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Abstract 

Background  CD8+ T-cell activation is initiated by the recognition of epitopes presented on class I major histocom-
patibility complex (MHC-I) molecules. Identifying such epitopes is useful for molecular understanding of cellular 
immune responses and can guide the development of personalized vaccines for various diseases including cancer. 
For a few hundred common human and mouse MHC-I alleles, large datasets of ligands are available and machine 
learning MHC-I ligand predictors trained on such data reach high prediction accuracy. However, for the vast majority 
of other MHC-I alleles, no ligand is known.

Methods  We capitalize on an expanded architecture of our MHC-I ligand predictor (MixMHCpred3.0) to systemati-
cally assess the extent to which predictions of MHC-I ligands can be applied to MHC-I alleles that currently lack known 
ligand data.

Results  Our results reveal high prediction accuracy for most MHC-I alleles in human and in laboratory mouse strains, 
but significantly lower accuracy in other species. Our work further outlines some of the molecular determinants 
of MHC-I ligand prediction accuracy across alleles and species. Robust benchmarking on external data shows that our 
MHC-I ligand predictor demonstrates competitive performance relative to other state-of-the-art MHC-I ligand predic-
tors and can be used for CD8+ T-cell epitope predictions.

Conclusions  Our work provides a valuable tool for predicting antigen presentation across all human and mouse 
MHC-I alleles. MixMHCpred3.0 tool is available at https://​github.​com/​Gfell​erLab/​MixMH​Cpred.

Background
CD8+ T cells play a key role in eliminating infected or 
malignant cells. To perform this task, CD8+ T cells rec-
ognize small peptides displayed on class I major histo-
compatibility complex (MHC-I) molecules on the surface 
of the targeted cells. MHC-I ligands are considered as 
promising therapeutic targets and have been used in 

pre-clinical and clinical studies. For instance, in cancer 
immunotherapy, MHC-I ligands have been used as per-
sonalized vaccines to boost the immune system to rec-
ognize neo-antigens [1–5]. Additionally, viral peptides 
presented on MHC-I molecules have been utilized in 
vaccines against infectious diseases to elicit strong T-cell 
recognition [6].

MHC-I molecules bind short peptides (roughly 8–14 
amino acids) with a general preference for 9-mers [7–
10]. The binding is typically determined by primary 
anchor residues at the second and last positions of 
the peptides. Several alleles display additional anchor 
residues at other positions [7, 11]. In humans, MHC-I 
molecules are encoded by three commonly expressed 
genes (HLA-A, HLA-B, HLA-C) along with a few 
other genes (e.g., HLA-E, HLA-F, HLA-G). MHC-I 
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genes exhibit a very high level of polymorphism, with 
thousands of distinct alleles [12]. MHC-I genes in 
various species are known to evolve rapidly and are 
not strongly conserved, even among relatively closely 
related species [13–15]. Different MHC-I alleles have 
different peptide-binding specificities, which include 
differences in binding motifs and peptide length distri-
butions [7, 10, 16]. This results in distinct repertoires 
of MHC-I ligands in different individuals and different 
species [17–20]. Over the last decade, mass spectrom-
etry-based MHC-I peptidomics has emerged as the 
leading source of information about MHC-I binding 
specificities. These data have enabled researchers to 
compute binding motifs and peptide length distribu-
tions supported by thousands of ligands for more than 
100 MHC-I alleles [21–24].

Many in silico prediction tools for MHC-I ligands 
have been developed to narrow down the list of poten-
tial epitopes [23–28]. These tools are mainly trained 
on MHC-I peptidomics data and such data are cur-
rently available for a bit more than a hundred alleles 
[16, 24, 26, 29, 30]. These include all common alleles 
in humans but only a few alleles from other species. 
Two main classes of MHC-I ligand predictors can be 
distinguished: allele-specific or pan-allele predic-
tors. Allele-specific predictors, such as NetMHC [31] 
or MixMHCpred2.2 [26], train a separate model for 
each allele with known ligands. These tools are there-
fore restricted to the set of MHC-I alleles with avail-
able data. Pan-allele predictors, like NetMHCpan4.1 
[28], MHCflurry2.0 [27], ACME [32], MATHLA [33], 
DeepLigand [34], HLAthena [24], BigMHC [35], or 
SHERPA [23] can make predictions for a broader range 
of alleles. These predictors leverage shared properties 
of MHC-I molecules across different alleles and cor-
relations between MHC-I binding site residues and 
binding specificities to make predictions even when 
experimental ligands are not available for a given 
allele. Pan-allele MHC-I ligand predictors have been 
successfully used in multiple studies in humans [27, 
28, 32–34]. However, considering the rapid evolution 
of MHC-I genes and alleles across species, it remains 
unclear how far predictions can be expanded, espe-
cially in species without known MHC-I ligands.

