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A B S T R A C T

Accurate prediction of protein antigenicity is crucial for vaccine development, diagnostic test design, and 
therapeutic protein engineering. However, existing tools face limitations in accessibility, computational effi
ciency, and pathogen diversity. Here, we present IApred, an open-source intrinsic antigenicity predictor that 
addresses these challenges. IApred employs a Support Vector Machine (SVM) model trained on a comprehensive 
dataset of 918 high-antigenicity proteins from diverse pathogens, including Gram-positive and Gram-negative 
bacteria, viruses, fungi, protozoa, and helminths. The model incorporates features derived from physicochem
ical properties, E-descriptors, amino acid dimers and small linear motifs (SLiMs) to predict the probability of a 
protein eliciting a humoral immune response. In external validation, IApred demonstrated superior balanced 
performance (ROC AUC = 0.761, sensitivity = 0.702, specificity = 0.706) compared to existing tools (VaxiJen 
2.0, VaxiJen 3.0 and ANTIGENpro), while maintaining high computational efficiency (approximately 1000 se
quences per minute). IApred’s host-and-pathogen-agnostic nature and integration capability into bioinformatic 
pipelines makes it versatile for diverse applications. A web-based version of the software is available at https:// 
smilesinformatics.com/iapred, while the software and training code are freely available on GitHub (https://gith 
ub.com/sebamiles/IAPred) and Zenodo (https://doi.org/10.5281/zenodo.14578279)

Introduction

The challenge of antigenicity prediction

Immunogenicity, as a concept, refers to the ability to induce a hu
moral and/or cell-mediated immune response, while antigenicity is the 
ability to specifically combine with the final products of the immune 
response (ie., secreted antibodies and/or surface T-cell receptors) [1]. In 
humoral responses, antigens are typically recognized by both T-cells and 
B-cells. Peptides derived from the antigen are presented on MHC II 
molecules to T-cells, which then collaborate with B-cells that recognize 
specific epitopes of the antigen through the B-cell receptor (BCR). B-cell 
epitopes exhibit greater flexibility, as they can be composed of not only 
proteins but also polysaccharides or lipids. T-independent antibody re
sponses can also occur for antigens with repetitive epitopes (e.g., poly
saccharides); however, these responses are less studied and do not 
develop immunological memory, limiting their utility in biotherapies 
[2].

Understanding antigenicity is crucial for numerous biotechnological 

applications. For instance, identifying antigenic proteins is essential for 
vaccine and diagnostic test development, while non-antigenic proteins 
are desirable for therapeutic applications. Additionally, decoding the 
antigenicity of proteins can provide insights into host-pathogen in
teractions and inform therapeutic strategies. However, predicting anti
genicity is a complex challenge. It depends not only on the 
physicochemical properties of the antigen [3] but also on its 
three-dimensional structure [4], post-translational modifications [5], 
the accessibility of epitopes, and the nature of antigen-antibody in
teractions [6]. Furthermore, the diversity of immune responses across 
individuals and species adds another layer of complexity, with differ
ences in MHC haplotypes being a key factor influencing the success of 
T-dependent antibody responses [7].

Limitations of existing tools

At the time of writing, there are four reliable and available antige
nicity predictors: VaxiJen 2.0 [8] and 3.0 [9] ANTIGENpro [3], and 
APRANK [10]. VaxiJen is the most widely used antigenicity predictor, 
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and its latest version (VaxiJen 3.0) uses machine learning to predict the 
antigenicity of a protein using previously described E-descriptors [11], 
which are five numerical values derived from principal component 
analysis (PCA) of 237 physicochemical properties. Each protein is 
transformed into a uniform vector, which are then used to train three 
machine learning algorithms (SVM, XGBoost and RSM-knn). A 
consensus of these models classifies proteins as immunogen or 
non-immunogen.

ANTIGENpro, on the other hand, uses a two-stage architecture for 
antigenicity prediction. In the first stage, a Naive Bayes algorithm in
corporates forty primary classifiers, while the second stage employs an 
SVM classifier based on probability estimates derived from protein 
microarray data and literature-curated antigens [3].

APRANK, though not a direct antigenicity predictor, ranks top an
tigen candidates within a proteome. Its prediction model is more com
plex, incorporating T- and B-cell epitope predictions, three-dimensional 
structural analysis, protein-specific site analysis, and sequence similarity 
between pathogen and host proteins [10]. While APRANK offers higher 
prediction accuracy, its complexity comes with increased computational 
costs, and the need of programming knowledge to run it, making it not 
universally available. Notably, no comprehensive comparative study has 
been conducted to evaluate the performance between these three tools.

Several other antigenicity predictors have also been developed, 
including NERVE [12], Vaxign [13], Jenner-predict [14], Vacceed [15], 
iVAX [16], Protectome analysis [17] and VacSol [18]. These tools 
typically use a series of filters, such as subcellular localization, adhesion 
probability, topology, homology with human proteins, and presence of T 
and B cell epitopes, to identify antigenic proteins. However, most of 
these tools are no longer available or rarely used.

It is worth noting that while a newer version of Vaxign (Vaxign2) has 
been recently described [19], it is reported to have unresolved bugs in 
the algorithm. Similarly, Vaxi-DL, a web-based deep learning server for 
identifying potential vaccine candidates, has been recently presented 
[20], but we were unable to obtain results from the web server. 
Vaxign-DL, a deep learning-based method for vaccine design, has also 
been proposed in a preprint [21], but the software is not currently 
accessible.

