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Abstract 
Motivation: Sequence motif identification is crucial for understanding molecular recognition, particularly in immune 
responses involving peptide binding to major histocompatibility complex (MHC) Class I molecules for antigen presentation 
to T cells. Traditionally, MHC Class I binding motifs are assumed to be contiguous and span nine amino acids. However, 
structural evidence suggests that binding may involve nonadjacent residues, challenging the assumptions of exist
ing methods.

Results: In this study, we propose Gap-Aware Motif Mining Algorithm (GAMMA), a probabilistic framework designed to 
identify noncontiguous motifs under conditions of incomplete labeling. GAMMA employs Bayesian inference with Markov 
chain Monte Carlo sampling to jointly estimate motif parameters, binding locations, and the relative spacing between 
binding positions. Through extensive simulations and real-world applications to MHC Class I peptide datasets, GAMMA 
outperforms existing motif discovery tools such as GLAM2 in accurately localizing binding residues and identifying the un
derlying motifs. Notably, our results suggest that the true number of binding residues may be eight, fewer than the com
monly assumed nine. In addition, for longer peptides, the model captures increased flexibility in the central region, con
sistent with structural observations that peptides may bulge in the middle.

Availability and implementation: The raw data and the source codes are available on GitHub (https://github.com/ 
RanLIUaca/GAMMAmotif).

1. Introduction
Accurate identification of sequence motifs is central to under
standing molecular recognition in biological systems. Motifs, de
fined as short and conserved patterns within biological 
sequences, play a crucial role in regulating and mediating inter
actions at the molecular level (Bailey et al. 2015). Their discovery 
has enabled advances in diverse areas, including transcription 
factor binding (Inukai et al. 2017, Tognon et al. 2023), protein– 
protein interactions (Tompa et al. 2014), and antigen recogni
tion (Rapin et al. 2008, Tadros et al. 2023).

In the context of immune responses, motifs are particularly 
important in peptide binding to major histocompatibility com
plex (MHC) molecules. MHCs present short peptide fragments on 
the cell surface, guiding immune surveillance and recognition 
(Wu et al. 2002, Murphy and Weaver 2016). The specific binding 
preferences of MHC molecules are often governed by conserved 
sequence motifs within the peptide, which help determine 

which antigens are effectively displayed to initiate downstream 
immune activity (Peters et al. 2020).

Most existing MHC–peptide binding prediction algorithms as
sume that the binding motif corresponds to a contiguous subse
quence of fixed length, typically nine amino acids. This 
assumption is embedded in the design of many scoring schemes 
and alignment-based models (Sette et al. 1989, Nielsen and 
Lund 2009, Bassani-Sternberg et al. 2017, Reynisson et al. 2020, 
Gfeller et al. 2023, Kushwaha et al. 2024), which search for fixed- 
length, gapless patterns within peptides.

However, structural data from the Protein Data Bank (PDB) 
(Berman et al. 2000) have shown that MHC molecules can bind 
to peptides in a more flexible manner, especially when the pep
tides are longer than nine residues. In such cases, the actual 
binding positions are often not continuous but scattered across 
the peptide sequence. Despite this evidence, most computa
tional models still rely on simplified assumptions, such as 
enforcing fixed-length contiguous motifs or truncating longer 
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peptides, which may fail to capture the full diversity of bind
ing modes.

This discrepancy leads to two important modeling questions:

1) How can prediction models be adapted to account for non
contiguous binding patterns observed in longer peptides? 

2) Could the true binding motif be shorter than nine residues 
but separated by gaps, leading to an apparent preference for 
nine-residue peptides in experimental datasets? 

Figures 1 and 2 present the sequence logos and peptide 
length distributions, respectively, for MHC-bound peptides de
rived from the MHC Motif Atlas (Tadros et al. 2023). The selected 
MHC alleles, HLA-A�02:01, HLA-A�11:01, and HLA-A�24:02, are 
among the most prevalent in the Chinese population (He et al. 
2018). As shown in the figures, only one or two positions within 
the peptide sequences exhibit strong conservation for each al
lele. This observation raises the possibility that the core binding 
motif may consist of just a few key residues, with flexible or 
variable-length spacers in between.

This hypothesis aligns with structural and biochemical evi
dence, which further challenges the notion of a fixed, contigu
ous motif. Studies have shown that critical binding residues in 
MHC-peptide interactions are not adjacent in sequence (Adams 
et al. 2016); rather, binding residues can be dispersed and sepa
rated by gaps of varying lengths. Such structural flexibility 
implies that the true binding determinants may be poorly cap
tured by traditional motif models. As a result, models that as
sume contiguous binding motifs may oversimplify the 
underlying interaction, potentially limiting both interpretability 
and generalizability across peptides of varying lengths and dif
ferent MHC alleles.

To address these limitations, we propose Gap-Aware Motif 
Mining Algorithm (GAMMA), a probabilistic framework designed 
to capture flexible, noncontiguous motifs in peptide sequences, 

particularly under conditions of incomplete labeling. Unlike tra
ditional motif discovery tools for MHC motifs, GAMMA explicitly 
models the spacing of binding residues using Bayesian inference 
with Markov chain Monte Carlo (MCMC) sampling. This approach 
allows for the identification of binding residues that may be sep
arated by variable-length gaps, offering a more realistic repre
sentation of MHC–peptide binding preferences. In the following 
sections, we describe the design of GAMMA in detail, validate its 
performance against existing methods using synthetic and real- 
world datasets, and demonstrate its utility in uncovering biolog
ically meaningful patterns across diverse MHC alleles.

