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A B S T R A C T

Viral fusion proteins, located on the surface of enveloped viruses like SARS-CoV-2, Influenza, and HIV, play a 
vital role in fusing the virus envelope with the host cell membrane. Fusion peptides, conserved segments within 
these proteins, are crucial for the fusion process and are potential targets for therapy. Experimental identification 
of fusion peptides is time-consuming and costly, which creates the need for bioinformatics tools that can predict 
the segment within the fusion protein sequence that corresponds to the FP. Although homology-based methods 
have been used towards this end, they fail to identify fusion peptides lacking overall sequence similarity to 
known counterparts. Therefore, alternative methods are needed to discover new putative fusion peptides, namely 
those based on machine learning. In this study, we explore various ML-based approaches to identify fusion 
peptides within a fusion protein sequence. We employ token classification methods and sliding window ap
proaches coupled with machine and deep learning models. We evaluate different protein sequence representa
tions, including one-hot encoding, physicochemical features, as well as representations from Natural Language 
Processing, such as word embeddings and transformers. Through the examination of over 50 combinations of 
models and features, we achieve promising results, particularly with models based on a state-of-the-art trans
former for amino acid token classification. Furthermore, we utilize the best models to predict hypothetical fusion 
peptides for SARS-CoV-2, and critically analyse annotated peptides from existing research. Overall, our models 
effectively predict the location of fusion peptides, even in viruses for which limited experimental data is 
available.

1. Introduction

Fusion events between viral and host cell membranes are critical for 
enveloped viruses, including SARS-CoV-2, Dengue, Influenza, and HIV, 
as they enable these viruses to enter and infect cells. These viruses 
possess a lipid envelope on their surface, which harbors specialized 
membrane-fusion proteins known as viral fusion proteins (VFP). These 
glycoproteins play a crucial role in catalyzing the fusion process be
tween viral and cellular membranes, thereby facilitating virus entry into 
the host cell and subsequent infection [1–3].

These proteins are classified based on key structural features 
observed in their pre- and post-fusion states. While these features may 
vary across distant virus lineages, they are highly conserved within the 
same virus family. Viral fusion processes generally follow a shared 
mechanism [1] that is common to all enveloped viruses.

According to the most widely accepted membrane fusion model, the 
fusion process begins with the binding of the VFP to the host receptor. 
An external stimulus then triggers a conformational change in the VFP, 

causing a nonpolar segment called the fusion peptide (FP) or fusion loop 
(FL) to project and insert into the host cell membrane. This extended 
form subsequently folds into a hairpin structure, bringing the fusion 
peptide in close proximity to the transmembrane domain of the VFP. 
This step allows the two membranes to come closer together, over
coming the dehydration force and enabling direct membrane apposition. 
Subsequently, the two membranes undergo an initial hemifusion, where 
the lipids of the outer leaflets merge. This is followed by the merging of 
the inner leaflets, resulting in the formation of an initial fusion pore. The 
pore then expands until full fusion occurs [1–4].

The current consensus suggests that VFPs can be classified into three 
main classes: I, II, and III, although some authors propose the existence 
of additional classes [1]. Each class is characterized by distinct struc
tural differences in pre- and post-fusion states, orientation within the 
virus membrane, triggering mechanisms, and the location of their FP 
[2]. Fig. 1 provides a schematic overview of the fusion process and the 
role of VFPs from different classes in this process.

Class I fusion proteins are present in families such as retroviruses and 
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coronaviruses and have been extensively studied. The fusion peptide of 
this class is typically situated at the post-proteolytic N-terminus of the 
glycoprotein [1]. In the pre-fusion state, class I VFP form α-helix rich 
trimers of non-covalently associated heterodimers [1,4] (Fig. 1A – Class 
I). Fusion proteins belonging to class II are present in the Flaviviridae 
and Togaviridae families [1]. Contrary to class I, they insert hydro
phobic FL, (also known as internal FPs), into the membrane. The FL is 
composed mostly of apolar and other conserved residues. The archi
tecture of class II VFP contains three-domains and is primarily composed 
of β-strands with a tightly folded fusion loop in the central domain [1,5]
(Fig. 1A – Class II). Class III fusion proteins are found in herpesviruses 
and rhabdoviruses and combine structural signatures found in classes I 
and II, i.e., they are trimers, with both α - helices and β-sheets, that 
dissociate into monomers. These proteins insert hydrophobic fusion 
loops into membranes and further oligomerize into post-fusion trimers 
[4,5] (Fig. 1A-Class III).

Fusion peptides, typically 20–30 residues long, exhibit moderate 
hydrophobicity, and are characterized by a high content of glycine (Gly) 
and alanine (Ala) residues. In most cases, they also contain aromatic 
residues, such as Tryptophan (Trp), and usually exhibit high flexibility, 
as the fusion process imparts a significant conformational rearrange
ment on the fusion proteins [1,2,4]. Within different virus families, FPs 
can display substantial sequence and structural diversity. However, 
conservation is observed within virus families, and mutations often 
result in a loss of function [4,6]. The locations of the FP within the viral 
fusion proteins vary depending on the VFP class (Fig. 1B). FPs from Class 
I are located at the post-proteolytic N-terminal tip of the fusion protein, 
while class II fusion proteins have an internal FL and class III fusion 
proteins usually have bipartite FLs [1,2].

The significance of VFP and their FP in membrane fusion underscores 
their potential as therapeutic targets. They play a crucial role in the 
development of protective vaccines and the design of novel fusion in
hibitors for pathogenic enveloped viruses [1–3]. Moreover, 

understanding the fusion process can contribute to the development of 
strategies to efficiently deliver molecules and genes into target cells [1].

Laboratory-based efforts to define and characterize FP sequences are 
labor-intensive and costly, making bioinformatics tools indispensable in 
this endeavor. Given the observed conservation of these peptides within 
families, sequence alignment strategies, such as BLAST and Clustal, have 
been commonly used [2]. However, these tools are limited when it 
comes to identifying FP in VFP, lacking overall sequence homology with 
known templates or in viruses that have not been extensively studied. To 
address this challenge, methods not solely reliant on similarity are 
essential for the identification of new putative fusion peptides. In light of 
recent advancements in Artificial Intelligence (AI) applied to protein 
sequence analysis, Machine Learning (ML) methods may emerge as 
valuable tools for studying VFPs. Wu et al. developed a method that 
combined Hidden Markov Models (HMM) with similarity comparison to 
predict FP specifically from retroviruses, and this approach was further 
enhanced using a Support Vector Machine (SVM) model [7,8]. However, 
these approaches were limited in scope, focusing exclusively on retro
viruses and not on the broader spectrum of enveloped viruses. Moreover, 
they relied heavily on similarity-based features, making them less 
effective for identifying FPs that lack significant identity or similarity to 
known sequences. In a significant development, Moreira et al. [2] pre
sented the first ML models capable of predicting FP across all VFP classes 
and families. However, these initial models exhibited limited specificity, 
highlighting the need for the development of more effective computa
tional methods for fusion peptide detection.

In this study, we employ various approaches to identify FP regions 
within VFPs. To identify the subsequence of the FP within the larger 
sequence VFP, one can apply sliding window approaches, where over
lapping subsequences are generated and classified, or apply token 
classification methods, where each amino acid is classified as belonging 
or not to the fusion peptide. We utilize both approaches, in conjunction 
with shallow ML models, as well as deep learning (DL) techniques based 

Fig. 1. – A) Major features of viral fusion protein structure across the three major classes of fusion proteins on native state and upon connection to the target 
membrane (scheme created with BioRender). B) Structures of representative proteins from Class I - Influenza A hemagglutinin (PDB code 2YPG), Class II - protein E 
from the Dengue virus (PDB code 3J27) and Class III - protein G from Vesicular Stomatitis Virus (PDB code 2J6J) in the pre-fusion state. The images were built with 
PyMOL and the protein secondary structures are shown using a cartoon representation with the colours defined according to the scheme shown in panel A. C) Depicts 
the general location of the fusion peptide and loops inside the Fusion protein sequence. (For interpretation of the references to color in this figure legend, the reader is 
referred to the web version of this article.)
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on Recurrent Neural Networks (RNNs) and transformer architectures. To 
encode protein features, we explore different strategies including raw 
one-hot encoding, physicochemical features, and representations from 
the field of Natural Language Processing (NLP), such as word embed
dings (WE) and transformer representations. Over 50 combinations of 
models and features are investigated, yielding promising results.