In this study, we capitalized on high-quality MHC-I 
peptidomics data for hundreds of alleles to perform a 
careful benchmarking of how predictions of MHC-I 
ligands can be extrapolated across alleles and species. 
Our work provides insights into the molecular deter-
minants underlying MHC-I ligand prediction accuracy, 
as well as a robust implementation of such predictions.

Methods
Collection of MHC‑I ligands
Naturally presented MHC-I ligands were collected 
from more than 250 MHC-I peptidomics samples from 
human, mouse, cattle, canid, and non-human primate. 
These include all samples considered in [26]. We further 
included data from a few recent MHC-I peptidomics 
studies [23, 29, 30, 36–41]. All data were retrieved from 
the original studies to prevent having filtered data based 
on MHC-I ligand predictors. All samples were processed 
with our motif deconvolution tool (MixMHCp) to iden-
tify shared motifs across samples sharing the same allele 
[7]. Further information regarding this procedure and the 
results obtained can be found in our previous publica-
tions [7, 22, 26]. The final dataset of naturally presented 
MHC-I ligands comprises 511,553 peptide-MHC-I inter-
actions with 143 different MHC-I alleles.

Building MHC‑I binding motifs and peptide length 
distributions
For all MHC-I alleles with naturally presented ligands, 
Position Probability Matrices (PPMs) were constructed 
by computing the frequency of each amino acid at each 
position in the set of ligands of the given allele, including 
standard pseudocounts based on BLOSUM62 as detailed 
in Gfeller et al. [7] and Racle et al. (2019). Separate PPMs 
were generated for each ligand length L from 8 to 14. 
The Position Weight Matrices  (PWMs) representing the 
final binding motifs were computed by normalizing the 
PPMs with the amino acid background frequencies of the 
human proteome, as outlined in [7, 42]. Binding motifs 
were visualized using ggseqlogo [43] and Logomaker 
[44].

To determine peptide length distributions, the frac-
tion of naturally presented MHC-I ligands of each length 
(from 8 to 14) was computed as described in [7].

Predicting MHC‑I binding motifs
Inspired by our recent work on MHC-I and MHC-II 
motifs [16, 45], neural networks were used to predict 
PPMs of MHC-I molecules without known ligands. 
More precisely, distinct networks were trained for each 
peptide length (8 to 14). The input of each neural net-
work is the list of binding site residues from the MHC-I 
molecules (34 residues). This binding site was defined 
as in [46]. Each binding site residue was encoded as a 
20-dimensional vector based on the BLOSUM62 prob-
ability matrix. The output of each network consists of 
a matrix of 20xL, representing the PPM at the corre-
sponding motif length L. Each network is composed of 
an input layer (34 × 20 nodes), one fully connected hid-
den layer (256 nodes) followed by a dropout of 0.2, and 



Page 3 of 13Tadros et al. Genome Medicine           (2025) 17:25 	

an additional layer that reshapes the output layer from a 
vector (20xL nodes) to a matrix of size 20 rows and L col-
umns. We used a rectified linear unit (ReLU) activation 
function for the hidden layer and a custom softmax func-
tion for the output layer that applies the softmax activa-
tion function on each column of the matrix. We used 
the Kullback Leibler divergence as a loss function, and it 
was optimized using the Adam optimizer with a learning 
rate of 0.0001. These neural networks were implemented 
in Python (version 3.7.11), using Keras packages relying 
on TensorFlow (version 2.2.4-tf ). 1000 epochs were set 
for the training process. For each allele and each pep-
tide length (8 to 14), we then normalized by background 
human proteome frequencies to create the final predicted 
PWM.

Predicting peptide length distributions
A neural network was developed to predict the peptide 
length distribution of MHC-I molecules. The input layer 
is the same as for the MHC-I motifs prediction (34 × 20 
nodes), followed by one hidden layer (128 nodes) with the 
rectified linear unit (ReLU) activation function followed 
by a dropout of 0.2. The output layer is the peptide length 
distribution (from 8 to 14, i.e., 7 nodes) based on the soft-
max activation function. We used the Kullback Leibler 
divergence as a loss function, and it was optimized using 
the Adam optimizer with a learning rate of 0.0001. A 
maximum of 125 epochs were set for the training process 
with early stopping applied if no improvement in loss was 
observed over a span of 20 consecutive epochs.