The need for IApred

While existing antigenicity predictors are accurate, they have sig
nificant limitations. VaxiJen and ANTIGENpro are not open-source and 
lack APIs, restricting their large-scale use and integration into auto
mated bioinformatics pipelines. Additionally, ANTIGENpro only allows 
predictions for one sequence at a time, with results sent via email, 
making it impractical for analysing large datasets. APRANK, although 
open-source, demands substantial computational resources and tech
nical expertise. It also relies on third-party software (e.g., BepiPred 1.0 
[22] and NetMHCIIPan 2.0 [23]), which may require licenses and 
further complicate its use. Moreover, APRANK is designed to rank top 
antigenic proteins within a proteome rather than predict the antigenicity 
of individual proteins. Its reliance on T-cell epitope predictions, which 
are specific to certain MHC molecules, also limits its applicability to 
hosts with those MHC haplotypes.

Another critical limitation of VaxiJen and ANTIGENpro is their 
reliance on training datasets dominated by bacterial antigens, which 
may not generalize well to other pathogen types, such as viruses, fungi, 
protozoa, or helminths.

Development of IApred

To address these limitations, we aimed to develop a simple yet ac
curate, open-source antigenicity predictor with low computational re
quirements. IApred is designed to predict the intrinsic antigenicity of 
proteins derived from a wide range of infectious disease pathogens. It is 
pathogen-and-host agnostic, trained on a diverse dataset of manually 

curated antigens from Gram-positive and Gram-negative bacteria, vi
ruses, fungi, protozoa, and helminths.

IApred employs a Support Vector Machine (SVM) model trained on a 
comprehensive set of features, including physicochemical parameters, 
E-descriptors, amino acids dimers and small linear amino acid motifs 
(SLiMs). The model assigns a numeric value representing the intrinsic 
antigenicity of a protein sequence, defined as the probability of the 
protein inducing a specific humoral immune response in the context of 
natural infection or vaccination. This definition focuses solely on the 
protein’s amino acid sequence, excluding factors such as post- 
translational modifications, physical availability, pathogen origin, or 
host immune variability.

Materials and methods

High-antigenicity proteins

To train the machine learning model, we used a set of high- and low- 
antigenicity proteins datasets. For the high-antigenicity set, we pri
marily relied on Serological Proteome Analysis (SERPA) reports, and 
vaccine candidates. In SERPA, a pathogen protein fraction is separated 
in a two-dimensional electrophoresis gel (2DEG), followed by Western 
blot analysis using sera from infected or vaccinated mammalian hosts. 
Each developed spot is then identified by mass spectrometry, consid
ering those identified proteins as antigens. For our set of high- 
antigenicity proteins, we included SERPA antigens identified using 
sera from infected or vaccinated humans, pigs, dogs, goats, rabbits, 
guinea pigs, cattle, ewe and sheep.

The proteins in the dataset were classified by their organisms of 
origin and pathogen group, corresponding to virus, Gram-negative and 
Gram-positive bacteria, fungi, protozoans and helminths. To reduce 
overfitting, we removed sequences with >90 % of identity inter- and 
intra-specie, retaining the longest sequence. This process resulted in a 
SERPA dataset comprising 553 proteins from 25 different organisms.

In addition to the SERPA set, we included the datasets used to train 
other antigenicity prediction tools, such as the one reported by Dimitrov 
et al. [9], composed of 315 bacteria antigens used to train VaxiJen 3.0. 
For viral proteins, we generated a non-redundant dataset from VaxiJen 
ViralDB comprising 95 proteins corresponding to 22 viruses. The final 
training set combine these sources, totalling 918 proteins (Table 1).

For external evaluation, we utilize the Protegen database [24], a 
curated repository of protective antigens against infectious and 
non-infectious diseases, including 1371 antigens derived from 216 
pathogens or host organisms (https://violinet.org/protegen/; last 
accessed November 2024). Given the diversity of organisms in this 
database, we created a reduced version of this dataset by randomly 
selecting 5 antigens from each infectious-disease related organism with 
at least 5 reported protective antigens and removed those with a 90 % 
similitude against any antigen in the training dataset. An exception was 
made for Coccidioides immitis, where only 4 proteins were available out 
of a total of 9 fungal proteins, and Treponema pallidum, where only 4 
non-redundant proteins were obtained. The final reduced evaluation set 
consists of 218 proteins, including 110 Gram-negative, 40 
Gram-positive, 9 fungal, 54 protozoan and 5 helminth proteins.

Low-antigenicity proteins

Given that we were unable to obtain an experimental dataset of low- 
antigenicity proteins comparable in size to the high-antigenicity dataset, 
we developed a workaround based on the assumption that most proteins 
have low-antigenicity. For each protein in the high-antigenicity SERPA 
set, we randomly selected a protein of comparable size (amino acid 
length ± 10 %) from the same organism, ensuring that the selected 
protein had <70 % sequence similarity with the antigen. This approach 
aimed to create a balance dataset of low-antigenicity proteins

However, this method was not feasible for most viruses due to their 
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small proteomes. To address this, we supplemented the dataset by 
randomly selecting 95 low-antigenicity proteins from all pathogens 
included in the SERPA set, matching number of viral antigens. Addi
tionally, we incorporated the dataset of non-antigenic proteins used to 
train VaxiJen 3.0 [9].

Features used for training

To train the machine learning algorithm, we generated a Python 
(version 3.12.4) script, were we analysed 838 distinct features derived 
from protein sequences. A complete list of these features can be found in 
Table 2 and Supplementary Table 1. Using the ProteinAnalysis module 

from the Biopython’s (version 1.83) ProtParam library [25], we calcu
lated basic physical and chemical properties of each protein. These 
included molecular weight, isoelectric point, proportions of secondary 
structural elements (helices, sheets, and coils), aliphatic index, sequence 
entropy, charge distribution, hydrophobicity and hydrophobic moment. 
We also examined the ratio between polar and non-polar amino acids, as 
well as proline and cysteine content, and the proportion of amino acids 
by size, classifying them into tiny, small, and large residues.