2. Materials and methods
Although the model is motivated by motifs relevant to MHC– 
peptide binding motifs, it is broadly applicable to other biologi
cal binding scenarios. Accordingly, the model is formulated in a 
general framework suitable for a wide range of biological se
quence data.

2.1 Model
Let R¼ ðr1; r2; . . . ; rnÞ denote a collection of n observed biologi
cal sequences. We assume the existence of K latent motifs, each 
representing a distinct binding preference. Each sequence ri is 
assumed to either contain an instance of one of these motifs or 
to be generated entirely from a background distribution, with
out any motif. We introduce a vector of latent variables 
W ¼ ðw1;w2; . . . ;wnÞ, where each wi 2 f1;2; . . . ;Kþ1g indicates 
the motif associated with sequence ri. Specifically, wi ¼ k (for 
1 ≤ k ≤ K) denotes that the ith sequence contains an instance of 
the kth motif, while wi ¼ Kþ1 implies that the sequence is 
purely drawn from the background distribution, without con
taining any known motif. We further denote the subset of 

Figure 1 Sequence logos of MHC-bound peptides with different lengths. Subfigures (a) to (c) correspond to three common HLA Class I alleles: (a) 
HLA-A�02:01, (b) HLA-A�11:01, and (c) HLA-A�24:02. Within each subfigure, peptides are grouped by length (8–13 amino acids). The height of each 
letter indicates the information content at that position, measured in bits.
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unknown motif labels as WU ¼ fwu1 ;wu2 ; . . . ;wulg, and the 
known labels as WUc ¼W nWU.

Consider A¼ fA1;A2; . . . ;AKg as the collection of binding loca
tion matrices. The kth matrix Ak ¼ ½aijk�1 ≤ i ≤ n;1 ≤ j ≤ Jk 

encodes the 
positions of the kth motif in sequences where wi ¼ k, with the 
motif length Jk assumed to be known. Here, aijk represents the 
position of the jth element of the kth motif in the ith sequence. 
The values of aijk are constrained by the previous position aiðj − 1Þk 

to ensure a valid ordering of motif positions along the sequence. 
Specifically, for 2 ≤ j ≤ Jk, the allowed range for aijk is 

aijk 2 faiðj − 1Þkþ 1; aiðj − 1Þkþ 2; . . . ; Li − Jkþ jg;

where Li is the known length of sequence ri. This condition 
ensures that the motif fits within the bounds of the sequence 
and respects the sequential order of positions. To model the 
expected spacing between motif positions, we place a prior dis
tribution on the gap aijk − aiðj − 1Þk, assuming it follows a Poisson 
distribution with rate parameter λkðj − 1Þ. The Poisson distribu
tion, or its exponential counterpart, is commonly used to model 
motif spacing and indel lengths due to its simplicity and biologi
cal plausibility (Durbin et al. 1998, Frith et al. 2008). In our set
ting, the Poisson prior reflects a soft preference for certain gap 
lengths between conserved motif segments, which may corre
spond to structural constraints or selection for specific spacer 
lengths. Let Λ¼ fλ1;λ2; . . . ;λKg denote the set of Poisson 
parameters, where λk ¼ ½λk1; λk2; . . . ;λkðJk − 1Þ�

T specifies the prior 
gap structure for the kth motif.

We assume that letters at motif-binding positions are gener
ated independently from one of the K distinct product categori
cal distributions. Specifically, a product categorical distribution 
refers to a sequence of independent categorical distributions, 
one for each position within a motif. That is, for a motif of length 
Jk, each position j 2 f1; . . . ;Jkg has its own categorical distribu
tion over an alphabet of size p, and the letters at different posi
tions are assumed to be drawn independently. Let 
ϑ¼ fΘ1;Θ2; . . . ;ΘKg denote the set of position-specific proba
bility matrices. Each matrix Θk ¼ ½θijk�1 ≤ i ≤ p;1 ≤ j ≤ Jk 

defines the 
categorical probabilities for the kth motif, where θijk denotes the 
probability of observing the ith letter at position j in motif k. The 
jth column vector Θjk ¼ ½θ1jk;θ2jk; . . . ;θpjk�

T thus represents the 

categorical distribution at the jth binding position of motif k. 
Here, p is the size of the alphabet, which is typically p¼ 4 for 
DNA sequences (A, C, G, T) and p¼ 20 for amino acid sequences. 
For all positions not assigned to any motif, we assume the let
ters are independently drawn from a background categorical 
distribution with probability vector θ0.