We leverage the best-performing models to predict hypothetical FPs 
from SARS-CoV-2, aligning with the most recent literature. Additionally, 
we critically analyze annotated peptides from the existing literature. 
Notably, the top-performing models are based on an ESM2b trans
formers for token classification. Overall, our models demonstrate the 
ability to effectively predict the location of FPs, even in the case of vi
ruses that have not been extensively studied. The subsequent sections of 
this paper detail the generated datasets, the results obtained, and finally, 
an overview of the best models tested on the provided sequences. These 
results are discussed from both biological and computational 
perspectives.

2. Results

2.1. Viral fusion peptide dataset

The initial and crucial step involves constructing a reliable database 
containing both VFP and corresponding FP sequences. To accomplish 
this, FPs were sourced from ViralFP, an extensive database housing 
pertinent information on VFPs [2]. Subsequently, the dataset was 
curated to ensure its quality and accuracy. The final dataset comprises a 
total of 403 entries encompassing pairs of VFP and FP sequences, with 
216 distinct FPs. The difference in numbers arises from the inclusion of 
different VFPs in the dataset, even if they possess identical FP sequences.

Fusion proteins typically consist of approximately 400–500 amino 
acids, while the length of most fusion peptides falls within the range of 
20–25 amino acids. Regarding the distribution of viral fusion peptide 
classes, there are 261 peptides (142 excluding duplicates) belonging to 
Class I, 78 (48 excluding duplicates) to Class II, 27 (8 excluding dupli
cates) to Class III, and 37 with no attributed class (18 excluding dupli
cates). The most represented families within the dataset are 
Retroviridae, Flaviviridae, and Paramyxoviridae. In terms of fusion 
peptide similarity, out of the 403 sequences, 216 are found to be unique. 

To determine sequence similarity we utilized CDHIT [9]. Using a simi
larity cutoff of 90 % (with a word size of 5), 120 sequences clustered 
with less than 90 % similarity. Furthermore, there are 81 sequences with 
less than 80 % similarity and 40 sequences with 50 % similarity (with a 
word size of 3). The curated dataset is available in the study’s repository, 
along with a notebook containing statistical information and graphical 
representations pertaining to the dataset.

To assess various models for identifying FP, we created a hold-out 
dataset consisting of 10 sequences comprising paired VFP and FP se
quences. From the curated dataset, we determined sequence similarity 
at 80 %. Only sequences that are unique within their respective clusters 
were included, ensuring that no FP sequence with more than 80 % 
similarity appeared in both the training set and the hold-out dataset. We 
randomly selected 9 sequences and added the VFP sequence of SARS- 
CoV-2, which is still a matter of discussion with different segments 
having been proposed in the literature. A simplified overview of this 
dataset can be found in Table 1.

The limited size of the test dataset reflects the scarcity of experi
mentally validated FPs across all classes of enveloped viruses. While we 
curated the largest dataset available, future studies incorporating newly 
annotated FPs or experimentally validating novel predictions will be 
crucial to further enhance model robustness and generalizability.

With the training dataset and the holdout set, we took two ap
proaches. The first one was using a sliding window approach, where 
subsequences are derived from VFP and classified as being FP or not in a 
regular ML protein classification problem. We used as features several 
strategies, such as one hot encoding, physicochemical features, word 
embeddings and transformers encodings and we coupled these features 
with traditional ML and DL based on RNN models. The second approach 
was based on the use of token classification, where each individual 
amino acid is classified as belonging or not to the FP sequence. Fig. 2
depicts the overall scheme of the project. The following sections of this 
article go through each of these approaches and analyse their results and 
take aways.

2.2. Classification of segments with a sliding window approach

One approach for predicting subsequences within a larger sequence 
is the sliding window. This method offers the advantage of transforming 

Table 1 
Overview of the hold-out test dataset, stating the UniprotID, VFP name, class, family and species of the virus, number of AAs in the VFP, the FP sequence and its location 
within the VFP sequence.

UniProtID Name Class Family/Species Nºaa 
VFP

Sequence of the FP Sequence position 
of the VFep

P21443 Envelope glycoprotein I Retroviridae 179 PISLTVALMLGGITVGGMARN 2 – 22
Feline leukemia virus

Q81487 Genome polyprotein II Flaviviridae 193 LVAPPTLCSALYVEDAFGAVSL 
VGQAFTFRPR

75–107
Hepatitis C virus

Q68801 Genome polyprotein II Flaviviridae 192 MVGAATLCSALYVGDLCG 
ALFLVGQGFSWRHR

74–106
Hepatitis C virus

P36334 Spike glycoprotein S I Coronaviridae 595 LAATSASLFPPWTAAAGVPFY 205–226
Human Betacoronavirus 1

Q9QBZ4 Envelope glycoprotein 
gp160

I Retroviridae 
Human

346 AVGMGAVLFGFLGAAGSTMGA 1 – 21

immunodeficiency virus 1
Q9QSQ7 Envelope glycoprotein 

gp160
I Retroviridae 

Human
345 AAGLGALFLGFLGDSREHMGA 1 – 21

immunodeficiency virus 1
P07399 Pre-glycoprotein 

polyprotein GP complex
I Arenaviridae 233 GTFTWTLSDSSGVENPGGYCLTKWMILAAELKCFGNTAV 1–39

Lymphocytic choriomeningitis 
mammarenavirus

P35949 fusion glycoprotein F0 I Pneumoviridae 436 FLGLILGLGAAVTAGVALAKT 1–21
Murine pneumonia virus

Q8B0I1 G glycoprotein III Rhabdoviridae 511 [FRWYGPKY, CGYATVT] 86–94 
130–137Vesicular stomatitis virus

P0DTC2 Spike glycoprotein I Coronaviridae 588 - -
Human Coronavirus SARS- 
CoV− 2
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the problem into a conventional supervised learning problem. A window 
classifier, denoted as hw, maps input windows of size w to individual 
output values, denoted as y. The window classifier hw is trained by 
converting each sequential training example (Xi, Yi) into windows and 
applying a standard supervised learning algorithm. To classify a new 
sequence X, it is converted into windows, hw is applied to predict each Yt, 
and the predicted sequence Y is formed by concatenating the predicted 
Yt values.

However, this method has some limitations. It fails to exploit cor
relations among nearby Yt values. Only relationships that can be pre
dicted from nearby Xt values are captured, while correlations among Yt 
values that are independent of the Xt values are not captured [10].

In this approach, several important parameters need to be defined, 
including the window length w, the step size between each subsequence, 
and the strategy for building the classifier. This strategy encompasses 
other aspects such as the ratios of the generated datasets, the protein 
representation, and the classification model used.

In the specific context of predicting FP, the VFPs are sliced into 
subsequences using the sliding window approach. Segments that contain 
FP are labelled as 1, while subsequences that do not contain them are 
labelled as 0. Subsequences that include parts of FP and parts of non- FP 
are excluded from the dataset. Additionally, a border tolerance of 3 
amino acids is included at each end of the FP due to the ill-defined na
ture of the fusion peptide borders. A window length of 21 is commonly 
used, as it captures the majority of FP in the dataset and their charac
teristic length. A step size of 1 is employed to ensure that all possible FP 
subsequences are included. A schematic overview of the sliding window 
approach can be seen in Fig. 2 - A.

The next step is to construct the datasets for applying supervised 
classification strategies. These datasets consist of the subsequences 
generated by applying the above-defined sliding window approach. 
Since this approach generates a large number of subsequences, including 
a subset of closely related ones, it is necessary to apply a filter based on 
similarity. In addition to FP subsequences, Transmembrane domains 
(TMDs) were also included in the dataset due to their physicochemical 
similarities to FP. The objective was to ensure that these datasets are 

appropriate to train robust models that can predict the FP location 
within a given VFP and are able to distinguish FPs from TMDs despite 
the common properties shared by these segments. To ensure the data
set’s quality, negative subsequences, and TMDs were filtered out using a 
70 % similarity threshold. This filtering step aimed to avoid the inclu
sion of overly similar subsequences in the dataset. The 70 % similarity 
threshold was chosen empirically to balance sequence diversity and 
dataset size. This threshold ensures that sequences differ by at least six 
residues, minimizing redundancy while preserving a sufficient number 
of sequences for model training. As a result, the dataset consisted of 
5819 negative subsequences, 784 TMDs, and 207 positive subsequences, 
which represents a highly unbalanced dataset towards negative sub
sequences and TMDs (complete dataset).