E-descriptors, originally reported by Venkatarajan and Braun [11] 
and used in the VaxiJen 3 prediction algorithm, were included as fea
tures in the analysis to provide a mathematical representation of amino 
acid properties. For this, we represented each amino acid as a 
five-dimensional vector and analysed the generated vectors using 
PyTorch (version 2.7.1) [26]. From these vectors, we extracted both 
basic features (averages and sums) and advanced geometric properties. 
The advanced properties included sphericity, planarity, and linearity of 
the combined vectors. We also analysed changes along the protein 
sequence through vector analysis and examined local patterns by 
studying protein segments of 5, 10, and 15 amino acids. 
Position-weighted averages were also calculated to account for the 
possibility that certain protein regions contribute differentially to the 
antigenicity. Finally, we measure the complexity and diversity of E-de
scriptors using entropy-based calculations. At the end, 49 different 
features were obtained derived from E-descriptors

In addition to these features, we also included specific small linear 
amino acid patterns (SLiMs) that are known to have biological impor
tance. We obtained a list of 353 well-studied pattern classes from the 
Eukaryotic Linear Motif database (http://elm.eu.org/; last access 
November 2024) [27]. Then, we calculated the frequency of each SLiM 
and every possible pair of amino acids in each protein sequence, to find 
indications of other important protein motifs.

All these features together provide a comprehensive mathematical 
description of each protein sequence, allowing our machine learning 
algorithm to learn patterns that might be related with the intrinsic an
tigenicity of a protein.

Table 1 
Description of the proteins used as antigens for the SVM training. The antigens used were classified into pathogens Classes. The column Source describes briefly how 
the antigens were identified.

Class Organism # Antigens Source Reference

Gram(-) N ¼ 83 Actinobacillus pleuropneumoniae 7 SERPA using Pig sera [33]
Bordetella pertussis 50 SERPA using Human sera [34]
Chlamydia pneumoniae 26 SERPA using Human sera [35]

Gram(þ) N ¼ 189 Bacillus anthracis 55 SERPA using Rabbit sera and immune guinea pig sera [36]
Corynebacterium pseudotuberculosis 16 SERPA using Goat sera [37]
Mycobacterium bovis 13 SERPA using Cattle sera [38]
Staphylococcus aureus 68 SERPA using Ewe sera [39]
Staphylococcus pseudintermedius 14 SERPA using Dog sera [40]
Tropheryma whipplei 23 SERPA using Human sera [41]

Fungi N ¼ 101 Candida albicans 51 SERPA using Human sera and reported antigenic proteins [42]
Aspergillus fumigatus 15 Reported antigens [43]
Cryptococcus deuterogattii 13 Reported antigens [43]
Cryptococcus neoformans 3 Reported antigens [43]
Coccidioides posadasii 6 Reported antigens [43]
Paracoccidioides brasiliensis 8 Reported antigens [43]
Talaromyces marneffei 5 Reported antigens [43]
Ajellomyces capsulatus 25 Immunoprecipitation followed by mass spectrometry [44]

Protozoan N ¼ 91 Plasmodium vivax 13 Antigens proteins discovered or validated using protein microarrays [45]
Trypanosoma cruzi 65 Previously reported antigens used to create a protein microarray [46]
Toxoplasma gondii 13 Reported Vaccine Candidates [47]

Helminth N ¼ 64 Ascaris suum 13 SERPA using Pig sera [48]
Echinococcus granulosus 17 SERPA using Mice sera [49]
Fasciola hepatica 10 SERPA using Sheep sera [50]
Schistosoma mansoni 11 Reported Vaccine Candidates [51]
Trichinella spiralis 13 SERPA using Human sera [52]

Virus Virus 95 Manually curated non-redundant virus vaccine candidates [2]
VaxiJen VaxiJen Antigens 315 Manually curated antigens used to train VaxiJen 3.0 [2]

Table 2 
Features initially taken into consideration for the machine learning training.

Feature type # of 
features

Description

Physicochemical 
properties

7 IP, GRAVY, Aromaticity, Instability Index, 
Flexibility, Charge and Hydrophobicity

Secondary structure 3 Predicted fraction of a-helix, b-sheet and 
random coil

Amino acid size 3 Fraction of tiny, small and large residues
Aliphatic indez 1 Relative volumen occupied by aliphatic side 

chains
Sequence Enttropy 1 Measure of sequence complexity based on 

amino acid composition
Hydrophobic 

moment
1 Using Eisenberg scale and assuming a-helix 

with 100◦ angle
Charge Distribution 1 Standar deviation of charges along the 

sequence
Polar/Non-Polar 

Ratio
1 Ratio of polar to non-polar residues

Proline Content 1 Percentage of proline residues
Cysteine Content 1 Percentage of cysteine residues
Bigram transition 16 Frequency of transition between polar, non- 

polar, acidic and basic residues
E-descriptors 49 Features derived from vectors generated 

using E1-E5 descriptors
amino acid dimers 400 Frequency of each possible combination of 

two amino acids
SLiMs 353 Frequency of specific Short Linear Motifs
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Machine learning algorithm

Scikit-learn (version 1.5.2) [28] python module was used to train the 
Support Vector Machine (SVM) model. Data Preprocessing, feature se
lection and hyperparameter tuning was performed before obtaining the 
final SVM model.