Let hð�Þ denote the function that maps a sequence or subse
quence to its count vector over the alphabet fO1;O2; . . . ;Opg. 
Specifically, for a sequence segment s, we define: 

hðsÞ ¼
X

x2s
Iðx ¼ O1Þ;

X

x2s
Iðx ¼ O2Þ; . . . ;

X

x2s
Iðx ¼ OpÞ

� �T
:

Each sequence ri falls into one of the two possible scenarios:

1) No binding occurs (wi ¼ Kþ1): In this case, the entire se
quence is assumed to be generated from the background dis
tribution θ0. The likelihood for ri is θhðriÞ

0 . 
2) A motif binding occurs (wi ¼ k, where 1 ≤ k ≤ K): In this case, 

sequence ri contains an instance of the kth motif at positions 
specified by ai�k ¼ ½aijk�1 ≤ j ≤ Jk

, i.e. the ith row of the binding 
position matrix Ak. The residues at these binding positions 
are drawn independently from the corresponding product 
categorical distribution Θk, while the remaining residues fol
low the background distribution θ0. The likelihood for ri in 
this case is 

θhðri ;fai�kg
c
Þ

0

YJk

j¼1
Θ

hðri;aijk Þ

�jk ;

where fai�kg
c denotes the set of positions in ri excluding the 

motif-binding sites.
The full likelihood of all observed sequences, given the known 

motif assignments WUc and unknown ones WU, is 

pðR j WUc ;WU;A; ϑ; θ0;ΛÞ

/
Yn

i¼1

YK

k¼1

�

θhðri ;fai�kg
c
Þ

0

YJk

j¼1
Θ

hðri;aijk Þ

�jk

�Iðwi¼kÞ

× ½θhðriÞ

0 �
Iðwi¼Kþ 1Þ

;

where Ið�Þ is the indicator function. Figure 3a presents a toy ex
ample that demonstrates the relationship between the parame
ters and the sequence.

Figure 2 Length distribution of MHC-bound peptides. Histogram showing the distribution of peptide lengths for three representative HLA Class I 
alleles (HLA-A�02:01, HLA-A�11:01, and HLA-A�24:02). The y-axis represents the number of peptide sequences observed for each length.
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The term Θ
hðri;aijk Þ

�jk denotes the likelihood of observing letter 
ri;aijk at the jth binding position of the kth motif. Let 
fO1;O2; . . . ;Opg denote the set of possible letters in the alpha
bet. Then, this term can be written as 

Θ
hðri;aijk Þ

�jk ¼
Yp

l¼1

θ
Iðri;aijk¼OlÞ

ljk :

The formulas for parameter updates based on MCMC and a 
full description of the algorithm are provided in the 
Supplementary Material, available as supplementary data at 
Bioinformatics online. The main computational burden arises 
from updating the motif position matrix A. Since positions are 
sampled sequentially within each row rather than enumerating 
the full configuration space, the per-iteration time complexity 
remains OðnLÞ, equivalent to the gap-free case. A detailed com
plexity analysis is provided in the Supplementary Material, avail
able as supplementary data at Bioinformatics online. To improve 
mixing in the more structured latent space introduced by 
gap-aware modeling, we incorporate a new shift move based on 
the Metropolis–Hastings (MH) algorithm, described in the 
next section.

2.2 Shift move to jump out of the local 
mode based on MH algorithm
As noted in the Gibbs sampling framework for motif discovery 
(Lawrence et al. 1993, Liu 1994), motif sampling procedures are 
prone to getting trapped in local modes. The analysis in that 
work assumes that motif-binding sites are contiguous and that 
each sequence contains at most one instance of a single motif 
type. Under these simplifying assumptions, the structure of local 
modes becomes relatively tractable and has been well charac
terized. However, our model includes multiple motif types, and 

the binding locations may not be consecutive. These irregulari
ties introduce additional complexity into the posterior distribu
tion, resulting in a more rugged landscape with diverse local 
modes that are more difficult to escape. Consequently, a modi
fied shift move based on MH algorithm becomes necessary.

Let the true binding locations for the kth motif be represented 
by the matrix 

A0
k ¼ ½A

0
1k;A0

2k; . . . ;A0
Jk k�;

where each column vector A0
jk contains the positions of the jth 

site of the kth motif across all sequences. In practice, the sam
pler may converge to a mode 

A�k ¼ ½A
�
1k;A�2k; . . . ;A�Jk k�;

where for a subset of indices S� f1; . . . ;Jkg, the sampled posi
tions satisfy 

A�jk ¼ A0
ðjþ δÞk; for some fixed δ; j 2 S:

In other words, the motif locations in the local mode are col
lectively shifted in index by a constant offset δ, relative to the 
true binding locations. Although these sampled positions do not 
correspond to the true motif locations, they may still partially 
align with conserved regions of the motif, particularly if the mo
tif is short or exhibits a strong core pattern. This partial overlap 
can result in a relatively high posterior probability for A�k, making 
it a local mode. Due to the discreteness of the location space, 
escaping from such a local mode requires proposing coordi
nated changes to multiple columns of Ak. Standard sampling 
procedures have difficulty making such global moves, which 
leads to poor mixing and convergence around these mis
aligned modes.