Predicting MHC‑I ligands
Following the procedure described in [26], the presenta-
tion score of a peptide X of length L with allele a is given 
by:

M(a,L)(X) represents the raw score of peptide 
X = (X1, . . . ,XL) given by the PWM representing the 
motif of allele a for L-mers. The correction factor D(a,L) is 
computed so that Sa(X) has a standard deviation of 1 over 
a set of 100′000 peptides of length L randomly selected 
from the human proteome. The correction factors C(a,L) 
are computed so that the length distribution of the top 
0.1% of 700,000 random peptides (taken from the human 
proteome with uniform length distribution between 8- 
and 14-mers) follows exactly the peptide length distribu-
tion of allele a observed in HLA-I peptidomics data. The 

Sa(X) =
M(a,L)(X)− C(a,L)

D(a,L)
with

M(a,L)(X) =
log( L

l=1M
(a,L)
Xl

)

L

correction factors C(a,L) and D(a,L) are previously defined 
in [26]. %ranks given as output of MixMHCpred3.0 are 
estimated based on the distribution of scores Sa(X) of a 
set of 700,000 random peptides (100,000 of each length 
from 8 to 14), as done in other MHC-I ligand predictors.

Leave‑one‑allele‑out (LOA) cross‑validation
We performed leave-one-allele-out cross-validation for 
ligand, binding motif, and peptide length distribution 
predictions using iteratively as a test set for each allele. 
For ligand predictions, a 99-fold excess of negatives was 
added randomly from the human proteome with uniform 
length distribution from 8 to 14. Subsequently, binding 
scores were predicted for each peptide in the test set, and 
the performance was evaluated based on the AUC values 
(Fig.  2A). For each length (from 8 to 14), the predicted 
PWMs were compared to the experimental ones by com-
puting the Euclidean distance for each position of the 
PWM and averaging these distances. The lower the dis-
tance, the closer the predicted motifs are to the experi-
mental ones (Fig.  2B shows the Euclidean distance for 
the 9-mers motifs). Similarly, we computed the Euclidean 
distance between the predicted and experimental peptide 
length distributions (Fig. 2C).

Binding site sequence distances
The binding site distance between two alleles was calcu-
lated as described in the following formula:

in which blosum refers to the Blosum62 scoring matrix, 
which is used to score amino acid substitutions [47], 
J represents the length of the MHC-I binding site 
sequence (34 amino acids), aj and bj denote the amino 
acid from the two alleles being compared. The resulting 
score ranges from 0 to 1, where a higher score indicates 
a greater distance between the two MHC-I binding site 
sequences. For alleles without known ligands, the bind-
ing site distance to the set of alleles with known ligands 
is defined as the minimum of the distances to alleles with 
known ligand, or equivalently the distance to the closest 
alleles with known ligands. For simplicity, this distance to 
the closest allele is often referred to as the “binding site 
distance.”

MHC‑I sequences retrieval and alignment
Human MHC-I sequences were retrieved from the IPD-
IMGT/HLA database [12]. MHC-I sequences from mul-
tiple other species were retrieved from the IPD-MHC 
database [48]. Mouse MHC-I sequences are not part of 

1−

∑J
j=1 blosum(aj , bj)

√

∑J
j=1 blosum(aj , aj)×

∑J
j=1 blosum(bj , bj)
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the IPD-MHC database so they were manually retrieved 
from the UniProtKB database [49]. We then aligned the 
MHC-I sequences using the MAFFT algorithm ([50], ver-
sion 7.520) and took as a reference the list of sequences of 
alleles with known ligands for the alignment.

Population frequencies for HLA‑I alleles with known 
ligands
Human MHC-I allele frequencies were obtained from 
The Allele Frequency Net Database (AFND)  [51]. Only 
samples with a sample size > 500 and a resolution level 
of ≥ 2 fields were included to ensure data reliability. The 
weighted average frequency of each allele across all pop-
ulations was then calculated.

Benchmarking with other MHC‑I ligand predictors
To assess the accuracy of the ligand predictions for 
MHC-I molecules and compare with the state-of-the-
art methods, such as NetMHCpan, MHCflurry and 
BigMHC, we performed the leave-one-allele-out cross-
validation, where each allele absent from the training 
of NetMHCpan4.1, MHCflurry2.0 and BigMHC was 
successively removed from the training set of MixMH-
Cpred3.0 (30, 10, and 31 alleles, respectively). A  4-fold 
excess of negatives was added randomly from the human 
proteome with uniform length distribution from 8 to 14 
(Fig. 4A, B, and C, Additional file 1: Table S1). A similar 
process was carried out using a 99-fold excess of nega-
tives (Additional file 1: Fig. S6).