Data preparation and preprocessing

The protein sequences of our datasets (corresponding to the SERPA, 
non-redundant Virus and VaxiJen proteins) were first encoded into 
numerical vectors using the previously discussed features. To address 
potential scale differences between features, we normalized the feature 
values using StandardScaler. Constant features, which provide no 
discriminative power, were removed using VarianceThreshold to reduce 
dimensionality and improve model efficiency. Synthetic Minority Over- 
sampling Technique (SMOTE) [29]), from imbalanced-learn (version 
20.12.3) was employed to mitigate any potential effect of class imbal
ance in the dataset.

Feature selection

The best number of features to use was obtained by performing a 
feature selection step using the SelectKBest method with the f_classif 
scoring function. This function first ranks all features and then analyses 
the ROC-AUC value for an SVM model trained with each k value of the 
top ranked features. For this, we performed an 80/20 stratified split of 
the dataset, fitted the training pipeline on the 80 % subset, and 
computed ROC-AUC on the 20 % hold-out validation set for each k

Model training and hyperparameter tuning

Radial basis function (RBF) was selected as the best performing 
kernel. To optimize the model’s performance, we conducted a 5-fold 
cross-validation grid search over a range of values for the regulariza
tion parameter C (from 0.001 to 1000) and the kernel coefficient gamma 
(from 1 to 1 × 10–7). The 5-fold cross-validation was performed over the 
training subset only (after the 80/20 split).

Model evaluation

The final model (kernel=RBF, k = 529, C = 1, gamma=0.001) was 
trained and evaluated, obtaining the Learning and Precision-Recall 
curves, and confusion matrix, using the 80/20 training and validating 
sets. The learning curve was obtained from 5-fold CV on the training 
subset at increasing training sizes, while the Precision-Recal curve and 
the confusion matrix are computed on the validation set. In addition, the 
correlation between features was analysed and the importance of each 
feature was calculated using the permutation importance method. We 
then performed a stratified 10-fold cross validation and two modifica
tions of LOO–CV (Leave-One-Out Cross-Validation) defined as 
LOCO–CV (Leave-One-Class-Out Cross-Validation) and LOPO–CV 
(Leave-One-Pathogen-Out Cross-Validation). LOCO–CV consisted of 
training the model while leaving out one pathogen class (Gram+ or 
Gram- bacteria, fungi, protozoan, or helminth) and calculating the ROC- 
AUC score. LOPO–CV (not applied to viruses) leaves out one organism 
per run.

Internal and external performance evaluation

To assess the predictive performance of the model, we conducted 
both internal and external evaluations. For the internal evaluation, we 
calculated the intrinsic antigenicity scores for all proteins in the training 
dataset, including both antigens and non-antigens, as well as the entire 
proteome of each corresponding organism. We then compared the score 
distributions among groups. For the external evaluation, we utilized the 

reduced version of the Protegen dataset. The performance of IApred was 
benchmarked against three widely used antigenicity pre
dictors—VaxiJen 2.0, VaxiJen 3.0, and ANTIGENpro—using this data
set. Its worth noting that, as VaxiJen 3.0 only has a model for bacteria 
preduction, we included two versions of this for the external evaluation, 
one with only the bacteria results, and one with all the pathogens. 
Finally, we compared the performance metrics of all tools to highlight 
the strengths and limitations of IApred in relation to existing methods.

Predictor and data availability

The prediction model was compiled into a python script, available to 
be downloaded from GitHub (https://github.com/sebamiles/IAPred), 
Zenodo (https://doi.org/10.5281/zenodo.14578279) and a google 
colab notebook was created to run single-sequence or multiple- 
sequences FASTA files prediction as an online predictor (https://colab. 
research.google.com/github/sebamiles/IAPred/blob/main/IApred-co 
lab.ipynb). In addition, an easy-to-use web server was made available at 
https://smilesinformatics.com/iapred, with the limitation of only be 
able to process up to 1000 sequences at a time. The training, evaluating 
and prediction codes were also uploaded to GitHub, as well as the 
manually curated high-antigenicity SERPA set, the non-redundant virus 
set and the VaxiJen Sets.

Results and discussion

An antigen is a molecule capable of binding to a specific antibody or 
a major histocompatibility complex (MHC) [30]. In this context, we 
define the intrinsic antigenicity of a protein as the probability of an 
amino acid sequence being targeted by the immune system, regardless of 
other factors. This concept is highly relevant for a wide range of 
biotechnological applications, such as vaccine development or 
biotherapeutics.

Here, we present IApred, an open-source pathogen-and-host agnostic 
intrinsic-antigenicity predictor from an amino acid sequence. IApred can 
be used as a standalone tool or in a combination of other bioinformatic 
programs. Unlike other available predictors that classify proteins as 
either antigenic or non-antigenic, IApred provides a continuous IAscore, 
which reflects the reality that virtually any protein can be targeted by 
the immune system, albeit with variable effectiveness. We believe this 
approach is particularly valuable for diverse biotechnological applica
tions. For example, in the development of biotherapeutics, low- 
antigenicity molecules are often desired to minimized unwanted im
mune responses; however, for diagnosis or identification of vaccine 
candidates, high-antigenicity proteins are preferred.