Figure 3 Model diagram and shift move. (a) The relationship between the parameters and the observed sequence. (b) A toy example illustrating the 
shift move used to escape from a local mode in the posterior. (c) The schematic representation of the shift move shown in panel (b), highlighting the 
three-step operation: delete, move, and propose.
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Here we propose a shift move to jump out of this kind of local 
mode. Given the strong interdependencies among variables, 
particularly between the kth binding locations, the motif matrix 
Θk, and the Poisson gap parameters λk, proposing updates to 
the binding locations alone often leads to low acceptance rates 
in the MH procedure. To mitigate this issue, we jointly propose 
updates to the binding locations Ak, the motif matrix Θk, and 
the Poisson gap parameters λk within an MH framework. In each 
MH proposal, we select a contiguous block of l columns within 
Ak and attempt to shift this block by one position, either forward 
or backward. The shift creates a vacancy at one end of the block, 
which is filled by proposing a new column of binding locations. 
To ensure consistency, we simultaneously shift the correspond
ing motif columns in Θk, and propose a new column for the va
cated position from a posterior Dirichlet distribution based on 
the residues at the proposed binding sites. The gap parameters 
λk, which govern the spacing between adjacent motif positions, 
are proposed using a Gaussian random walk in log space. These 
coordinated proposals maintain alignment between the shifted 
binding sites, motif distributions, and spacing structure, thereby 
improving the acceptance rate and enabling the sampler to es
cape local modes. Further algorithmic details are provided in 
the Supplementary Material, available as supplementary data at 
Bioinformatics online.

Figure 3b and c provides a toy example illustrating how the 
shift move operates to escape from a local mode. In this exam
ple, the current estimate of the binding location matrix Ak is mis
aligned with respect to the true binding positions, a typical 
manifestation of a local mode. In this example, we consider a 
shift move which includes a backward shift (δ¼ − 1) applied to 
a block of length l¼ 2. As shown in panel (b), the second esti
mated binding location are not in the true motif locations 
(green). The shift move proceeds by deleting the second column 
in the estimated binding matrix, shifting the selected block one 
position backward, and inserting a newly proposed column at 
the end of the block. This reconfiguration results in a new candi
date matrix A�k, where the shifted columns are partially realigned 
with the true motif positions. Panel (c) presents a schematic 
view of this operation. This coordinated block-level shift allows 
the sampler to escape from the local mode by exploring alter
nate alignments of the motif across sequences.

3. Results
3.1 Simulation study
We conducted a series of simulation studies to evaluate the per
formance of the proposed algorithm (GAMMA). Synthetic data
sets were generated using known parameter values, and the 
algorithm was then applied to estimate these parameters. 
Inference accuracy was assessed by comparing the estimated 
values to their ground-truth counterparts, with close agreement 
indicating effective performance.

To examine the algorithm’s robustness under varying levels of 
complexity, we designed two simulation scenarios. In the first 
scenario, all sequences were generated based on a single motif 
type. Each sequence either contained this motif or no motif at 
all. This setup enabled a focused evaluation of the algorithm’s 

sensitivity to detecting the presence or absence of a specific mo
tif. In the second scenario, the dataset included multiple motif 
types distributed across sequences. Each sequence contained 
one of the multiple motif types or none. This setting introduced 
additional complexity, requiring the algorithm not only to detect 
motif presence but also to accurately identify which motif type 
was embedded in each sequence. Together, these two scenarios 
allowed us to assess both the detection sensitivity and the dis
criminative capability of the algorithm under progressively more 
challenging conditions.

3.1.1 Single-motif detection
We consider the single-motif scenario. In this setting, we gener
ated n¼ 200 biological sequences, each of length 10. The back
ground parameters θ0 was sampled from a symmetric Dirichlet 
prior, Dirichletð1Þ. The motif length was set to J1. For each posi
tion j¼ 1; . . . ;J1, the motif matrix Θj1 was drawn from a Dirichlet 
distribution with concentration parameter η. The motif-binding 
label for each sequence was drawn from a categorical distribu
tion Catð0:8;0:2Þ, where wi ¼ 1 indicates the presence of the 
motif and wi ¼ 2 indicates its absence. For sequences with 
wi ¼ 1, the initial motif-binding site ai11 was sampled uniformly 
at random. To model the spacing between motif-binding sites, 
the Poisson parameter λ1j was sampled randomly from a prede
fined set S. Subsequent motif-binding positions aij1 for j ¼
2; . . . ; J1 were generated from a truncated Poisson distribution, 
Poisþ ðλ1j;aiðj − 1Þ1Þ, conditioned on the previous site. The com
plete collection of motif-binding locations for the single-motif 
setting is denoted by the matrix A1.

To evaluate the algorithm’s performance under varying condi
tions, we explored different combinations of motif length (J1), 
the Dirichlet concentration parameter η, and the parameter set 
S from which the Poisson rates λ1j were sampled. Specifically, 
the motif length J1 was set to either 4 or 5. The Dirichlet parame
ter η, which controls the concentration of the motif distribution, 
was selected from the set f0:1;0:2g. The Poisson parameters λ1j 

were drawn from one of the two sets S 2 ff0:5;1:0;1:5g;
f1:5;2:0;2:5gg; representing different motif spacing scenarios.

