool

Best-performing HMM models consistently outperform
the state-of-the-art MixMHC2pred tool [21] in terms of
ROC AUC score across multiple alleles. In particular,
significant improvements are observed for HLA-
DRB1#*03:01, HLA-DRB1*07:01, HLA-DRB1*12:01,
HLA-DRB1*15:01, and HLA-DRB3*02:02 (Fig. 8). Even
in cases where the improvement is less pronounced, such
as HLA-DRB1*11:01 and HLA-DRB3*01:01, our models
perform comparably to MixMHC2pred.

Discussion

Building upon the methodology outlined in a
previous study [5], we developed a rigorous HMMbased
training and validation pipeline with a strong emphasis
on model evaluation using the area under the receiver
operating characteristic curve (ROC AUC) as the primary
performance metric. A central enhancement in our approach
was the incorporation of non-binding peptides as a dataset
of negative examples during training. Specifically, we
trained two separate HMMs: one on experimentally
validated binding peptides and another on non-binding
peptides, which represent a background distribution of the
possible peptides space.

The inclusion of negative examples enabled a more
nuanced estimation of conditional probabilities, allowing
us to rank test peptides based on their relative likelihood
of being true binders, and solve the machine learning
classification problem. Strikingly the HMM-based
approach led to a clear and consistent improvement in
ROC AUC scores across multiple alleles, demonstrating the
value of this dual-model approach for enhancing predictive
power as seen from the comparison with the state-of-the art
MixMHC2pred predictor.

These findings highlight the efficacy of HMMs in MHC-
peptide binding prediction and underscore the importance
of incorporating negative sampling and specialized anchor
states to enhance discriminative power. Notably, we
observed that the quality and representativeness of non-
binding peptides significantly influence the performance
of models trained on non-binders, suggesting that careful
selection of negative examples is critical.

Future work could explore further refinement of
models architectures and training procedures, particularly
improving the quality and handling of non-binder datasets,
as models tend to be dependent on the quality of this data.

Additionally, one open challenge is the ability of
such models to generalize to alleles exhibiting multiple
peptide-binding motifs. For these alleles, models
considering a single motif show reduced predictive power
[22]. Addressing this limitation may require adapting the
current approach to a multiclass classification framework
or incorporating unsupervised motif clustering strategies.
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Fig. 7. The example of a state distribution plot with transition probabilities after training a model: Base architecture (a); Extended architecture (b); State distribution example represented as
information content of amino acids (¢)
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Conclusion

In this study, we demonstrated the potential of Hidden
Markov Models (HMMs) to address the challenge of
peptide to Major Histocompatibility Complex (MHC)
binding affinity prediction. Our findings underscore
the effectiveness of HMMs in predicting peptide to
MHC binding affinity, offering a statistically grounded
and interpretable alternative to existing methods. A key
innovation was negative examples model introduction,
in which separate HMMs were trained on binding and
non-binding peptides. This dual-model strategy effectively
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