High- and low-antigenicity datasets

We assembled a dataset of 918 high-antigenicity proteins, compiled 
from previously reported antigenic proteins [9], as well as literature 
curated proteins (details provided in Table 1 and Supplementary 
Table 1). Creating a corresponding dataset of low-antigenicity proteins 
presented significant challenges, as we found no straightforward 
experimental method to identify these proteins. To address this limita
tion, we developed an alternative approach based on the premise that 
most proteins within an organism exhibit low-antigenicity. Thus, for 
each high-antigenicity protein in our dataset, we selected a random 
protein from the same organism’s proteome with similar size and 
sequence identity lower than 70 %. While this approach enabled us to 
construct a balanced dataset, we are well aware that this approach might 
negatively affect the performance of the predictor, since some 
high-antigenicity proteins may inadvertently be included in the 
low-antigenicity dataset.
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Model training

Once obtained the High- and Low-antigenicity datasets, we pro
ceeded by selecting the features used to train the model. For this, we 
obtained a combination of physicochemical and amino acids composi
tional properties, as well as protein sequence specific features, and 
features derived from E-descriptors. Table 2 shows a description of all 
the evaluated features, with more detailed information found in Sup
plementary Table 2. Many of these features have been previously re
ported as determinants of antigenicity and specificity in immune 
responses, including protein sequence properties of composition, iso
electric point, change distribution, secondary structure and solvent 
accessibility [31]. Other features have been used in different antige
nicity predictors, such as the Molecular Weight, GRAVY, aliphatic index 
[3] and E-descriptors [9]. The inclusion of SLiMs as an antigenic cor
relation is novel to IApred, supported by the idea that even though most 
SLiMs correspond to eukaryotic proteins, many pathogens mimic these 
motifs as an evolutionary advantage [32], and thus, some motifs could 
be over-or-underrepresented in antigenic proteins. Amino acid dimers 
frequency or sequence repetitiveness could correlate with evolutionary 
conserveness between pathogens and potentially creating stable struc
tural motifs for antibody recognition. Abundance of cysteine or presence 
of cysteine-rich regions could derive into formation of disulfide bonds, 
masking potential epitopes. In the current SVM model, many of the 
analysed features describe low-antigenicity protein characteristics, 
helping with the discrimination process.

The SVM model was trained using the high- and low-antigenicity 
datasets, evaluating all 838 features in each sequence, using RFB as 
the optimal kernel (data not shown). Firstly, 47 features that showed 
constant or very-low variance were removed, which were primarily 
SLiMs. Then, we performed 5-fold stratified cross-validation on the 
training set to select the best parameters to use and evaluate its per
formance. In this sense, although Fig. 1A shows a plateau around 15–20 
top features under fixed hyperparameters (C = 1, gamma=‘scale’), the 

fully tuned pipeline selected k = 529 as it consistently provided higher 
stability and predictive performance, with mid-ranked features 
contributing complementary information that was lost at smaller k 
values. Thus, 529 features were selected as the best performing k 
number as shown by the ROC AUC in Fig. 1A, where C and gamma 
values for the RFB kernel were optimized, selecting C = 1 and 
gamma=0.001 (Fig. 1B). Using these parameters the final model was 
trained, and the performance was evaluated by means of the Learning 
Curve (Fig. 1C) and the Precision-Recall Curve (Fig. 1D). Fig. 1E shows 
the confusion matrix composed of the true and predicted antigens and 
non-antigens, using the validations sets after the 80/20 split, consid
ering a threshold score of 0 to discriminate between antigens and non- 
antigens. The learning curve shows only a slight improvement on per
formance with increasingly bigger training sets. Thus, since the ROC- 
AUC score (0.8017) and the precision-recall curve (AP= 0.79) show 
that the model exhibits a quite high accuracy, we determined that 
expanding the datasets was unnecessary as the model’s accuracy was 
sufficient for its intended application as an antigenicity predictor. It is 
worth noting that alternative models, such as Random Forest and 
XGBoost, were also evaluated; however, they demonstrated lower 
discriminating power compared to the SVM model (data not shown).

Model evaluation

To further evaluate the performance of the obtained model, we 
performed a 10-fold cross validation, dividing all the training data into 
ten segments, training the model with 9 of those segments and evalu
ating the performance over the remaining segment, repeating the pro
cess for each leave-out segment. Fig. 2A shows the ROC curve for each 
iteration, as well as the mean ROC and standard deviation between runs. 
In addition, we performed a similar cross-validation, described as Leave- 
One-Class-Out (LOPO–CV), and Leave-One-Pathogen-Out (LOPO–CV) 
[21], where all proteins from one class or pathogen (referring to only 
SERPA antigens, always including the VaxiJen-antigen set and the 

Fig. 1. Machine Learning Training and Optimization. An SVM machine learning algorithm was trained using the antigens and non-antigens datasets. (A) ROC- 
AUC score of the model using different numbers of features (k) under fixed hyperparameters (C = 1, gamma=‘scale’). (B) Optimization of C and gamma for k = 529, 
with values corresponding to ROC-AUC. (C) Learning Curve of the model using optimized parameters (k = 529, C = 1 and gamma=0.001); the training score shows 
the ROC-AUC for the training set, while the cross-validation score corresponds to the 5-fold cross-validation ROC-AUC, both at increasing dataset size. (D) Precision- 
Recall curve computed on the validation set. (E) Confusion matrix displaying the model’s classification results based on the validation sets, presented in both absolute 
values and percentage.
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non-redundant viral set due to low-antigenicity proteins limitations) 
were removed from the training, and then, the model was evaluated over 
the left-out set of antigen, resulting in the curves shown in Fig. 2B and 
2C. These last results show that our model is capable of predicting the 
intrinsic antigenicity of proteins independently of the class, with a 
modest difference but positive prediction power depending on the 
pathogen.