To explore the influence of the positive-to-negative ratio, two addi
tional datasets were created. First, a dataset with a ratio of 1:2 was 
generated by randomly subsampling negative subsequences and TMDs 
from the original dataset (1 positive:1 negative subsequence: 1TMD) – 
Subsampled 1:2. Subsequently, a 1:1 ratio was created by randomly 
subsampling negative subsequences and TMDs from the second dataset 
(2 positive:1 negative subsequence: 1TMD) – Subsampled 1:1. By 
varying the positive-to-negative ratio, the impact of class imbalance on 
model performance could be examined. All models were then evaluated 
using the holdout dataset described earlier in the dataset section. Table 2

Fig. 2. Overview of the project approach. A) On the left: Schematic overview of the application of the sliding window approach. A sliding window of size w goes 
through the sequence. Subsequences that do not have an aa from the viral fusion peptide are considered negative. Subsequences that incorporate only aa’s from FP 
are considered positive and subsequences that contain a mixture of positive/negative are excluded. Subsequences annotated as transmembrane domains are also 
added, due to their similarity with FP; On the right: Feature extraction methods used and their coupling with ML and DL approaches. Physicochemical features are 
only employed with classical ML; word embeddings are tested using both classical ML and DL based on RNNs and transformers; ESM2b representations and one hot 
encoding are coupled with DL based on RNNs. B) On the left: overview on token classification, where each amino acid is classified as belonging or not to the FP; On 
the right: Feature representation and models used; for token classification, transformers based on ESM2b coupled with DL are used.

Table 2 
Description of the datasets created for the sliding window approach. Ratios of 
positive sequences, negative subsequences, and TMDs and ratios of positive vs 
negative sequences (negative subsequences and TMDS) are depicted.

Dataset 
name

Ratio Pos: 
NegSubseq: 
NegTMD

Ratio 
Pos: 
Neg

Positive 
subseq

Negative 
subseq

Negative 
TMD

Complete 1:28:4 1:32 207 5819 784
Subsampled 

1:2
1:1:1 1:2 207 231 207

Subsampled 
1:1

2:1:1 1:1 207 103 103
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describes these datasets, including the number of samples in each class 
and the positive-to-negative ratio.

To utilize peptide sequences in ML models, they need to be trans
formed into mathematical vectors. Protein representation plays a crucial 
role not only in developing effective predictive models, but also in 
gaining insights into the distinct characteristics of different proteins [11, 
12]. Various sequence representation schemes are commonly employed 
for this purpose, including physicochemical features [12–14], one-hot 
encoding [11,15,16], and embedding representations inspired by NLP 
[12,17–19].

Physicochemical features consider that the function or activity of a 
protein or peptide can be predicted from its physicochemical properties. 
These features can be computed solely based on the peptide sequence 
and encompass approaches, such as amino acid and pseudo amino acid 
composition. Physicochemical properties represent each amino acid 
using a set of physical properties (e.g., charge, hydrophobicity), and the 
entire protein is represented as a combination of these properties. 
Autocorrelation descriptors also capture physicochemical properties of 
amino acids at specific positions in higher dimensional protein space 
[12–14].

Another commonly used encoding method is sparse one-hot encod
ing, where each amino acid is represented as a one-hot vector of length 
20, with all positions except one set to 0. However, this method typically 
requires peptides or proteins to be of the same length for compatibility 
[11,15,16,20]. One-hot encoding does not require prior knowledge of 
amino acids or protein sequences, as it establishes relationships between 
amino acids solely during the model training process.

In recent years, feature representations inspired by NLP have shown 
promising results when applied to biological problems [17–19]. One 
such representation is based on WE applied to proteins, introduced by 
Asgari et al. [17]. ProtVec, based on the Word2Vec algorithm, splits 
protein sequences into k-mers to capture the context of these word 
representations, containing crucial information about the protein 
sequence. Asgari et al. trained the algorithm using 3-mers from all 
proteins in UniprotKB and publicly shared the corresponding weights for 
all trigrams. More recently, Evolutionary Scale Modelling (ESM) models, 
which adapt the complex transformer architecture, have demonstrated 
outstanding results in protein analysis [19,21]. These models leverage 
evolutionary information to capture protein sequence patterns and 
relationships.

Finally, ML and DL can be applied to the subsequences represented as 
features calculated by one of the methods above. Classical ML models 
have demonstrated good results in protein classification problems and 
include well-established models such as Support Vector Machines 
(SVM), Random Forest (RF), Gradient Boosting (GB), Logistic Regression 
(LR), Stochastic Gradient Descent (SGD), Gaussian Naïve Bayes (GNB), 
and K-nearest neighbours (KNN). These models are suitable for the small 
dataset size and the nature of FP, which suggest that physicochemical 
and handcrafted features are effective representations for classical ML 
[12,14].

DL models also offer a powerful approach. RNNs are particularly 
suited for modelling sequence data, as they process input sequences one 
element at a time, utilizing a loop to iterate over sequence elements, 
while maintaining an internal state [22]. Long Short-Term Memory 
(LSTM) networks, a type of RNN, can retain past information even when 
dealing with long sequences and have demonstrated superior perfor
mance compared to other RNN architectures. In the context of biological 
sequences, a model can benefit from processing the sequence both for
ward and backward, capturing the context surrounding each item, 
rather than just the preceding items. Bidirectional LSTMs have proven to 
be effective in capturing non-local and long-range relationships within 
protein sequences and are widely used in bioinformatics [20,23,24]. 
However, the limited size of the dataset poses a constraint on the use of 
DL models, and this limitation also impacts the use of one-hot encoding.

Considering the different protein representations and ML models, not 
all combinations were tested. Handcrafted physicochemical features 

were employed with traditional ML models. WE and the latest ESM 
model, ESM2b, were used with both classical ML models and LSTM 
networks. One-hot encoding was exclusively used with LSTM networks 
(Fig − 2 A). The results of these strategies are further described in the 
following subsections. Given the significant volume of models gener
ated, we focus our attention on combinations that surpass a threshold of 
5 accurately corrected test sequences (holdout dataset) and models that 
have the highest 10-fold Cross-validation (CV) scores (accuracy, preci
sion, recall, MCC, F1, and ROC-AUC above 0.8). These noteworthy 
combinations are then examined in greater detail. Comprehensive in
formation, including scores and predicted sequences from all models, 
can be accessed on the GitHub page.

The 10-fold CV scores for these models are depicted in Table 3. An 
overview of the test performance of the best models obtained by CV is 
shown in Fig. 3 and described in Supplementary Table 1. The perfor
mance metrics displayed describe the number of test entries for which a 
prediction: is generated; are correctly predicted and correspond to a 
unique prediction; are correctly predicted but do not correspond to a 
unique prediction; are incorrectly predicted.

2.2.1. Classification of subsequences with physicochemical features and 
machine learning

FP exhibit distinctive and well-defined physicochemical character
istics. Consequently, the initial approach involved calculating the 
physicochemical features of subsequences and utilizing them as input 
for various traditional ML models. Feature selection was performed by 
considering the top 50 % percentile of features, determined using the 
mutual information classification function. Both the selected feature set 
and the complete feature set were evaluated.

To optimize the ML models, hyperparameter tuning was conducted 
using grid search in combination with a 10-grouped k-fold strategy. The 
grouping was based on an 80 % similarity threshold among the sub
sequences, ensuring that sequences sharing more than 80 % similarity 
were consistently placed in the same fold.

Multiple ML algorithms, including SVM, RF, GB, LR, KNN, GNB, and 
SGD, were tested. The three distinct datasets described above, each with 
different positive-negative ratios, were employed for evaluation pur
poses. Table 3 displays the 10-fold CV scores, as well as the accuracy, 
precision, recall, MCC, F1, and ROC-AUC of the models for which all 
these metrics are above 0.80. In general, the models achieved very good 
performances. Models trained on the complete dataset tend to have low 
recall (0.55–0.70), and, thus, are not shown on the table. This is most 
likely due to the very low positive ratio, which results in a poor ability to 
recall positive instances. The datasets Subsampled with a ratio of 1:2 and 
1:1, on the other hand, achieve good results in all metrics, with the 
majority of the models achieving both precision and recall above 0.80.

The models trained with CV were then applied to predict the se
quences of the test subset (9 entries with annotations and the SARS-CoV- 
2 sequence), which had not been included in the training set. In general, 
models trained on the complete dataset tend to be unable to generate 
any predictions for the majority of the test sequences. However, these 
models consistently make correct predictions for test sequences Q9QBZ4 
and P35949. This aligns with the CV scores that already showed low 
recalls.