In the second benchmark based on full HLA-I pepti-
domics samples, we used HLA-I peptidomics datasets 
coming from 10 meningioma samples measured in [7] 
and 10 HLA-I peptidomics samples from [23] that were 
not part of the training of any version of MixMHCpred, 
NetMHCpan, MHCflurry nor BigMHC. To these, we 
added a third dataset that comprises twenty recently 
published HLA-I peptidomics samples from COVID-19 
patients [52]. In their paper, the full HLA-I typing was 
not provided for each sample, so we ran our motif decon-
volution tool (MixMHCp) [7] to annotate the alleles to 4 
digits typing in each sample excluding sample “UPN17” 
due to ambiguity in HLA-I annotation. All peptides from 
a given sample were used together with the set of alleles 
describing this sample and considered as positives and we 
added four times more random peptides from the human 
proteome as negatives. The scores for all peptides across 
all alleles were calculated, and the best score among the 
alleles of a sample was retained (%Rank_bestAllele for 
MixMHCpred, lowest %Rank_EL for NetMHCpan, pres-
entation_percentile for MHCflurry, highest BigMHC_EL 
score for BigMHC). Using the predicted scores for each 
peptide, the AUC and PRAUC were computed separately 

for each predictor and sample, providing a performance 
evaluation and comparison with existing state-of-the-art 
methods (see Fig. 4D).

Benchmarking mouse alleles
A 5-fold cross-validation was performed for each of the 
eight mouse MHC-I alleles by randomly removing one-
fifth of the positive peptides for each length (8–14 mers) 
before building the binding motifs. The remaining one 
fifth of positives was used in the test set further adding a 
4-fold excess of random negative peptides to this test set.

PRIME2.1 benchmarking
PRIME was retrained with the scores provided by MixM-
HCpred3.0, resulting in the updated version, PRIME2.1. 
The benchmarking of PRIME2.1 based on 10-fold cross-
validation presented in Fig. 4E used exactly the same data 
as in the PRIME2.0 publication [26].

Results
MHC‑I peptidomics data enables predictions of binding 
specificity for MHC‑I alleles without known ligands
To characterize MHC-I binding motifs across multiple 
alleles and species, we first collected experimental data 
from a large compendium of MHC-I peptidomics stud-
ies [23, 26, 29, 30, 36–41]. These studies encompass 
MHC-I ligands from human, mouse, cattle, canid, and 
non-human primate MHC-I alleles. Motif deconvolution 
was performed on all samples to annotate ligands for the 
different alleles in each sample following our previously 
established procedure [7, 22, 26] (see the “Methods” sec-
tion). This approach ultimately yielded a collection of 
511,553 ligands (Fig.  1A) interacting with 143 MHC-I 
alleles (Fig. 1B and C, Additional file 1: Fig. S1, Additional 
file 2: Table S1). As expected, the vast majority of ligands 
and alleles came from humans (Fig. 1A, B). For each allele 
hundreds to thousands of ligands are available (Fig. 1C). 
From these data, binding motifs (mathematically repre-
sented with position weight matrices) and peptide length 
distributions were computed (see the “Methods” sec-
tion). Distinct motifs were built for each peptide length, 
ranging from 8- to 14-mers (Fig. 1D), as ligands of vary-
ing lengths exhibit differences in their motifs.

We then used the binding motifs and peptide length 
distributions to train a pan-allele predictor of MHC-I 
ligands, referred to as MixMHCpred3.0. To this end, we 
first trained neural networks to predict binding motifs 
for each peptide length, as well as peptide length distri-
butions (Fig. 1D, see the “Methods” section). These net-
works take as input the MHC-I binding site sequence (see 
the “Methods” section). In a second step, we integrated 
the output from these neural networks and computed a 
final presentation score and %rank of a peptide (Fig. 1D, 
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see the “Methods” section). This framework enables us to 
predict ligands for any MHC-I allele. In addition, it can 
accommodate either predicted motifs or motifs directly 
computed from experimental ligands for alleles with such 
data. For such alleles, predictions MixMHCpred3.0 are 
therefore basically identical to those of the allele-specific 
predictor MixMHCpred2.2 [26], with the only differences 
coming from the inclusion of a few additional recent 
immunopeptidomic datasets not part of the training data 
of MixMHCpred2.2.

To test how reliably MHC-I ligand predictions can be 
extrapolated to MHC-I alleles without known ligands, 
we performed an extensive leave-one-allele-out (LOA) 
cross-validation. All ligands for each allele were itera-
tively excluded from the training of our model and used 
as a test set, and the model was trained on the motifs 
and length distributions from the remaining alleles (see 
the “Methods” section). A 99-fold excess of random pep-
tides from the human proteome was used as negatives to 
compute the area under the curve (AUC) of the receiver 
operating characteristic curve (ROC). These AUC val-
ues serve as an indicator of the model’s predictive power, 

with a value of 1 for a perfect predictor and 0.5 in the 
case of random predictions. Overall, the predictions were 
much better than random for all alleles (Fig. 2A). Predic-
tions for human alleles also outperformed predictions for 
alleles in other species.