Over the final model, feature correlation and feature contribution 
analysis were performed. Supplementary Figure 1 shows a correlation 
heatmap and a contribution histogram for all the selected features, as 
well as detailed information about each of the 529 selected feature. Most 
features are slightly positively correlated (correlation > 0), with only a 
small number of features exhibiting a high degree of correlation, either 
positive or negative (correlation > |0.5|). Of the selected features, most 
of them (410) have a positive impact on the classification process of 
protein as high-antigenicity. The frequency of large and small residues, 
the aliphatic index, sequence repetitiveness, isoelectric point and KN 
dimer are the top positive features, contributing each with at least 0.8 % 
to the prediction model. On the other hand, the motifs ELME000057, 
ELME000058, ELME000096, ELME000235, ELME000340, 
ELME000407, ELME000426, ELME000553 and ELME000561 are the 
top negative features, with a contribution of at least 0.3 % to the pre
diction model. It’s worth noting that almost all features that negatively 
impact the IAscore (except the proportion of coils) are related to the 
frequency of SLiMs or amino acid dimers, which can reflect similarities 
to the host proteins, and a lack of response due to tolerance processes, 
although further investigation are needed to corroborate this 
hypothesis.

Internal evaluation

To evaluate the performance of the model to correctly classify pro
teins according to their intrinsic antigenicity, we performed an internal 
and external evaluation. As an internal evaluation, we firstly predicted 
the intrinsic antigenicity of every protein in the SERPA set (both anti
gens and non-antigens), as well as in the whole proteome of the corre
sponding organisms, and compared the antigenicity distribution. From 
the results exhibited in Table 3, we can observe that, in most cases, the 
manually curated antigens have a statistically higher IAscore compared 
to the corresponding proteome (Mann-Whitney-Wilcoxon p < 0.05), and 
that the low-antigenicity proteins have a similar distribution to the 
proteome. The observed antigenicity of the manually curated antigens 
and non-antigens datasets is expected, as they were used to train the 
model, but the relatively low-antigenicity of the rest of the proteome 
partially corroborate the accuracy of our model, as it has been reported 
that most protein have low-antigenicity.

External evaluation

For the external evaluation of IApred, we utilized the reduced 
version of the Protegen dataset, along with a corresponding non-antigen 
dataset generated using the same methodology as described earlier. The 
antigenicity of both datasets was predicted using IApred, as well as three 
widely used tools: ANTIGENpro, VaxiJen 2.0, and VaxiJen 3.0. For 
Vaxijen 3.0, due to limitations of the software to evaluate different 
pathogen classes, we display the results as two different predictions, one 
using only the bacteria-derived proteins (named as Vaxijen 3.0-bacte
ria), and one including all pathogens proteins (named Vaxijen 3.0-all). 
We did not use APRANK in the external evaluation, as it is designed to 
rank top antigenic proteins within a proteome rather than predict the 
antigenicity of individual proteins; and its reliance on T-cell epitope 
predictions -which are specific to certain MHC molecules- also limits its 
applicability to hosts with those MHC haplotypes. To classify proteins as 
antigens or non-antigens, we applied the following thresholds: for 
IApred, proteins with positive scores were considered antigens; for 
ANTIGENpro, a threshold of 0.5 was used across all pathogen classes 
[3]; for VaxiJen 2.0, thresholds of 0.4 for bacteria and 0.5 for other 
pathogens were applied, running each prediction with the appropriate 
model based on the analysed pathogen [8]; and for VaxiJen 3.0, a 
numeric value (0–1) was assigned based on the consensus of three ma
chine learning models, with each predictor contributing 0.33. A protein 
was classified as an antigen if at least two models agreed (≥0.66).

The performance of the four predictors was compared using ROC 
curves (Fig. 3A), calibration plots (Fig. 3B), and various evaluation 
metrics (Fig. 3C). ANTIGENpro exhibited the highest sensitivity (0.821) 
but low specificity (0.507), indicating a tendency to overpredict anti
gens. Conversely, VaxiJen 3.0-bacteria, (when only the bacteria proteins 
are analysed), achieved the highest specificity (0.805) but low sensi
tivity (0.570), reflecting a cautious approach that misses many true 
antigens. As expected, if all pathogens’ proteins are predicted using the 
VaxiJen 3.0 bacterial mode, the specificity (0.720) and sensitivity 
(0.564) show an overall worst performance. VaxiJen 2.0 showed high 
sensitivity (0.798) but very low specificity (0.353) meaning that it 
correctly predicts most antigens at the cost of a high percentage of false 
positives. In contrast IApred emerged as the most balanced predictor, 
with sensitivity (0.702) and specificity (0.706) closely matched, result
ing in the highest accuracy (0.704). It also led in Matthews Correlation 
Coefficient (MCC = 0.408), a single summary score that combines true 
and false positives and negatives into a value between –1 and 1 to reflect 
overall prediction quality, and Youden’s J (J = 0.408), which subtracts 
the false positive rate from the true positive rate to identify the optimal 
threshold for distinguishing antigens. Additionally, IApred achieved the 
lowest Brier score (0.202), which indicate more reliable probability 
between predicted probabilities and actual outcomes, and the smallest 

Fig. 2. IApred Cross-Validation. The performance of the IApred algorithm was evaluated using three cross-validation strategies, using k = 529, C = 1 and 
gamma=0.001. (A) 10-fold Cross-Validation, (B) Leave-One-Class-Out Cross-Validation (LOCO–CV), and (C) Leave-One-Pathogen-Out Cross-Valida
tion (LOPO–CV).
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Table 3 
Distribution of predicted antigens across training datasets and proteomes.