The motif length J1 is varied to assess the algorithm’s sensitiv
ity to different motif sizes. Shorter motifs are generally more dif
ficult to detect due to their limited information content, which 
makes them harder to distinguish from background sequences. 
In contrast, longer motifs provide more sequence context that 
can aid in detection, but they also increase the search space 
and computational complexity. Motif conservation is controlled 
by the Dirichlet concentration parameter η. Smaller values (e.g. 
0.1) produce sharply peaked amino acid distributions, repre
senting highly conserved motifs dominated by a few residues. 
Larger values (e.g. 0.2) result in flatter distributions, indicating 
more diverse and less conserved motifs. The parameter λ1j of 
the gap distribution is drawn from the parameter set S, which 
determines the expected distance between consecutive motifs. 
Lower values of λ1j (e.g. S¼ f0:5;1:0;1:5g) simulate densely 
packed motif positions with shorter intersite distances, while 
higher values (e.g. S¼ f1:5;2:0;2:5g) represent sparsely distrib
uted motifs with longer gaps between sites. The specific simula
tion settings, including motif length J1, Dirichlet parameter η, 
and Poisson parameter set S, are indicated in the titles of the 
subfigures in Fig. 4.
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Additionally, to reflect the presence of missing or unobserv
able data in realistic biological conditions, we introduced 
label masking in W, where a proportion of the labels were set 
to “NA.” Specifically, 20% of the wi values were masked. This 
setting mimics practical limitations in experimental data 
collection.

We implemented the MCMC algorithm using noninformative 
(uniform) priors for the parameters and latent variables θ0, Θj1, 
W, and ai11, assigning equal prior probability to all admissible 
values within their respective domains. These noninformative 
prior choices are intended to minimize the influence of subjec
tive assumptions and ensure that posterior inference is primarily 
driven by the observed data. For the Poisson parameter λ1j, we 
specified a Gamma prior with shape and rate parameters 
β1j ¼ ν1j ¼ 1, which corresponds to an exponential distribution 
with a mean of 1. A total of 1000 iterations were performed us
ing the MCMC sampler, with the first 500 iterations discarded as 
burn-in to ensure convergence. Initial values for all model 
parameters and latent variables were drawn from their respec
tive prior distributions.

Algorithm performance is evaluated through several key met
rics. The error curves for θ0 and Θ1 illustrate the normalized L1- 
norm of the absolute errors over time. The normalized ‘1-norm 
quantifies the average absolute error, computed as the total ab
solute error divided by the number of elements. The accuracy 
curves for the latent variables W and A1 represent the propor
tion of correct predictions. The loglikelihood curve, which plots 
log-likelihood values across iterations, serves as an indicator of 

model fit, where stability and an upward trend suggest good 
convergence. Additionally, sequence logos of the estimated 
motifs compared to the true motifs provide a visual assessment 
of motif estimation accuracy.

The corresponding simulation results are shown in Fig. 4. 
Each experimental condition is characterized by a tuple 
ðJ1;η;SÞ, where J1 denotes the motif length, η is the Dirichlet 
concentration parameter used for generating Θj1, and S repre
sents the set from which the Poisson parameter λ1j is sampled. 
In the subfigures, the values displayed after the title Rate denote 
the accuracy of the maximum a posteriori (MAP) estimates, 
whereas those following Loglikelihood indicate the correspond
ing likelihood values. The results show that the algorithm exhib
its robust performance across various combinations of motif 
length, conservation level, and binding site spacing. The high ac
curacy of W indicates that the algorithm performs well in deter
mining whether the motif is present in each sequence. In 
addition, the accuracy of A1, along with the close match be
tween the estimated motif and the ground truth, demonstrates 
that the algorithm is also effective in identifying the motif posi
tions and recovering the underlying motif pattern.

Several trends emerge from the results. From Fig. 4a and b, 
we observe that as the motif becomes less conserved (i.e. higher 
entropy due to a larger Dirichlet parameter η), the estimation ac
curacy for both the binding label W and the binding location A1 

declines. This is expected, as weaker motif signals introduce 
more ambiguity in distinguishing motif-containing sequences 
and localizing the binding sites. Similarly, comparing Fig. 4a and 

Figure 4 Inference performance under a single-motif simulation scenario. Subfigures (a) to (d) correspond to four different simulated datasets under 
varying settings. In each subfigure, the first column presents trace plots of errors, where red and blue curves correspond to θ0 and Θ1, respectively. 
The second column shows accuracy trace plots for W (orange) and A1 (green). The third column illustrates the log-likelihood trace plots. The fourth 
and fifth columns display sequence logos (created by ggseqlogo; Wagih 2017): estimated and true Θ1, respectively.

6                                                                                                                                                                                                                                                       Bioinformatics, 2026, Vol, 42, Issue 2 



c, we find that reducing the motif length J1 while keeping the to
tal sequence length fixed leads to a lower signal-to-noise ratio. 
This results in a noticeable drop in the accuracy of both W and 
A1, consistent with the intuition that shorter motifs are harder to 
detect reliably in longer background sequences. Finally, Fig. 4d
shows that increasing the spacing between binding sites (i.e. 
sampling λ1j from a distribution with larger support) leads to de
creased accuracy in estimating A1, even though the accuracy of 
W remains high. This suggests that while the presence of the 
motif can still be detected reliably, the precise localization of 
the binding site becomes more challenging when the motif 
instances are more sparsely distributed. These observed pat
terns are consistent with theoretical expectations and highlight 
the sensitivity of motif discovery accuracy to motif strength, 
length, and spatial density. Additional details and quantitative 
metrics for each simulation setting are provided in the 
Supplementary Material, available as supplementary data at 
Bioinformatics online.