We then checked the accuracy of the predicted motifs 
and predicted length distributions, as an alternative to 
AUC for benchmarking. To this end, we computed the 
Euclidean distance between the predicted and actual 
9-mer motifs (Fig.  2B, see the “Methods” section). For 
most human alleles, the predicted binding motifs were 
highly similar to the actual ones. In other species, the dis-
tances between predicted and actual motifs were higher. 
Similar observations were made when comparing the 
Euclidean distance between predicted and experimen-
tal peptide length distributions (Fig.  2C). These results 
demonstrate that both binding motifs and peptide length 
distributions for MHC-I alleles without known ligands 
can be accurately predicted in humans, and less so in 
other species, thereby providing a rational explanation 
for the LOA AUC values in Fig. 2A. To further visualize 
the quality of the model predictions and better interpret 

Fig. 1  Overview of the MHC-I peptidomics data used to predict MHC-I specificity and ligands for alleles without known ligands. A Number 
of MHC-I ligands for MHC-I molecules from different species collected in this work. B Number of MHC-I alleles with known ligands from different 
species. C Number of ligands per MHC-I allele across different species. D Description of the proposed architecture for predicting binding motifs 
and peptide length distribution (middle) and predicting peptide presentation scores (right). For the binding motif predictor, distinct neural 
networks were trained for each peptide length (from 8 to 14). An additional neural network was trained to predict peptide length distributions 
for MHC-I molecules without experimental ligands. The outputs of both predictors are combined in a final step to predict peptide presentation 
score and derive a %rank
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binding motif and peptide length distribution distances, 
we selected three alleles with very high LOA AUC val-
ues and three alleles with much lower LOA AUC values 
(Fig. 2A). Figure 2D shows the comparison between the 
actual and the predicted 9-mer binding motifs and pep-
tide length distributions. For alleles displaying very high 
LOA AUC (> 0.98), we observed that binding motifs and 
peptide length distributions were indeed accurately pre-
dicted. For alleles with lower LOA AUC (0.88 to 0.95), 
we observed that the predicted binding motifs were less 
well predicted (Euclidean distances of 0.2 to 0.3) and 
much less specific, capturing mainly a weakly conserved 
specificity for hydrophobic residues at the last position 
(Fig. 2D). Similar observations could be made for peptide 
length distributions where the predicted peptide length 
distributions for alleles with lower LOA AUC were less 
accurate, while still capturing the preference for 9-mers 

(Fig. 2D). These results also indicate that fairly high LOA 
AUC values of up to 0.95 can be obtained with relatively 
unspecific motifs. This likely reflects the fact that many 
MHC-I alleles share some similarity (e.g., preference for 
9-mers, preference for hydrophobic residues at the last 
position of their ligands), which leads to some predictive 
power even when failing to capture the actual specificity 
of each allele. Accurately predicted motifs and peptide 
length distributions corresponded to cases with LOA 
AUC values around 0.98 or higher.

Binding site similarity determines MHC‑I ligand prediction 
accuracy
To explore the determinants of MHC-I ligand prediction 
accuracy for an allele without known ligands, we inves-
tigated the binding site similarity for alleles with known 
ligands. This binding site similarity was computed as a 

Fig. 2  Leave-one-allele-out benchmarking of MHC-I binding specificity predictions. A AUC for predictions of peptides presented by MHC-I 
molecules from different species, obtained in the leave-one-allele-out (LOA) cross-validation. B Euclidean distance between the predicted 
and experimental 9-mer motifs in the LOA cross-validation. C Euclidean distance between the predicted and experimental peptide length 
distributions in the LOA cross-validation. D Examples of predicted MHC-I binding motifs and peptide length distributions in a LOA context. 
Examples of 3 alleles with accurate predictions are shown on the left, and 3 alleles with less accurate predictions are shown on the right
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binding site sequence distance (see Methods, Additional 
file 3: Table S1). For each allele, we identified the closest 
allele with known ligands in terms of binding site dis-
tance and referred to this distance to the closest allele 
with known ligands as the “binding site distance,” for sim-
plicity. We observed a strong inverse correlation between 
binding site distances and AUC values computed in the 
LOA cross-validation (Fig. 3A). As a rule of thumb, our 
data suggest that accurate MHC-I ligand predictions 
can be achieved when an allele shows a binding site dis-
tance smaller than 0.1 with another allele with known 
ligands. For bigger distances, predictions will generally be 
of lower accuracy. We further explored the relationship 
between the AUC computed in LOA cross-validation 
and the distance to the closest human allele with known 
ligands based on binding-site distance (Additional file 1: 
Fig. S2). As expected, this analysis reveals that the sin-
gle MHC-I allele from non-human primates shows 
higher binding site similarity with human alleles than 
most mouse and cattle alleles. Considering the large bias 
towards human alleles in our data, this may explain the 
higher AUC values observed for this allele.