Class Organism Antigens dataset Non-Antigens dataset Proteome dataset Statistics

#Prot #Ag #N- 
Ag

%Ag IAscore (Mean 
± std)

#Prot #Ag #N- 
Ag

%Ag IAscore (Mean 
± std)

#Prot #Ag #N-Ag %Ag IAscore (Mean 
± std)

Gram(-) Actinobacillus 
pleuropneumoniae

7 7 0 100.0 
%

1.20 ± 0.32 6 2 4 33.3 
%

− 0.28 ± 0.64 2155 489 1666 22.7 
%

− 0.48 ± 0.71 @#

Bordetella pertussis 50 36 14 72.0 % 0.35 ± 0.64 50 5 45 10.0 
%

− 0.70 ± 0.64 3258 673 2585 20.7 
%

− 0.50 ± 0.64 @#$

Chlamydia pneumoniae 26 16 10 61.5 % 0.30 ± 0.75 26 2 24 7.7 % − 0.84 ± 0.61 1113 109 1004 9.8 % − 0.79 ± 0.63 @#
Gram(+) B. anthracis 55 45 10 81.8 % 0.79 ± 0.88 55 12 43 21.8 

%
− 0.59 ± 0.76 5493 1054 4439 19.2 

%
− 0.56 ± 0.71 @#

Corynebacterium 
pseudotuberculosis

15 15 0 100.0 
%

1.09 ± 0.39 15 7 8 46.7 
%

− 0.09 ± 0.72 2001 574 1427 28.7 
%

− 0.33 ± 0.66 @#

Mycobacterium bovis 13 7 6 53.8 % 0.02 ± 0.65 13 4 9 30.8 
%

− 0.40 ± 0.62 3891 1016 2875 26.1 
%

− 0.35 ± 0.63 @#

Staphylococcus aureus 68 55 13 80.9 % 0.64 ± 0.76 68 13 55 19.1 
%

− 0.70 ± 0.67 2889 648 2241 22.4 
%

− 0.52 ± 0.75 @#$

Staphylococcus 
pseudintermedius

13 11 2 84.6 % 0.64 ± 0.62 13 0 13 0.0 % − 0.97 ± 0.53 2449 490 1959 20.0 
%

− 0.59 ± 0.71 @#

Tropheryma whipplei 23 7 16 30.4 % − 0.18 ± 0.51 23 2 21 8.7 % − 0.83 ± 0.43 805 106 699 13.2 
%

− 0.71 ± 0.61 @#

Fungi Candida albicans 51 44 7 86.3 % 0.73 ± 0.51 51 10 41 19.6 
%

− 0.52 ± 0.53 6036 1832 4204 30.4 
%

− 0.29 ± 0.62 @#

Aspergillus fumigatus 15 13 2 86.7 % 0.60 ± 0.54 15 1 14 6.7 % − 0.61 ± 0.54 9577 2709 6868 28.3 
%

− 0.35 ± 0.66 @#$

Cryptococcus deuterogattii 13 10 3 76.9 % 0.48 ± 0.60 13 2 11 15.4 
%

− 0.60 ± 0.53 2945 981 1964 33.3 
%

− 0.26 ± 0.62 @#$

Cryptococcus neoformans 3 2 1 66.7 % 0.66 ± 0.59 3 1 2 33.3 
%

− 0.09 ± 0.75 7429 2248 5181 30.3 
%

− 0.30 ± 0.61 #

Coccidioides posadasii 6 5 1 83.3 % 0.74 ± 0.45 6 1 5 16.7 
%

− 0.50 ± 0.51 27,565 6170 21,395 22.4 
%

− 0.44 ± 0.60 @#

Paracoccidioides brasiliensis 8 8 0 100.0 
%

0.75 ± 0.36 8 1 7 12.5 
%

− 0.71 ± 0.64 8399 1987 6412 23.7 
%

− 0.40 ± 0.58 @#$

Talaromyces marneffei 5 4 1 80.0 % 0.21 ± 0.68 5 1 4 20.0 
%

− 0.52 ± 0.41 10,448 2961 7487 28.3 
%

− 0.34 ± 0.66 @#$

Ajellomyces capsulatus 25 10 15 40.0 % 0.01 ± 0.59 25 3 22 12.0 
%

− 0.58 ± 0.54 9214 2099 7115 22.8 
%

− 0.42 ± 0.58 ​

Protozoa Plasmodium vivax 13 13 0 100.0 
%

0.81 ± 0.35 13 2 11 15.4 
%

− 0.59 ± 0.59 5389 1729 3660 32.1 
%

− 0.31 ± 0.64 @#

Trypanosoma cruzi 65 56 9 86.2 % 0.62 ± 0.54 65 12 53 18.5 
%

− 0.59 ± 0.71 19,242 4685 14,557 24.3 
%

− 0.45 ± 0.74 @#$

Toxoplasma gondii 13 8 5 61.5 % 0.22 ± 0.67 13 2 11 15.4 
%

− 0.67 ± 0.53 8315 2183 6132 26.3 
%

− 0.39 ± 0.60 ​

Helminth Ascaris suum 13 11 2 84.6 % 0.60 ± 0.48 4 0 4 0.0 % − 0.71 ± 0.59 10,331 1743 8588 16.9 
%

− 0.60 ± 0.63 @#

Echinococcus granulosus 17 10 7 58.8 % 0.26 ± 0.49 17 0 17 0.0 % − 0.91 ± 0.43 10,233 1442 8791 14.1 
%

− 0.62 ± 0.57 @#$

Fasciola hepatica 10 6 4 60.0 % 0.14 ± 0.70 10 0 10 0.0 % − 0.95 ± 0.36 11,190 1810 9380 16.2 
%

− 0.58 ± 0.57 @#$

Schistosoma mansoni 11 7 4 63.6 % − 0.01 ± 0.69 11 0 11 0.0 % − 0.93 ± 0.27 10,770 1946 8824 18.1 
%

− 0.56 ± 0.58 @#$

Trichinella spiralis 13 10 3 76.9 % 0.35 ± 0.54 13 1 12 7.7 % − 0.77 ± 0.58 18,572 2333 16,239 12.6 
%