On the other hand, models trained on the dataset Subsampled 1:1 
ratio tend to generate predictions for the majority of cases presented in 
the test set. SVM-based models, in this case, make multiple predictions 
per sequence. While they do predict the correct FP sequences for some 
test cases, they produce incorrect predictions for other test cases, 
rendering them unsuitable for the problem at hand. GB models with 
mutual feature selection, as well as RF models with and without feature 
selection, achieve 5 or more correctly predicted test sequences and are 
discussed in more detail below.

Models trained with the dataset Subsampled 1:2 ratio predict more 
test sequences compared to the complete dataset, but fewer than the 
Subsampled 1:1 dataset. Additionally, these models do not tend to 
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generate more than one predicted subsequence per protein test 
sequence. The SVM and LR models with no feature selection demon
strate the best results, correctly predicting 5 test sequences. The best 
model was obtained with a dataset with a ratio 1:1, with no feature 
selection, and an RF model. This model correctly predicts 6 sequences 
(P21443, Q68801, P36334, Q9QBZ4, Q9QSQ7, and P07399), one 
sequence (P35949) contains two subsequences predicted, one correct 
and one incorrect. This model did not predict any FP sequence for two 
sequences (Q81487, Q8B0I1). The SARS-CoV-2 peptide (P0DTC2) has 3 
predictions, however, with a more conservative score (above 0.6 prob
ability) just one subsequence is predicted.

The model identifies several key features that are highly influential 
in making accurate predictions. The top features that contribute 

significantly to the model’s performance include hydrophobicity, and 
the amino acid composition of Glycine (Gly), Alanine (Ala), Serine (Ser), 
Threonine (Thr), Proline (Pro), Histidine (His), and Thyrosine (Tyr). 
Additionally, the composition of Gly, polarizability associated with the 
composition of Gly, Ala, Ser, Aspartic acid (Asp), and Threonine (Thr), 
molecular weight, and the Gly-Ala dipeptide composition are also rele
vant features. These findings underscore the model’s ability to capture 
meaningful biological representations to some extent, as the identified 
features align with some of the known important differentiating factors 
for FP.

An additional discussion of the best models is made in the Overview 
section.

Table 3 
Mean and standard deviation 10-fold CV scores for the models with accuracy, precision, recall, MCC, F1, and ROC-AUC above 0.80 and best performance test set 
models ML combinations that surpass a threshold of 5 accurately corrected test sequences (holdout dataset) for all the combinations using a sliding window strategy.

Sequence representation/ feature selection Dataset model CV scores (10 stratified group kfold) mean and std

accuracy precision recall MCC F1 ROC AUC

Physicochemical Mutual Subsampled 1:2 RF 0.93 ± 0.04 0.95 ± 0.04 0.81 ± 0.11 0.83 ± 0.08 0.87 ± 0.06 0.89 ± 0.06
Mutual Subsampled 1:2 SVM 0.94 ± 0.04 0.96 ± 0.05 0.85 ± 0.11 0.86 ± 0.09 0.89 ± 0.07 0.92 ± 0.06
None Subsampled 1:2 GB 0.94 ± 0.03 0.92 ± 0.03 0.87 ± 0.11 0.86 ± 0.08 0.89 ± 0.07 0.92 ± 0.06
None Subsampled 1:2 Linear SVM 0.93 ± 0.02 0.88 ± 0.06 0.89 ± 0.07 0.84 ± 0.06 0.88 ± 0.05 0.92 ± 0.03
None Subsampled 1:2 LR 0.94 ± 0.03 0.99 ± 0.02 0.81 ± 0.11 0.86 ± 0.07 0.89 ± 0.07 0.90 ± 0.05
None Subsampled 1:2 SVM 0.95 ± 0.03 0.98 ± 0.04 0.83 ± 0.10 0.86 ± 0.07 0.89 ± 0.06 0.91 ± 0.05
Mutual Subsampled 1:1 GB 0.92 ± 0.05 0.95 ± 0.05 0.89 ± 0.09 0.85 ± 0.10 0.91 ± 0.05 0.92 ± 0.05
Mutual Subsampled 1:1 RF 0.91 ± 0.06 0.94 ± 0.06 0.85 ± 0.11 0.82 ± 0.12 0.89 ± 0.06 0.90 ± 0.07
Mutual Subsampled 1:1 SVM 0.93 ± 0.03 0.96 ± 0.05 0.88 ± 0.10 0.86 ± 0.07 0.92 ± 0.06 0.92 ± 0.04
None Subsampled 1:1 RF 0.91 ± 0.06 0.95 ± 0.07 0.84 ± 0.11 0.81 ± 0.12 0.89 ± 0.09 0.90 ± 0.06
None Subsampled 1:1 SVM 0.92 ± 0.04 0.97 ± 0.05 0.85 ± 0.10 0.84 ± 0.09 0.90 ± 0.07 0.91 ± 0.05

Word embedding method3 Complete SVM 0.99 ± 0.00 0.95 ± 0.04 0.64 ± 0.17 0.77 ± 0.11 0.75 ± 0.13 0.82 ± 0.08
method3 Complete KNN 0.99 ± 0.01 0.88 ± 0.12 0.81 + ± 0.14 0.84 ± 0.12 0.84 ± 0.12 0.90 ± 0.07
method3 Subsampled 1:2 RF 0.88 ± 0.06 0.91 ± 0.08 0.66 ± 0.18 0.70 ± 0.15 0.75 ± 0.14 0.82 ± 0.09
method3 Subsampled 1:2 SVM 0.92 ± 0.03 0.90 ± 0.09 0.82 ± 0.12 0.81 ± 0.07 0.85 ± 0.07 0.89 ± 0.05
method3 Subsampled 1:1 SVM 0.92 ± 0.06 0.93 ± 0.06 0.86 ± 0.13 0.82 ± 0.13 0.89 ± 0.09 0.90 ± 0.07
method1 Subsampled 1:1 RF 0.83 ± 0.12 0.96 ± 0.10 0.64 ± 0.24 0.67 ± 0.22 0.75 ± 0.21 0.81 ± 0.12
method1 Complete LSTM2 0.99 ± 0.00 0.95 ± 0.06 0.64 ± 0.18 0.77 ± 0.10 0.75 ± 0.12 0.82 ± 0.09
method1 Complete LSTM5 0.99 ± 0.00 0.83 ± 0.13 0.68 ± 0.22 0.74 ± 0.16 0.73 ± 0.17 0.84 ± 0.11

ESM2b T68M Subsampled 1:2 RF 0.91 ± 0.05 0.93 ± 0.07 0.75 ± 0.14 0.77 ± 0.12 0.82 ± 0.10 0.86 ± 0.07
T68M Subsampled 1:1 SVM 0.89 ± 0.06 0.91 ± 0.07 0.83 ± 0.12 0.76 ± 0.13 0.86 ± 0.10 0.88 ± 0.07

Fig. 3. Analysis of the predictions in the test set of the best models described in Table 3 applied to test sequences (holdout dataset). For the set of 9 sequences that 
were used for testing, the metrics presented for each model represent the number of sequences for which: a prediction was generated (column name "Prediction 
generated"), only one prediction was generated and was correct (column name "Correct and unique"), several predictions were generated including the correct one 
(column name "Correct but not unique"), all the generated predictions were incorrect (column name "Incorrect"). The information is represented as table in Sup
plementary Table 1.
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2.2.2. Classification of subsequences with one-hot encoding and deep 
learning

Subsequently, we explored the approach of encoding subsequences 
as one-hot vectors and feeding them into LSTM-based networks. We 
conducted extensive tests, varying the architecture by experimenting 
with different numbers of layers, units, and bidirectional configurations, 
and incorporating attention mechanisms. Unfortunately, both the 
training and test scores obtained from this approach were consistently 
low, indicating that it was not fruitful to pursue further. These models 
tend to have high accuracies (above 0.8) and low recalls and MCCs (0.6 – 
0.7); on the test set, they also tend to predict a high number of subse
quence as being FP. A potential explanation for these results lies in the 
extremely limited size of the dataset. It appears that the dataset’s small 
scale does not provide sufficient information for DL models to learn 
meaningful representations of the amino acid sequences when using 
one-hot encoding alone. Consequently, the DL models struggle to 
generate substantial and reliable predictions due to the lack of addi
tional information in the encoding process.