To explore whether predictions in the leave-one-
allele-out setting are influenced by allele frequency, we 
compared our AUC values with the population frequen-
cies for all alleles (Additional file  1: Fig. S3, Additional 
file  4: Table  S1, see the “Methods” section). Overall, 
we observed a slight negative correlation. This can be 
explained by the fact that some common alleles (e.g., 
HLA-B*08:01, Fig.  3A) show low similarity with other 
alleles with known ligands, and therefore lower LOA 
AUC.

We then investigated to which extent predictions with 
MixMHCpred3.0 could be applied with high confidence 
across all known MHC-I alleles. To this end, we collected 
over 19,000 MHC-I protein sequences from humans and 

other species, extracted the binding site sequence for 
each allele, and computed its binding site distance with 
the closest allele with known ligands (see the “Methods” 
section, Additional file  5: Table  S1). We then calculated 
for various species the fraction of alleles with a bind-
ing site distance lower than 0.1 (Fig.  3B). We observed 
that more than 97% of human HLA-I alleles passed this 
threshold and are therefore expected to be accurately 
predicted. The few alleles with binding site distances > 0.5 
corresponded to HLA-F alleles, for which we did not 
have reliable ligands in our data. This suggests that the 
127 human HLA-I alleles with available ligands provide 
a very good coverage of the specificity space of human 
MHC-I alleles, including most HLA-A, HLA-B, and 
HLA-C alleles. For mouse alleles, we observed that 48% 
of the MHC-I alleles met the threshold and these include 
all alleles from laboratory mouse strains, for which 
ligands are available. For other species, our data show 
that most alleles without MHC-I ligands do not pass the 
threshold on the binding site distance, suggesting that 
predictions of MHC-I ligands and motifs will be of lower 
accuracy.

To enhance our understanding of these limitations 
in predicting MHC-I ligands in non-human species, we 
explored two different scenarios underlying binding 
site distances larger than 0.1 (Fig.  3C). In the first sce-
nario (“new amino acids”), some binding site positions 
display amino acids that are never found among alleles 
with known ligands (Additional file  1: Fig. S4). In these 
cases, predictions are complicated, since the training 
set of MixMHCpred3.0 does not contain information 
about these “unseen” amino acids. In the second sce-
nario (“new arrangements”), we considered cases where 
all amino acids in the binding site are found in alleles 
with known ligands, but not in a single allele. Figure 3C 
shows examples of these two scenarios. In the first case 

Fig. 3  Binding site similarity determines MHC-I ligand prediction accuracy. A Relationship between the accuracy of MHC-I ligand predictions (AUC 
in the LOA cross-validation) and binding site distance to the closest allele with known ligands. Regression line and Pearson correlation coefficients 
were added to the plot. B Boxplots of binding site distances to the closest allele with known ligands for all known alleles in different species groups. 
The numbers above each boxplot show the percentage of MHC-I sequences in each group reaching a binding site distance lower than 0.1 (the blue 
dashed line). Numbers in parentheses indicate the total number of MHC-I alleles with available sequences in each species group. Cyan dots indicate 
MHC-I alleles with known ligands. C Examples of different scenarios characterizing alleles with binding site distances larger than 0.1. The amino 
acid frequency for the binding site positions for alleles with known ligands is shown in the middle. An example of an allele without known ligands 
and having new amino acids (i.e., unseen among alleles with known ligands, written in light blue) in its binding site is shown above. An example 
of an allele without ligands and having a different arrangement of amino acids is shown below (with amino acids non-conserved in its closest allele 
with known ligands indicated in green). B-pocket positions are marked in dark blue and F-pocket positions in green. D Stacked barplots showing 
the percentage of alleles with binding site distance < 0.1 (orange), alleles with binding site distance ≥ 0.1 and new amino acids at some binding site 
positions (light blue), and alleles with binding site distance ≥ 0.1 and new arrangements of amino acids in their binding site (green). E Frequency 
of the new amino acids in species where all MHC-I alleles have new amino acids compared to MHC-I alleles with known ligands (i.e., Salmonids, 
Gallus, and Suids). F Representative 3D structure of the MHC-I binding site (HLA-A*01:01 in gray in complex with EADPTGHSY in yellow, PDB: 1W72), 
highlighting several positions with low conservation across species (see panel E); black dashed lines are the distances between these positions 
on the MHC structure and their closest residue on the peptide

(See figure on next page.)
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(Onmy-UBA1601, from Salmonids), we observed that 
several amino acids in the binding site (i.e., L67, V81, 
R84, N95, D150, M152, and H158) were not found 

among the alleles with known ligands. In the second 
case, (DLA-8803501 from canids), we observed that, 
even if all amino acids in the binding site are observed in 