For comparison, we applied the existing motif discovery algo
rithm GLAM2 (Frith et al. 2008) to the same simulated datasets 
(Fig. 5). GLAM2 was configured to perform up to 1000 iterations 
per run, with the motif length fixed to the true motif length. As 
shown in the figure, except for the third scenario, the motifs esti
mated by GLAM2 deviate substantially from the ground truth. In 
contrast, our proposed method produces estimates that are 
closely aligned with the true motifs, as illustrated in Fig. 4. Even 
in the third scenario, our method yields more accurate results 
than GLAM2. To quantitatively evaluate motif accuracy, we com
puted the Kullback–Leibler (KL) divergence between the true 
motif and the motifs estimated by each method. Results from 
four simulation settings show that GAMMA consistently produ
ces estimates with substantially lower KL divergence compared 
to GLAM2 (Table 1), indicating closer alignment with the true un
derlying motif. These findings provide strong quantitative support 
for the effectiveness of GAMMA. Further simulation results for the 
multimotif detection case are provided in the Supplementary 
Material, available as supplementary data at Bioinformatics on
line. We also include separate analyses of how the block length 
and frequency of shift moves affect convergence and sampling ef
ficiency, as well as how correlations between model parameters 
influence motif inference performance.

3.2 Real applications
We retrieved the MHC-bound peptide dataset from the MHC 
Motif Atlas (Tadros et al. 2023) and focused on three of the most 

common HLA Class I alleles in the Chinese population: HLA- 
A�02:01, HLA-A�24:02, and HLA-A�11:01. The corresponding mo
tif logos and peptide length distributions are shown in Figs 1
and 2.

We applied our model separately to the dataset of each allele. 
Following the approach used in the simulation study, we ran
domly masked 20% of the peptide labels and used our algorithm 
to predict the masked labels. To determine the most appropri
ate motif length for each allele, we tested motif lengths ranging 
from 2 to 13. Motif length 14 was excluded due to the small 
number of peptides of that length. For each setting, we recorded 
the prediction accuracy on the masked labels. The results are 
summarized in Table 2.

From the figure, we observe that the prediction accuracy 
reaches its peak when the motif length is set to 8 for all three 
alleles. Initially, we hypothesized that a motif length of 2 would 
be optimal, as only one or two positions appear to be strongly 
conserved in the sequence logos from the MHC Motif Atlas 
(Fig. 1). However, the accuracy values at length 2, 0.693 for HLA- 
A�02:01, 0.849 for HLA-A�24:02, and 0.742 for HLA-A�11:01, are 
notably lower than those at length 8. This suggests that addi
tional positions beyond the most conserved sites contribute 
meaningfully to peptide binding.

Notably, the optimal length of 8 differs slightly from the 
widely held assumption that MHC Class I motifs typically span 
nine binding positions. To further investigate this discrepancy, 
we visualized the sequence logos of the estimated motifs under 
the optimal motif length (Fig. 6a). Compared to the logos from 
the MHC Motif Atlas, our model assigns relatively low impor
tance to the first position of the canonical nine-residue motif. In 
contrast, both the second and final positions remain highly 
conserved, although the position corresponding to the second 
binding residue in the traditional motif appears to shift to 
the first position in our model. Structural evidence from the PDB 
(e.g. 1HHG-1HHK, 7N1A-7N1F, 3RL1-3RL2) further supports this 
observation (Madden et al. 1993, Zhang et al. 2011, Wu et al. 
2022). In crystal structures of nine-mer peptides bound to MHC 
Class I molecules, the first residue is not buried in the binding 
groove, whereas the second and ninth residues act as primary 
anchor points. These observations align with our model’s result 
that eight residues, excluding the first, are sufficient to capture 
the core binding motif.

For comparison, we applied GLAM2 to estimate the underlying 
motifs, with the motif length fixed at 8. The resulting sequence 
logos are shown in Fig. 6b. For HLA-A�02:01, the motif inferred 
by GLAM2 displays a highly conserved column at the sixth 

Figure 5 Motif estimated by GLAM2 on simulated data. Subfigures (a) to (d) show the results of the existing algorithm GLAM2 on four different 
simulated datasets, corresponding to the same settings as in Fig. 4, for comparison with our proposed method.
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position, which is not observed in the sequence logos from the 
MHC Motif Atlas. Similarly, for HLA-A�24:02, GLAM2 identifies a 
strongly conserved site at the seventh position, but the corre
sponding amino acids differ from those in the MHC Motif Atlas. 
For HLA-A�11:01, the sequence logos generated by GLAM2, our 
method, and the MHC Motif Atlas are similar. Overall, these 
results indicate that our method provides more biologically 
plausible motif estimates than GLAM2, particularly for HLA- 
A�02:01 and HLA-A�24:02.