2.2.3. Classification of subsequences with NLP features using machine and 
deep learning

Considering the successful application of NLP to protein classifica
tion, we aimed to evaluate the effectiveness of WE and ESM, pretrained 
language models for proteins in conjunction with classical ML and DL 
methods.

Starting with WE and given the limited size of our dataset, we 
employed the pre-trained protein WE model Protvec [17]. This model is 
trained on amino acid trigrams and yields a 100-dimensional vector 
representation. There are various approaches to applying WE, and for 
our study, we adopted the most used techniques from the literature. The 
first approach involves substituting each trigram in the sequence with its 
corresponding 100-dimensional vector, resulting in a final vector of 
dimension 100 * (sequence length - 2). This approach is suitable for both 
ML and DL models as it preserves token sequence and positional infor
mation. The second approach entails counting the occurrences of all 
trigrams, multiplying each trigram by its occurrence count, and sum
ming them to generate a final protein vector of dimension 100. This 
approach is more suitable for ML models [25].

Initially, WE using the second approach was applied to obtain a 100- 
dimensional feature representation for each sequence. Subsequently, 
these features were utilized as input for ML models following the same 
strategy described earlier.

Overall, the performance of these models was inferior to that of 
models utilizing physicochemical features. Considering the CV scores, 
these models consistently obtain lower metrics when compared to 
models based on physicochemical features, especially considering recall, 
MCC, and the F1 score. Table 3 depicts the scores of models with scores 
above 0.80 in all metrics, scores obtained with complete dataset and 
SVM and dataset subsample 1:2 with RF were included due to their 
better performance in the test set.

Considering the test set, the majority of these models tended to 
predict multiple subsequences per protein. Similarly to the 
physicochemical-based models, the ones trained on the dataset Sub
sampled 1:1 predict multiple subsequences, and, in contrast, the ones 
trained on the complete dataset predicted fewer subsequences overall. 
The bad performance in the test set accompanies the tendency of the 
weaker results in the CV models. Considering the test set, two models 
should be highlighted, which demonstrated 5 correctly predicted test 
sequences. The first model was trained on the complete dataset with 
SVM. The second model was trained on the dataset subsampled 1:2 ratio 
and employed RF. These models are probably not consistent, as the 
standard deviation is above 0.1, which could explain why metrics 
relatively lower in CV scores could produce better results in the test set.

Furthermore, we decided to apply the first WE method, which in
volves representing each amino acid trigram with a 100-dimensional 
vector, to shallow ML models. The CV scores were low overall, with 

just one model (dataset Subsampled 1:1 and SVC) achieving more than 
0.80 in all metrics. In general, the models show standard deviations in 
the metrics above 0.1, which may represent some instability. The rest of 
the models, although with high precisions have recalls ranging from 0.5 
to 0.7. Considering the test set, as anticipated, these models exhibited 
overall lower performance and predicted multiple subsequences for 
proteins. Among these models, the best-performing one was based on 
the dataset Subsampled 1:1, utilizing RF, with 6 correct predictions 
(Q81487, Q68801, Q9QBZ4, Q9QSQ7, P07399, and P35949), and one 
correct with a second wrong prediction (P36334). This model did not 
make any predictions for 2 sequences (P21443, Q8B0I1). Additionally, 
this model made three subsequence predictions for the SARS-CoV-2. 10- 
fold CV scores for these models are depicted in Table 3. The model 
achieving best CV scores, identified a significant part of all of the test 
sequences as corresponding to the FP and was discarded.

Finally, we explored the application of WE using the first method, 
which retains positional information, in combination with RNNs. Spe
cifically, we tested various configurations utilizing LSTM models with a 
varying number of layers, units, bidirectionality, and attention mecha
nisms (refer to the methods section for a detailed explanation). These 
models produced good results with precisions ranging from 0.83 to 0.95 
and recall significantly lower from 0.60 to 0.68. Similarly to the previ
ous WE-based models, the standard deviation is high showing some 
fluctuations in the models. Considering the test set, two models should 
be highlighted, both using the Complete dataset that achieved 5 
correctly predicted sequences from the test set: LSTM network with 2 
layers of LSTM (64 and 32 units), followed by a dense layer with 32 units 
and a final classification layer and a network composed of 2 bidirec
tional LSTM (128 and 64 units), followed by an attention mechanism 
and a dense layer with 64 units and a final classification layer. These 
models, with slight variations in the positions of the start and end of the 
predicted peptides, achieved correct predictions for 5 sequences 
(P21443, Q68801, Q9QBZ4,Q9QSQ7, and P07399), did not predict any 
subsequence on 2 sequences (Q81487 and Q8B0I1), and wrongly pre
dicted one sequence (P36334). Both propose 1 FP for SARS-CoV-2.

Deriving from the exceptional results reported in the literature, we 
also explored the utilization of the Transformer protein language models 
from the Meta Fundamental AI Research Protein Team, namely the state- 
of-the-art ESM-2, which is shown to outperform all tested single- 
sequence protein language models across a range of prediction tasks 
[19,21] for feature representation. We experimented with feeding the 
sequence representations from two different models: the smaller model 
with 6 layers and 8 million parameters (T68 M) and the larger model 
with 33 layers and 650 million parameters (T33650M). These repre
sentations were fed into ML (RF, SVM) and DL models based on LSTM. 
Using ML models achieved better scores both in CV scores and the test 
set, this may be explained by the already complex features and with a 
very small dataset. Considering the ML models, the precision models 
ranged from 0.85 to 1 with recall from 0.66 to 0.83.

Considering the hold-out set, these models tended to predict multiple 
subsequences per sequence and did not perform well. Just two models 
achieved at least 5 correct predictions. The dataset with 1:1 ratio, rep
resentations from T68M and SVC, and the dataset with 1:2 ratio, rep
resentations from T68M and RF.

Next, we attempted to employ LSTM-based models using the repre
sentations from T68M and T33650M. To accommodate for the recurrent 
nature of these models, we utilized a representation size of 23 * 1280, 
rather than taking the mean representation per sequence. We tested both 
sequence and contact representations. However, these models did not 
surpass the performance of previous strategies and tended to predict 
multiple subsequences per protein. Consequently, we did not explore 
this approach further.

Furthermore, we conducted finetuning experiments on both T68M 
and T33650M for 3 epochs using all three datasets. Unfortunately, none 
of these models achieved a minimum of 5 correctly predicted sequences. 
Given that the models were already displaying signs of overfitting, 
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extending the fine-tuning duration was not considered. The poor per
formance observed when utilizing these complex representations in 
conjunction with deep learning can be attributed to the limited size of 
the dataset and the high similarity among many positive sequences. 
These factors further reduce the diversity of the dataset, making it 
challenging for these models to learn effectively.

2.3. Classification of fusion peptides with token classification

Deriving from the success of ESM we applied it to token classifica
tion. Instead of classifying an entire sequence, we categorized each 
amino acid token as belonging or not to a FP. To perform this task, and 
similarly to the classification of segments, we used the ESM2 T6 8 M 
UR50D model and the ESM2 T12 35 M [19,21] as previously.

We fine-tuned the ESM2 models with the fusion peptide dataset for 
different epochs, ranging from 3 to 30 for ESM2 T6 8 M and 3–20 for 
ESM2 T12 35 M UR50D. Subsequently, we evaluated the models on the 
holdout dataset with 10 test sequences. Notably, these models out
performed the sliding window approach models by a significant margin. 
It is worth noting that increasing the complexity of the models did not 
seem to improve the classification performance and considering the 
computational requirements of the remaining ESM models, we focused 
on testing these two variants.

In token classification tasks, masked accuracy is a common evalua
tion metric. It measures how accurately the model predicts the correct 
class labels for the masked tokens in the sequence. It focuses on the 
performance of the model when dealing with partially observed or 
hidden information. All the models achieve similar scores in training, 
with epochs and model size not having significant differences. However, 
it is worth noting that model T12 considerably takes more time to run. In 
the same way, the improvement of results is not significative with 
increasing the number of epochs of training. Supplementary Table 2
shows the masked accuracy scores and loss of the training process.

In the test set, the models achieved outstanding performance, with 
the majority getting 7 out of 9 right predictions. Table 4 further explores 
the Jaccard index scores individually for each test sequence).