Fig. 3  (See legend on previous page.)
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alleles with known ligands, the closest allele with known 
ligands had different amino acids at 4 binding site posi-
tions (i.e., 45, 62, 152, 156). In general, we observed that 
most alleles with binding site distances larger than 0.1 
displayed new amino acids in their binding site across all 
non-human species (blue bars in Fig.  3D), which likely 
explains why their binding motifs are difficult to predict. 
Figure  3E shows the frequency of the new amino acids 
in the MHC-I binding site in three species—Salmonids, 
Gallus, and Suids—where all alleles showed some amino 
acids absent in alleles with known ligands. This analysis 
shows for instance that all MHC-I alleles in Salmonids 
and Gallus have R84, while all alleles with known ligands 
in our training set had Y84. Figure  3F shows the struc-
tural location in the MHC-I binding site of these less 
conserved positions and suggests that new amino acids 
at these positions could alter MHC-I binding specific-
ity. The potential impact of novel amino acids on MHC-I 
binding specificity is further supported by X-ray struc-
tures of MHC-I alleles for Salmonids or birds (Additional 
file 1: Fig. S5). Overall, these analyses suggest a molecular 

basis for the lower prediction accuracy observed in non-
human species.

MixMHCpred3.0 leads to high‑quality MHC‑I ligand 
predictions
We then benchmarked our predictions for alleles without 
known ligands with two widely used pan-allele methods, 
NetMHCpan4.1 [28] and MHCflurry2.0 [27], and the 
recently introduced predictor BigMHC [35]. To this end, 
we first retrieved all alleles absent from the training sets 
of NetMHCpan (30 alleles in total), MHCflurry (10 alleles 
in total), or BigMHC (31 alleles in total) (Additional 
file  1: Table  S1). We then retrained MixMHCpred3.0 
excluding iteratively each of these alleles and tested the 
accuracy of the predictions on the ligands of the left-
out alleles. A 4-fold excess of random peptides from the 
human proteome was used as negatives (Additional file 2: 
Table S1) to compute the AUC and Precision-Recall AUC 
(PRAUC) values. Our results indicate similar perfor-
mance with NetMHCpan and MHCflurry (Fig.  4A and 
B), and improved performance compared to BigMHC 

Fig. 4  MixMHCpred3.0 leads to high-quality MHC-I ligand predictions. A–C LOA cross-validation AUC and PRAUC values for the predictions 
of peptides presented by MHC-I molecules for alleles that are not part of the training set of A NetMHCpan, B MHCflurry or C BigMHC. D AUC 
and PRAUC values for the predictions of peptides presented by MHC-I coming from 40 samples in 3 different studies not included in the training set 
of any of the four predictors. E Benchmarking of PRIME2.1 on CD8 + T-cell epitope samples based on 10-fold cross-validation. P-values from a paired 
two-sided Wilcoxon signed rank test are indicated
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(Fig. 4C). Similar observations were obtained when using 
99-fold excess of random negatives (Additional file  1: 
Fig. S6). In addition, when we performed a 5-fold cross-
validation for each of the eight mouse MHC-I alleles (see 
the “Methods” section), we observed improved predic-
tions for MixMHCpred3.0 compared with other predic-
tors (Additional file 1: Fig. S7, Additional file 6: Table S1), 
which supports the model’s strong performance on 
mouse alleles.

To further benchmark MixMHCpred3.0 on more 
realistic data, where most peptides come from alleles 
with known ligands, we employed three external data-
sets. The first dataset consists of ten HLA-I peptidomics 
samples from meningioma [7], the second one includes 
ten HLA-I peptidomics samples [23], and the third one 
comprises twenty recently published HLA-I peptid-
omics samples from COVID-19 [52] (Additional file  7: 
Table S1). To our knowledge, none of these datasets were 
used in the training of any predictor considered in this 
study. We employed a 4-fold excess of random peptides 
from the human proteome as negatives to compute AUC 
and PRAUC values (see Methods). MixMHCpred3.0 
achieved significantly higher AUC than NetMHCpan4.1, 
MHCflurry2.0, and BigMHC, and significantly higher 
PRAUC than NetMHCpan4.1 and MHCflurry2.0 but 
not BigMHC (Fig. 4D). This demonstrates that MixMH-
Cpred3.0 represents a state-of-the-art pan-allele MHC-I 
ligand predictor.