In addition to GLAM2, we further compared GAMMA with two 
widely adopted MHC binding prediction tools: NetMHCpan-4.1 
and MixMHCpred-3.0. To ensure a consistent evaluation, we 
used the same dataset where 20% of the peptide binding labels 

were randomly masked. Each method was applied to predict 
the binding status of the masked peptides, and prediction accu
racy was calculated by comparing the predicted labels to the 
ground truth. Both NetMHCpan-4.1 and MixMHCpred-3.0 were 
run using their default parameters, as commonly done in prac
tice. The results are presented in Table 3. Across all three HLA 
alleles, GAMMA achieved comparable or higher accuracy com
pared to NetMHCpan and MixMHCpred. While the latter tools are 
known for their predictive power, they do not return interpret
able motif structures directly. In contrast, GAMMA not only per
forms competitively in prediction but also uncovers biologically 
meaningful motifs, such as noncontiguous residue patterns and 
spacing flexibility.

To further investigate the spacing patterns between motif 
positions under the optimal motif length, we estimated the 
binding positions for each sequence and computed the distan
ces between adjacent binding sites. In addition, we calculated 
the distance from the start of the sequence to the first binding 
position, as well as the distance from the last binding position 
to the end of the sequence. Together, this yields nine gap values 
per sequence: one flanking gap at each end and seven internal 
gaps between binding positions. We then computed the average 
of each of these nine gap values across sequences of different 
lengths. The results are shown in Fig. 7, where each gap index 
corresponds to a specific segment: from the first sequence 

Table 1 KL divergence between estimated motifs and the ground truth 
across four simulation settings.

ID Simulation setting KL (GAMMA) KL (GLAM2)

(1) J1 ¼ 5 jη¼ 0:1 jS¼ ð0:5; 1; 1:5Þ 0.444 2.982
(2) J1 ¼ 5 jη¼ 0:2 jS¼ ð0:5; 1; 1:5Þ 0.193 2.983
(3) J1 ¼ 4 jη¼ 0:1 jS¼ ð0:5; 1; 1:5Þ 0.492 2.695
(4) J1 ¼ 5 jη¼ 0:1 jS¼ ð1:5; 2; 2:5Þ 0.301 4.265

GAMMA consistently yields lower divergence than GLAM2.

Table 2 Prediction accuracy of peptide binding for different HLA-A alleles across various motif lengths. Bold values indicate the highest prediction 
accuracy for each HLA-A allele across motif lengths.

HLA allele Motif length

2 3 4 5 6 7 8 9 10 11 12 13

HLA-A�02:01 0.693 0.741 0.792 0.784 0.827 0.859 0.931 0.858 0.814 0.819 0.803 0.830
HLA-A�11:01 0.849 0.871 0.879 0.890 0.909 0.904 0.917 0.904 0.901 0.873 0.882 0.893
HLA-A�24:02 0.742 0.779 0.819 0.864 0.862 0.884 0.913 0.889 0.894 0.908 0.839 0.810

Figure 6 Sequence logos for the estimated motifs. (a) The first row represents the sequence logos for the motifs estimated by our method. (b) The 
second row represents the sequence logos for the motifs estimated by GLAM2.
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position to the first binding site, between consecutive binding 
sites, and from the last binding site to the final se
quence position.

As shown in the figure, the three alleles exhibit similar gap 
distribution patterns. In the first column, corresponding to pep
tides of length 8, all eight residues are used as binding positions. 
Consequently, the internal gaps between binding sites are all 
equal to one, and the flanking gaps at both ends are zero, since 
the motif spans the entire sequence. As sequence length 
increases, the gap between the last binding position and the 
end of the sequence remains close to zero across all alleles, sug
gesting a strong preference for the final residue to serve as a 
binding site. The second internal gap consistently averages 
around one, indicating that the second binding position is typi
cally adjacent to the first. In contrast, the average gap between 
the start of the sequence and the first binding position increases 
with sequence length, implying that upstream residues are 
more likely to be excluded from the motif as peptide 
length grows.

As peptide length increases, all three alleles tend to expand 
spacing in the central region of the peptide, resulting in a consis

tent “central bulging” pattern. This effect is especially pro
nounced starting from peptide length 10 and above, where 
internal gaps near the middle positions gradually increase. We 
also performed a sensitivity analysis using different hyperpara
meters for the Gamma prior on the Poisson rate in the 
Supplementary Material, available as supplementary data at 
Bioinformatics online, and found that the central bulging effect 
remains robust across a range of prior settings.

To statistically validate this observation, we performed a non
parametric permutation test using peptides of length 9–14. For 
each allele, we compared the average gap values between posi
tions P4–P6 against those in the other regions. To generate an 
empirical null distribution, we randomly shuffled the gap values 
within each individual peptide sequence, thereby preserving the 
independence of each sequence. Under the null hypothesis that 
all gap positions are exchangeable and there is no systematic 
difference between central and noncentral gaps, the observed 
difference in mean gap values should follow this empirical null 
distribution. However, in our analysis, none of the 100 000 per
mutations produced a difference greater than or equal to the 
observed value for any allele, indicating a highly significant and 
robust central bulging effect (empirical p<1 × 10− 5).