Considering the holdout test, all the models performed very similarly 
with some variations on the beginning and ending of the fusion peptides. 
However, as discussed above, the borders of these peptides are not fully 
established, and one should take that into consideration when looking at 
the results. In terms of model, using the smallest ESM2b model T6 8 M 
yielded overall better results with significantly less time running and 
computer resources needed. The model with the best trade-off between 
scores and time of computing. was the ESM2b T68M fine-tuned for 20 
epochs. To represent the predictions of this model on the test sequences, 
Fig. 4 depicts the 10 VFP with the annotated FP in Bold and underscored; 
each amino acid residue in the sequence is coloured accordingly to the 
score of the model as belonging to the FP (red high probability). In the 
figure, it is possible to note how this model, with exception of sequences 

Q8B0I1 and P36334, can identify FP inside the VFP and without pre
dicting other sequences.

The majority of the models got right the sequences P21443, Q81487, 
Q68801, Q9QBZ4, Q9QSQ7 and P35949 and a part of the peptide of 
sequence P07399. The peptide Q8B0I1, is not only not correctly pre
dicted in any of the models, but no model makes a single prediction on 
this peptide. Regarding the sequence P36334 from Spike glycoprotein S 
of the Human Coronavirus, the majority of the token classification 
transformers (except the T68M finetuned for 3 epochs) predicted this 
sequence (with some minor variations) to be ’SKASSRSAIEDLLFDK’, 
position 140–156, instead of the annotated ’LAATSASLFPPW
TAAAGVPFY’, position 206–226. Interestingly, we note that both ho
mologous regions in SARS-CoV-2 have been postulated as corresponding 
to the fusion peptide.

The last sequence to be tested was the Spike glycoprotein from SARS- 
CoV-2. Scores will be discussed in the next section, given that there is no 
consensus regarding the region that corresponds to the FP in this virus. 
All the transformer models predicted a FP for this fusion protein. 
Although with some variation on the start and end amino acid residues, 
the sequence that was most often predicted is ’QIYKTP
PIKDFGGFNFSQI’. A more detailed discussion of the predictions of all 
models can be seen in the next section.

2.4. A biological perspective on the predictions on test sequences

Finally, we conclude and examine patterns from the predictions of 
the test sequences made by the models that achieved more than 5 correct 
predictions. In total, we analysed 21 models for both sliding window 
approach (5 based on physicochemical features, 5 based on WE and 2 on 
ESM2b), and token classification approach (9 transformers models). 
Through this analysis, we aim to identify commonalities and patterns in 
the successful predictions across these diverse approaches.

Sequence Q9QBZ4, a glycoprotein class I from Retroviridae is 
correctly predicted in all 22 models. However, models based on a sliding 
window approach with WE tend to extend the end of this peptide. 
Sequence Q9QSQ7, also a glycoprotein class I from Retroviridae, is 
predicted correctly on 21 of the models with one model (sliding window 
with dataset ratio 1:1, f. selection andGB) not predicting any subse
quence. Sequence P21443, an Envelope glycoprotein class I from a virus 
from the same family (Retroviridae) was correctly identified by 20 
models and led to no predictions by 2 models (sliding window approach 
with WE for both datasets all, WE method3 andSVM and dataset half, 
WE method1 and RF).

Sequence P35949, a fusion glycoprotein from class I and family 
Pneumoviridae was predicted correctly in 18 of the models. 4 of the 
models (sliding window, physicochemical dataset half with and without 
feature selection and RF and WE method 1, dataset all with LSTM) 
predict 2 subsequences for this protein, the correct annotated peptide, 
and a second fusion peptide, with differences in the terminals of the 

Table 4 
Jaccard index for the 9 test sequences obtained with token classification with ESM2b T68 M and T12 models finetuned with 3,5,10,15 and 20 epochs. The model with 
the best trade-off between scores and time of computing. was the ESM2b T68 M fine-tuned for 20 epochs (bold).

Jaccard index Test Sequences

Model Epoch P21443 Q81487 Q68801 P36334 Q9QBZ4 Q9QSQ7 P07399 P35949 Q8B0I1

T68 M 3 0.86 0.66 0.91 0.05 0.95 0.76 0.85 0.95 0.00
T68M 5 0.86 0.91 0.94 0.00 0.95 0.76 0.64 0.95 0.00
T68M 10 0.86 0.91 0.94 0.00 0.95 0.76 0.77 0.95 0.00
T68M 15 0.90 0.75 0.94 0.00 0.95 0.76 0.56 0.95 0.00
T68M 20 0.90 0.72 0.94 0.00 0.95 0.86 0.69 0.95 0.00
T68M 30 0.90 0.63 0.91 0.00 0.95 0.81 0.74 0.95 0.00
T12 3 0.77 0.78 0.88 0.24 0.95 0.76 0.62 0.95 0.00
T12 5 0.77 0.75 0.94 0.00 0.95 0.81 0.49 1.00 0.00
T12 10 0.91 0.84 0.94 0.00 0.95 0.95 0.46 0.95 0.00
T12 15 0.90 0.13 0.94 0.00 0.95 0.67 0.49 0.95 0.00
T12 20 0.90 0.00 0.94 0.00 0.95 0.81 0.49 0.95 0.00
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Fig. 4. Predictions of the transformer ESM2b T68M fine-tuned for 20 epochs on the test sequences. Annotated FP are underlined. Predictions on each amino acid 
residue are depicted from white to red (high probability of belonging to FP). (For interpretation of the references to color in this figure legend, the reader is referred 
to the web version of this article.)
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peptide, ’LTSIVGGMAVSAGQKEIMLSSKA’.
Sequence P07399, a glycoprotein, from class I belonging to the 

family Aeroviridae, had 18 models correctly predicting the sequence and 
4 models that did not predict any sequence. It is worth highlighting that 
the majority of these models, although correctly predicting the 
sequence, do not predict the entire sequence. Sliding window ap
proaches miss several amino acid residues in the C-terminus of the 
peptide whereas, token classification models predict that the sequence 
starts 10–15 amino acid residues after (except the T68M with 3 epochs) 
when compared to the annotated one. One possible explanation is 
related to the biology of the FP itself. Considering the closeness to the 
VFP from Lassa virus, also from the arenavirus family, it is possible that 
the FP may contain two distinct components: an N-terminal fusion 
peptide (GTFTWTLSDSSGVENP), and an internal fusion loop 
(GGYCLTKWMILAAELKCFGNTAV) [26]. This would indicate that 
transformer token classification models may be depicting the internal 
fusion loop to the detriment of the N-terminal fusion peptide while the 
sliding window approaches favour the N-terminal fusion peptide.

Sequence Q68801 is a class II envelope glycoprotein from a virus 
belonging to the Flaviridae family. The fusion peptide from this protein 
was correctly predicted by 17 models, 1 model predicted the corrected 
sequence but with other subsequences and 4 models did not generate 
any prediction for this test case. Sequence Q8148, which is also a class II 
fusion protein from class II from a virus belonging to the same family, 
represented a more challenging case, being correctly predicted 12 times. 
9 models did not achieve any prediction and 1 model predicted a wrong 
sequence. All the models from the token classification correctly pre
dicted sequence Q68801. Sequence Q81487 was only depicted wrongly 
in the token classifier from T12 fine-tuned by 15 epochs predicting only 
3 AAs (however corresponding to the correct FP). This may indicate that 
token classification is more effective in predicting peptides from class II, 
which is again consistent with their ability to predict internal fusion 
peptides.

Sequence P36334 is a spike glycoprotein from class I from Corona
viridae. Only 3 models, based on physicochemical and RF models, 
achieved correct prediction and 2 models did not generate any predic
tion. 16 models wrongly predicted the fusion peptide for this test case (5 
of these with 2 subsequences predicted) and 1 model predicted 2 sub
sequences being one the correct one and the second the same predicted 
in the models that failed the prediction. The models tend to predict the 
sequence SKASSRSAIEDLLFDK (with some models extending the pep
tide to the subsequence SKASSRSAIEDLLFDKVKLSDVGFV), position 
140–156, instead of the annotated ’LAATSASLFPPWTAAAGVPFY’, po
sition 206–226. It is very interesting to note that the homologous 
sequence to "SKASSRSAIEDLLFDKVKLSDVGFV" in SARS-CoV-2 has 
been shown to be important for membrane fusion as is considered the 
fusion peptide by some authors.