MixMHCpred3.0 accurately predicts CD8 + T‑cell epitopes
To ensure compatibility between MixMHCpred3.0 and 
our immunogenicity predictor PRIME [26], we retrained 
PRIME with the scores provided by MixMHCpred3.0, 
resulting in the retrained version (PRIME2.1). To assess 
the impact of this integration on PRIME performance, 
we conducted a comprehensive benchmarking analysis. 
This analysis was designed to mirror the original valida-
tion methods described previously in [26] where we use 
CD8 + T-cell epitopes for benchmarking (Additional 
file  8: Table  S1). Overall, we observed equal or better 
predictions compared to other tools (Fig. 4E). These find-
ings confirm the successful integration of our updated 
method.

Discussion
CD8+ T-cell recognition of peptides displayed on MHC-I 
molecules plays a central role in the immune recognition 
of infected or malignant cells. In this work, we capitalized 
on naturally presented MHC-I ligands derived from a 
diverse range of species, including human, mouse, cattle, 
canid, and non-human primate to explore how MHC-I 
ligand predictions can be extrapolated across alleles and 
species.

Our results show that predictions of MHC-I ligands 
can be accurately expanded to MHC-I alleles with low 
binding site distance with respect to alleles with known 
ligands. These cases encompass the vast majority of 
human MHC-I alleles, indicating that pan-allele predic-
tors are likely to work well even across individuals from 
diverse genetic backgrounds. The main exception consists 
of HLA-F alleles for which a consensus on their motifs 
has not been reached [53, 54]. In other species, and espe-
cially in species with few known MHC-I ligands, pre-
dictions showed lower accuracy, and we expect also low 
accuracy for most species without documented MHC-I 
ligands. This results from lower accuracy in predictions 
of both MHC-I binding motifs and peptide length dis-
tributions. We can attribute this limitation to the lower 
MHC-I binding site conservation in these species. In 
particular, the binding sites of MHC-I alleles from sev-
eral species included amino acids which were never seen 
in alleles with known ligands. These observations have 
implications for designing experiments aimed at improv-
ing the coverage of MHC-I alleles for which predictions 
of ligands can be made. In particular, we anticipate that 
MHC-I peptidomics profiling of alleles with binding site 
sequences including D24, S62, G67, R84, D/N150, or S/
Q158 could reveal novel MHC-I binding motifs and 
expand our ability to accurately predict ligands for alleles 
across a broader range of species. Our work also shows 
that LOA AUC values are not positively correlated with 
allele frequencies. However, it is important to emphasize 
that this observation applies only in the leave-one-allele-
out setting, where the task was to predict binding motifs 
and peptide length distributions when masking the actual 
ligands.

When performing our LOA cross-validation, we 
observed that AUC values up to 0.95 could be obtained 
even with relatively unspecific motifs (see examples in 
Fig. 2D). This suggests that using only AUC > 0.5 as a per-
formance metric or success criteria does not guarantee 
that a pan-allele MHC-I ligand predictor has accurately 
learned the specificities of each allele. It also indicates 
that binding motifs and peptide length distributions, 
which are at the core of the pan-allele architecture of 
MixMHCpred3.0, provide a useful quality control to 
evaluate the ability of a pan-allele MHC-I ligand predic-
tor to learn the actual specificity of different alleles.

When predicting class I epitopes, the number of pep-
tides that are being scored is typically much higher than 
the number of actual epitopes. Therefore, very high AUC 
(e.g., > 0.98) are desirable to have enough true positives 
among the top predicted peptides which are typically con-
sidered for experimental validation. As an alternative to 
AUC values, PRAUC in the presence of a large (and there-
fore more realistic) proportion of negatives provides a 
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useful measure of the quality of the predictions, with more 
emphasis on the top predicted peptides. Across our differ-
ent benchmarks, our observations were consistent when 
using AUC and PRAUC, and when using different fractions 
of negatives (4-fold and 99-fold excess from positives).

In most practical applications for epitope discovery, 
MHC-I ligand predictions are performed on human sam-
ples where the majority of MHC-I alleles have known 
ligands in existing databases. Consistent with previous 
results obtained with MixMHCpred2.2, the high-quality 
predictions of MixMHCpred3.0 in such cases indicate 
that MixMHCpred provides a state-of-the-art solution 
with high computational efficiency and direct interpret-
ability in terms of binding motifs and peptide length dis-
tributions for most human MHC-I allele. Moreover, the 
compatibility with the PRIME framework [26] ensures 
that MixMHCpred3.0 can be used for CD8+ T-cell 
epitope discovery.

Conclusions
Altogether, our work shows that very accurate predic-
tions of MHC-I motifs and ligands can be reached for the 
vast majority of human MHC-I alleles, as well as MHC-I 
alleles of laboratory mouse strains, and reveals molecular 
determinants of prediction accuracy in other species. The 
pan-allele version of MixMHCpred developed to perform 
these analyses shows improved predictions compared to 
other tools and is available at https://​github.​com/​Gfell​
erLab/​MixMH​Cpred.
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