This statistically supported pattern reflects a structural prefer
ence for central bulging of the peptide within the MHC binding 
groove, with the N-terminal flanking region more likely to re
main unbound. MHC Class I molecules typically anchor peptides 
at their termini, while longer peptides tend to adopt a bulged 
conformation centrally to accommodate the closed binding 
groove. Central positions, especially P4–P6, are more prone to 
exhibit bulging or increased spacing as peptide length increases, 

Figure 7 Distribution of average gaps between motif and flanking regions. Subfigures (a) to (c) show the average distances between adjacent 
positions in an extended motif position matrix (200 × 10) for three different HLA-A alleles. In each subfigure, the first column represents the start of 
each sequence (fixed at position 1), the last column represents the end position of each sequence, and the eight columns in between correspond to 
motif-binding positions. The y-axis shows the average gap length between each adjacent pair of positions, while the x-axis indicates the index of 
each gap segment from start to end.

Table 3 Prediction accuracy on masked peptide labels for three HLA 
alleles using different methods.

Method HLA-A�02:01 HLA-A�11:01 HLA-A�24:02

GAMMA (ours) 0.931 0.917 0.913
NetMHCpan-4.1 0.806 0.831 0.912
MixMHCpred-3.0 0.872 0.884 0.944
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whereas N-terminal residues often extend beyond the binding 
site or remain unanchored (Tynan et al. 2007).

4. Discussion
In this work, we proposed GAMMA, a probabilistic framework 
designed to identify noncontiguous binding motifs under par
tially labeled data settings. Unlike traditional motif models for 
MHC binding that assume fixed-length contiguous binding cores, 
GAMMA allows flexible positioning of conserved residues with 
variable-length gaps between them. The model utilizes Bayesian 
inference with MCMC sampling, incorporating both Gibbs sam
pling and MH steps to efficiently explore the complex posterior 
landscape. Through both simulation studies and real-world MHC 
Class I peptide binding datasets (from the MHC Motif Atlas), 
GAMMA successfully identified the binding positions and demon
strated superior performance compared to existing motif dis
covery tools such as GLAM2.

A key finding of our study is that, contrary to the widely ac
cepted belief that MHC Class I binding motifs span nine posi
tions, with the second and last positions being particularly 
conserved, our model suggests that the true number of impor
tant positions may be only 8, with the first and last positions be
ing most conserved. This deviation from conventional 
understanding is interesting and invites further investigation. 
Notably, our results reveal that intermediate positions may in
clude gaps, indicating that the binding residues are not neces
sarily adjacent, and that the central region of the peptide may 
exhibit substantial structural flexibility.

This revised view of motif feature merits deeper biological 
and computational exploration. One promising direction is to 
validate whether this “8-position with gaps” motif pattern per
sists under alternative modeling paradigms, such as neural 
network-based methods. For instance, adapting NNalign 
(Nielsen and Lund 2009) or other deep learning-based frame
works with gap-awareness could provide an independent confir
mation of our findings or offer new insights into the motif 
feature. If similar results are observed across modeling 
approaches, it would strengthen the hypothesis that current 
nine-position assumptions may oversimplify the true binding dy
namics of MHC–peptide interactions.

Another possible future direction is the development of a sim
ple and interpretable nonneural function that maps estimated 
binding positions to binding affinity. While deep learning models 
often offer high predictive accuracy, they may lack interpretabil
ity. In a previous study (Liu et al. 2023), we investigated this di
rection by building a linear regression model that relates motif 
features extracted from contiguous motifs to binding strength. 
However, that work did not account for gaps between binding 
positions, potentially compromising the accuracy of motif iden
tification, as demonstrated in the current study. Extending that 
approach to incorporate gap-aware motif features could lead to 
a compact mathematical formulation that improves both pre
dictive performance and biological insight. Such a function 
would be valuable for hypothesis generation, experimental vali
dation, and practical applications in settings with limited data 
or computational resources.

Our model currently treats observed positive labels as fixed 
and fully accurate. While this is consistent with most prior work 
in MHC–peptide analysis, in practice there may be false positives 
due to experimental noise. An interesting extension would be to 
model the true label wi for each sequence as a latent variable, 
and treat the observed label yi as prior information, specifying a 
conditional prior pðwi j yiÞ. This would allow all wi to be inferred 
during MCMC, incorporating both the sequence-level likelihood 
and prior evidence from the observed label. Such a formulation 
could improve robustness to label noise, but may introduce new 
challenges. For instance, low-likelihood true positives might be 
misclassified as background, potentially distorting motif infer
ence. We leave a full investigation of this approach to fu
ture work.

Our current evaluation focused on three of the most prevalent 
human MHC Class I alleles in the Chinese population: HLA- 
A�02:01, HLA-A�11:01, and HLA-A�24:02. While these alleles are 
highly representative, broader validation across additional MHC- 
I alleles, as well as MHC Class II molecules, is necessary to fully 
assess the generalizability of our approach. To explore the po
tential applicability of our method beyond the MHC-I setting, we 
conducted preliminary experiments on both MHC-II peptide 
binding data and transcription factor binding sites from the 
JASPAR database (Rauluseviciute et al. 2024). These early 
results, presented in the Supplementary Material, available as 
supplementary data at Bioinformatics online, suggest that our 
gap-aware framework can recover meaningful motif patterns in 
both longer peptide sequences and DNA regulatory elements. 
However, more rigorous investigation is warranted. In particular, 
MHC-II binding involves more flexible core positions and longer 
peptides, while DNA sequence motifs may exhibit different 
structural characteristics. We plan to adapt and extend our 
model to better accommodate these complexities in fu
ture work.
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