Regarding the peptide Q8B0I1 that belongs to Vesicular stomatitis 
virus (VSV), it is not correctly predicted in any of the models and 3 
models are able to generate predictions for this test case, which places it 
as a particularly difficult test case. The FP of VSV is not widely accepted 
and remains a subject of scientific debate. Here, we considered the ex
istence of bipartite fusion loops as described in [27]. The location of this 
peptide has been difficult owing to the lack of an obvious stretch of 
suitable residues in its primary sequence [28] and was only validated 
with joint high-resolution protein structure and mutagenesis assays, 
with the structural differences of this peptide resulting in it being 
considered a novel “class III” fusion protein [27,28]. This arrangement 
of hydrophobic loops is highly reminiscent of the fusion loop of a class II 
fusion protein. However, the hydrophobic amino acid residues are 
shared over two non-contiguous loops, instead of in a contiguous stretch 
of primary sequence as class II [27]. Furthermore, evidence suggests that 
other elements of the VSV G protein, such as the transmembrane region 
are crucial for membrane fusion [29]. The authors envisioned that 
because of the bipartite nature of the peptide, the only one in the 
database, and the significant differences with other peptides pose 

significant challenges to our models. Furthermore, class III is 
sub-represented in the dataset. Cases like this would greatly benefit from 
training with a larger dataset and bring space for the improvement of 
our models.

The last sequence to be tested was the Spike glycoprotein from SARS- 
CoV-2. Scores are not presented, since there is still some debate 
regarding to which segment is the actual fusion peptide in this protein. 
All the transformer models predicted a fusion peptide for this protein. 
Although with some variation on the start and end amino acid residues, 
the peptide most predicted is "QIYKTPPIKDFGGFNFSQI" from positions 
103–121 of the fusion protein. 3 of the models extend the prediction 
including more residues in the beginning and at the end of the sequence: 
IYKTPPIKDFGGFNFSQILPDPSKPSKRSFIEDLLFNK.

Furthermore, the sliding window approach models based on physi
cochemical features tend to overpredict this peptide, with several sub
sequence predictions.

We note that several regions have been proposed to act as the SARS- 
CoV-2 fusion peptide. Currently, the most accepted hypothesis is that the 
sequence “SFIEDLLFNKVTLADAGFIKQYGDCLGDIAARDLICAQKF” that 
spans from residues 816–855 in the full length protein (residues 1–40 in 
the post-cleavage S2 subunit) corresponds to the SARS-CoV-2 fusion 
peptide [30] and it is now apparent that this region is important for 
fusion (it is here designated as SCV2-FP1). Other studies consider than 
only a sub-segment within SCV2-FP1 (residues 816–840) –here desig
nated SCV2-FP1_short - corresponds to the SARS-CoV-2 fusion peptide 
[31]. It has also been considered that the region spanning residues 
816–855 contains two fusion peptides: one that encompasses residues 
816–837 and another that comprises residues 835–855 and this is the 
annotation that is followed in some sequences deposited in UniProt (e.g. 
Uniprot ID P0DTC2).

On the other hand, findings from other studies indicate that the 
sequence “MIAQYTSALLAGTITSGWTFGAGAALQIPFAMQMAYRF”, 
corresponding to residues 867–905 (residues 52–90 in the post-cleavage 
S2 subunit) – here designated SCV2-FP2 - displays a higher propensity to 
interact with the membrane and promote membrane leakage and lipid 
mixing than SCV2-FP1_Short [32]. The same study also investigated an 
alternative fusion peptide upstream of the furin cleavage site, which also 
has fusogenic activity but is located in the S1 subunit, which makes it 
unlikely that it will act as the fusion peptide in the biological context. 
Cryo-EM studies show that SCV2-FP2 interacts with the membrane and 
also find that the SCV2-FP1 does not seem to be crucial for fusion, as 
introducing multiple substitutions in this region does not abolish 
membrane fusion [33].

Overall, these results indicate that there is still a high uncertainty 
regarding to which region is actually playing the role of the fusion 
peptide in the SARS-CoV-2 fusion protein. Some of our predictions are in 
line with the studies that claim that the sequence “SFIEDLLFNKVTLA
DAGFIKQYGDCLGDIAARDLICAQKF” that spans from residues 816–855 
is the SARS-CoV-2 fusion peptide, which indicates that our methods 
detected patterns in this sequence that are compatible with such a role. 
Nonetheless, further experimental studies are needed to further clarify 
this matter. This test case showcases the uncertainties that exist when 
defining fusion peptides, posing difficult challenges to predict tools such 
as the one presented here.

Overall, the models are able to classify fusion peptides belonging to 
proteins from class I and class II and struggle with class III. Considering 
the predictions from models based on transformers, just one sequence 
(out of the 6) from class I got misclassified, while the only protein on the 
test set from class III was not correctly predicted by any model. This may 
be due to the particularities of the sequence itself and also because class 
III peptides are underrepresented in the dataset. Furthermore, sliding 
window approaches and token classification models, predict different 
peptides in some sequences, which highlights the different characteris
tics learned by the models. In general, token classification models 
outperform sliding window approaches.
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3. Discussion

Prediction of viral fusion peptides is a challenging task, but crucial 
for understanding fusion processes and identifying potential therapeutic 
targets. Currently, these peptides are either identified through costly lab 
work or by comparing them to existing peptides. This limited avail
ability of information creates a bias towards certain virus groups. 
Therefore, a sequence-based prediction method for fusion peptides 
would be highly valuable, enabling faster identification across multiple 
viruses.

In this study, we explored different approaches: sliding windows 
with various feature encodings and machine learning models, as well as 
token classification using state-of-the-art transformer models and using 
a holdout dataset to compare both approaches. We recognize that using 
a small holdout set of 10 test sequences, while not optimal for comparing 
a large number of models, was necessary given the limited data avail
able. We opted for a more qualitative study, focusing on evaluating the 
models’ behaviors and understanding their limitations in the context of 
sparse data. This approach allowed us to gain insights into where the 
models may struggle due to the incomplete or insufficient data, even if 
the results may not be fully generalizable.

Overall, the transformer ESM2b token classification outperformed 
the sliding window approach. However, certain sliding window strate
gies, particularly those based on physicochemical features, showed 
promising results that were comparable to token classification. This can 
be attributed to the distinct physicochemical properties exhibited by 
these peptides. DL approaches coupled with sliding window approach 
did not yield satisfactory results, likely due to the limited dataset size.

The best models performed well on the low-similarity test sequences, 
indicating their potential usefulness across diverse viral protein se
quences. All predicted sequences were also tested for TMDs, as fusion 
peptides share similar properties. Even when incorrect sequences were 
predicted, our models did not overlap with TMD sequences, demon
strating their ability to distinguish between these categories.

The models are able to classify fusion peptides belonging to proteins 
from class I and class II, while struggling with class III proteins, likely 
due to unique sequence characteristics and underrepresentation in the 
dataset.

The best models developed in this work, one of the first in the 
literature to propose fusion peptide detection, exhibit outstanding per
formance in predicting fusion peptides within the context of fusion 
proteins. They can suggest initial sequences for experimental validation, 
reduce costs, aid in fusion protein research, and identify fusion peptides 
in dissimilar sequences. These predictions may also challenge existing 
assumptions in the literature, generating new hypothesis that can be 
tested in the wet lab. To further enhance these models, enlarging the 
dataset and enriching underrepresented viral families and fusion protein 
classes would be crucial. Incorporating evolving transformer models and 
exploring alternative encoding schemes or hidden Markov models could 
also improve fusion peptide detection. Additionally, leveraging struc
tural features, considering the availability of protein structure predic
tion models like AlphaFold [34], could be of interest.

4. Conclusion

Identification of fusion peptides poses significant scientific chal
lenges, relying on costly experimental work, while most current bioin
formatics approaches are limited by homology methods that overlook 
fusion peptides lacking sequence similarity or those from unexplored 
viruses. In this study, we explore diverse techniques to detect fusion 
peptides within fusion protein sequences, employing strategic ap
proaches and protein representations. Our models demonstrate high 
performance in accurately identifying fusion peptides within viral fusion 
proteins. Notably, physicochemical sliding window approaches and 
transformer-based token classification models exhibit remarkable per
formance, with the latter showing superior results. We conducted a 

rigorous evaluation of the models and provided biological insightful 
observations on annotated fusion peptides. These results emphasize the 
potential for improvement, particularly when a completer and more 
updated dataset is made available. The curated dataset and the models 
presented make a significant contribution to this field, offering re
searchers a valuable tool to identify fusion peptides, comprehend fusion 
mechanisms, and develop targeted therapeutic interventions.