− 0.67 ± 0.56 @#

mean 23.65 18.35 5.30 71.0 % 0.44 23.65 3.65 20.00 17.0 
%

− 0.59 8818.35 2091.35 6726.00 23.0 
%

− 0.45 ​

Number of total proteins (#Prot), predicted antigens (#Ag), predicted non-antigens (#N-Ag), percentage of predicted antigens ( %Ag), and mean IAscore (±SD) are shown for each dataset (Antigens, Non-Antigens, and 
Proteome) per organism.
@ Significant difference between antigens and non-antigens (p < 0.05).
# Significant difference between antigens and proteome (p < 0.05).
$ Significant difference between non-antigens and proteome (p < 0.05).
Statistical significance determined using Mann-Whitney-Wilcoxon test.
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Expected Calibration Error (ECE = 0.074), representing the average gap 
between predicted confidence levels and observed frequencies. Its mean 
chi-squared calibration statistic of 0.047 further confirms that predicted 
probabilities closely match real-world results. (Fig. 3B). Taking all 
together, IApred showed to be the most reliable tool for general anti
genicity prediction, particularly in scenarios were minimizing both false 
positives and false negatives is critical. Fig. 3D illustrates the agreement 
between IApred and the other predictors (excluding Vaxijen 3.0-bacteria 
as it uses a smaller dataset), with antigens and non-antigens arranged 
according to their IAscore values. Antigens are depicted in green, with 
darker shades indicating higher consensus among predictors, while non- 
antigens are shown in red, with darker shades representing stronger 
agreement in their classification. It is worth noting that the external 
evaluation dataset is heavily composed of bacterial proteins (150 out of 
218), which may influence the comparison between predictors. How
ever, we were unable to generate a sufficiently large and pathogen-class- 
balanced dataset. This skew should be considered when using the pre
dictors or referring to this comparison in the future.

Interestingly, antigen scores showed a consistent length dependence 
for all predictors except VaxiJen 2.0: Pearson correlations were positive 
and modest (r ≈ 0.29–0.35) with p < 0.0001 for IApred, ANTIGENpro, 
Vaxijen 3.0-all, and Vaxijen 3.0-bacteria. In contrast, non-antigens 

showed no convincing association between score and length; although 
IApred exhibited a weak correlation (r ≈ 0.17, p = 0.014), its magnitude 
is small, and it might not survive multiple-testing correction. When 
combining antigens and non-antigens, correlations were attenuated (r ≈
0.12–0.18; VaxiJen 2.0 remained nonsignificant), consistent with the 
effect being mostly specific to antigens. For IApred, this correlation is 
expected because the model includes features directly or indirectly 
related to protein length (e.g., molecular weight). In any case, the an
tigenicity prediction interpretation should account for protein length.

Conclusion

IApred establishes itself as a robust and versatile solution for intrinsic 
protein antigenicity prediction, outperforming widely used tools by 
achieving a balanced sensitivity (0.702) and specificity (0.706) across 
diverse pathogen classes. Its open-source, host-and-pathogen-agnostic 
design, combined with the ability to process approximately 1000 se
quences per minute using the standard google colab configuration (and 
up to 10,000 sequences per minute in the web server, although limited 
to 1000 sequences per run), enables seamless integration into bioinfor
matics pipelines and large-scale analyses relevant to vaccine develop
ment, diagnostic design, and therapeutic protein engineering.

Fig. 3. Comparison between antigenicity predictors: The performance of ANTIGENpro, VaxiJen 2.0, VaxiJen 3.0 and IApred was evaluated using a dataset 
derived from the Protegen database. (A) ROC-AUC curves are comparing the predictive accuracy of each tool. (B) Calibration plot displaying the mean chi-square 
values for the four predictors. (C) Table summarizing key performance metrics for each predictor. (D) Graphical representation of predictors agreement based on 
IAscore, with darker colors indicating higher consensus among predictors regarding a protein antigen classification.
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By addressing key limitations of existing predictors—such as limited 
accessibility, lack of transparency, and restricted applicability to non- 
bacterial antigens—IApred provides the scientific community with a 
transparent and adaptable framework. The comprehensive training 
dataset, which encompasses diverse pathogen classes, ensures reliable 
performance across a wide range of organisms, making IApred partic
ularly valuable for studying emerging pathogens and non-bacterial an
tigens. The availability of the training code and datasets further 
empowers users to retrain or extend the model for specialized 
applications.

While current results demonstrate strong and reliable performance, 
there is significant potential for future enhancements. Expanding the 
training dataset, especially for underrepresented non-bacterial patho
gens, could further improve prediction accuracy. Incorporating immu
nological and structural features, such as T- and B-cell epitope 
predictions, could further enhance prediction accuracy and scope. An 
advanced version of IApred, currently under development, aims to 
address these aspects for specialized use cases, while the present version 
remains highly effective for general applications.

In summary, IApred offers a balanced, accurate, and accessible 
alternative to existing antigenicity predictors. Its open-source founda
tion and comprehensive design not only address current challenges but 
also lay the groundwork for future advances in antigenicity prediction 
and immunoinformatic research
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The heatmap shows the correlations between the used features, 

while the histogram shows the importance of each feature in the final 
model. Positive importances correlates with

Supplementary Figure 2: Correlation between antigenicity and 
protein length.

The Pearson Correlation between the antigenicity score generated by 
each of the four analysed predictors and the length of the protein. Each 

figure shows the Pearson Correlation value for the Antigen, Non-antigen 
and combined datasets (box), as well as a linear regression and Locally 
Estimated Scatterpoint Smoothing (LOESS) Curves. (A) IApred; (B) 
ANTIGENpro; (C) Vaxijen 2.0; (D) Vaxijen 3.0-bacteria; (F) Vaxijen 3.0- 
all.
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