5. Methods

5.1. Viral fusion peptide dataset

Viral fusion peptides were obtained from the ViralFP database, 
accessible at https://viralfp.bio.di.uminho.pt/ [2], on April 28, 2022. 
From the initial dataset comprising 743 rows, entries without FP were 
removed. Additionally, FP entries with parentheses and those with 
similar FP with minor variations in the beginning and end letters were 
excluded, keeping the entry most curated or the largest one. This was 
made as the terminals of FPs are not well defined. Entries with both 
similar VFP and FP were removed, while entries with equal FP but with 
different VFP were kept. Entries with very incomplete information were 
also removed. Modification was made to entry 179, replacing the 
glycoprotein G from Vesicular stomatitis Indiana virus with a double 
viral fusion peptide [FRWYGPKY CGYATVT], as demonstrated by Sun 
et al. [28], and updating the fusion protein to Uniprot entry Q8B0I1. The 
final curated dataset consists of 403 entries, including 257 unique fusion 
peptides. The curated dataset and a notebook providing statistics and 
characterization of the dataset are available in the repository.

5.2. Construction of the hold-out dataset

To evaluate the different methods, a holdout dataset of 10 entries 
with VFP and FP was created. To achieve this, entries without VFP were 
excluded from the curated dataset. Using CDHIT [9], sequence similarity 
at 80 % was calculated, and only sequences that were unique within 
their cluster were considered. This ensured that no fusion peptide with 
more than 80 % similarity appeared in both the training set and the 
hold-out dataset. From these sequences, 9 entries were randomly 
sampled. In addition to these nine sequences, the fusion protein of 
SARS-CoV-2, which remains a subject of scientific debate, was included, 
resulting in a final test dataset containing 10 sequences.

5.3. Construction of datasets for sliding window approach

This section includes a description of the methods for the strategy of 
the sliding window approach.

Construction of datasets
Initially, segments from VFP were generated. The size of the sub

sequences played a crucial role, and the authors opted to fix the length to 
21 amino acids, effectively capturing fusion peptides. These sub
sequences were created with a one-amino-acid gap (all possible win
dows) for ease of comparison and model execution. To ensure 
consistency, subsequences containing partial FP were excluded, retain
ing only fully negative or fully positive subsequences. This decision was 
driven by the lack of well-defined borders for fusion peptides, resulting 
in potential discrepancies at the beginning and end. Additionally, a 
border tolerance of 3 amino acids on each end of the fusion peptide was 
introduced. Subsequences containing amino acids within the border 
tolerance were also excluded.

This bag of subsequences was combined with TMD sequences, as 
they share physicochemical similarities with FP. To avoid the presence 
of similar sequences, a filter based on similarity was made. First, nega
tive subsequences and TMDs with over 70 % similarity to positive se
quences were removed. Then, TMDs with more than 70 % similarity 
with negative subsequences and negative subsequences with more than 
70 % similarity with itself were also excluded to avoid excessive 
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similarity in negative samples. CDHIT [9] was used for similarity 
calculations.

The resultant dataset was composed of 207 positive subsequences, 
5819 negative subsequences, and 784 TMDs. The next step involved 
creating datasets with varying ratios. The positive sequences were 
retained, one negative subsequence per entry, and 207 TMDs were 
randomly sampled generating a dataset with 231 negative subsequences 
and 207 TMD. Furthermore, to create a dataset with 1:1 ratio, 103 
negative subsequences and 103 TMDs were randomly sampled from the 
previous dataset.

5.4. Protein representations

Physicochemical features were calculated with the package ProPy
thia [14]. All of the available features were calculated. Columns with 
only zeros, duplicate columns, and no variance columns were also 
removed. Features were Standard Scaled using scikit-learn [35]. Feature 
selection was made using the function mutual_info_classify also from 
Scikit learn and excluding features in the 50 % percentile.

Word embedding representations were derived from the Protvec, a 
Word2Vec model pre-trained on UniprotKB [17]. This model has 
learned 100 dimension representations for all possible trigrams of amino 
acids. Two strategies were employed as described in [23]. The first one 
consisted of the substitution of every trigram on the sequence for the 
100-dimension vector, producing a vector for each subsequence of 
dimension 1900 (100 * (length(sequence) − 2). The second approach is 
to count the frequencies of the trigrams, multiply the 100-dimension 
vectors for the frequencies and sum column-wise, resulting in each 
subsequence being represented with a vector of dimension 100.

Sparse one-hot encoding was also derived. Each amino acid is rep
resented by a vector of dimension 21 with ’1’ in a single position and the 
remaining 20 positions with ’0’. This representation generates vectors of 
dimension (21 *21).

ESM2b representations [21] were grabbed accordingly to the in
dications in the repository page https://github.com/facebookresearch 
/esm. Both T6 8 M (model with 6 layers and 8 M parameters) and T33 
650 M (model with 33 layers and 650 M parameters) models were 
considered. Mean representations (1280 dimension) were considered 
when applied to ML. Matrix representation (23 * 1280 dimension) were 
fed to LSTM networks. Contact representations available were also 
tested with LSTM networks.

5.5. Machine learning

Machine learning strategies were run with the aforementioned pro
tein representations. The models were run using code both from Pro
Pythia and Scikit learn [14,35]. SVM, RF, GB, LR, KNN, GNB, and SGD 
models were tested. First, a hyperparameter optimization grid search 
with a 10-Kfold group strategy was run optimizing MCC. The groups 
were made based on the 80 % similarity to ensure that similar sequences 
were not on both train and test at the same time. The parameter grids 
were the default ones used in ProPythia. Next, the best model was 
evaluated with a 10-fold group cross-validation to ensure robust results. 
Accuracy, precision, recall, MCC, F1 score and ROC AUC were calcu
lated as described in scikit-learn [35]. Models were retrained on all 
available data and tested on the holdout dataset.

5.6. Deep learning

Deep learning models were based on LSTM networks and were tested 
with one hot encoding, Word embeddings (with method 1), and trans
formers representations. LSTM networks were constructed using Ten
sorflow [36]. Different architectures were tested and optimized by 
changing the number of recurrent layers, units, bidirectionality, atten
tion mechanisms, and dense layers and units.

Networks were constituted by one or 2 LSTM or BiLSTM layers with 

units from 128 and 32 with dropout of 0.2, followed or not by an 
attention mechanism (as defined in [23], a dense layer with 64 or 32 
units, and a Dropout rate of 0.2 followed by a final classification layer 
with sigmoid activation. The models were trained with Adam optimizer 
and with binary crossentropy loss. Regularizers l1 [1e–5] and l2 [1e–4]
were also added. The number of epochs was set to 500, with reduce 
learning rate with patience of 30 epochs and factor of 0.2 and early 
stopping with the patience of 50 epochs.

Similarly to the ML approaches, these models were evaluated using a 
10-fold grouped cross-validation. Retrained all available data and test 
on the holdout set.

5.7. Fine-tuned ESM2b models

The different subsequence datasets were fed to the ESM2b T68M and 
T33 and finetuned for 3 epochs. As the models were already overfitting, 
increasing the number of epochs was not considered. The fine-tuned 
models were then used to predict the test sequences from the holdout 
dataset.

5.8. Token classification

In token classification, unlike sliding window, the label for each 
sample will be one integer per token in the input, i.e., the label is a 
sequence with the length of the VFP with the positions corresponding to 
the FP labelled as 1. Sequences are padded to 1500. The dataset and 
labels were then fed to the ESM2b T68M and T1235M transformer 
models and fine-tuned. ESM2b T68M was finetuned for 3,5,10,15,20 
and 30 epochs and ESM2b T12 was finetuned for 3,5,10,15 and 20 
epochs. During training, training and validation loss and masked accu
racy were assessed. The fine-tuned models were then used to predict test 
sequences of the holdout dataset.

5.9. Hold-out dataset evaluation

According to the strategy defined, the test sequences were trans
formed and predicted. In the case of the sliding window approach, each 
amino acid residue gets the maximum value of all the subsequences 
where it appears.

For both sliding window and token classification strategies, both 
results and annotations were binarized and the Jaccard index was 
calculated. Scores, however, need to be taken with caution as the ter
minals of the FP are not strictly defined. For an intuitive overview, a 
Jupyter notebook projecting the predictions of all models was made. The 
notebook produces images similar to image Fig. 4 with a colour bar 
indicating the probability of belonging to FP in each position.

We predicted the TMDs from these sequences using DeepTMHMM 
software [37] to assess if the predictions made by our models would 
coincide with TMD regions.
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