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SUMMARY

Emerging research links the gut, skin, and oral microbiomes to allergies, with serine proteases (SPs) identi

fied as potential allergens. This study leverages deep learning and pre-trained protein language models 

(pLMs) to uncover allergenic SPs in metagenomic data. First, we develop a model to identify the catalytic 

serine residue in serine hydrolases, demonstrating how pLMs capture structural information. Next, we create 

a deep learning framework to detect candidate SP allergens across gene catalogs, using the conserved cat

alytic triad to identify homologs in gut and oral sites despite low sequence identity. Our model predicts a pu

tative SP allergen resembling V8 protease, a known trigger for protease-activated receptor 1. It also identifies 

a cysteine protease similar to Der f 1 from dust mites. Immunization with these proteases induced allergic 

responses, validating their allergenic potential experimentally. This approach uncovers candidate allergens 

beyond traditional methods, offering new targets for allergy research. A record of this paper’s transparent 

peer review process is included in the supplemental information.

INTRODUCTION

The worldwide rise in allergic disease prevalence necessitates a 

deeper understanding of underlying mechanisms.1,2 Recent ev

idence suggests that the enzymatic activities of environmental 

allergens, including proteolytic activity, play a crucial role in initi

ating allergic responses at various tissue sites.3–5 Many immuno

dominant allergens can be categorized as serine or cysteine pro

tease enzymes that follow a proteolytic mechanism defined by a 

catalytic triad in the active site.6–8 Despite disparate plant, ani

mal, and fungal sources, these proteases share characteristics 

that suggest they have convergently evolved similar functions.9

This makes cysteine or serine protease activity a distinctive 

feature that could be exploited for allergen classification or dis

covery.10 The microbiome is one untapped source of possible 

allergenic proteases. While the gut microbiome and various mi

crobial mechanisms have been implicated in the risk and devel

opment of allergic diseases,11,12 further studies are needed to 

identify specific proteases involved in these pathways, including 

investigation of proteases, as these have previously been asso

ciated with allergic pathology.5

Aberrant protease reactions are a contributing factor in various 

inflammatory diseases.13 Many immunodominant allergens, 

such as the house dust mite allergen Der f 1 and the papaya 

allergen papain, are cysteine proteases, whose enzymatic func

tions are required for allergenic activity.5,14 Similarly, the proteo

lytic activity of serine proteases (SPs) can be linked to processes 

that initiate inflammation.15,16 SPs fall within the broader cate

gory of serine hydrolases (SHs), which collectively constitute 

∼1% of the human genome and are present across the domains 

of life.17 Some microbes, such as Staphylococcus aureus, 

encode SPs that trigger an allergy-like response, leading to the 

production of SP-specific immunoglobulin E (IgE) and memory 

T helper 2 (Th2) cells.18 One mechanism of action involves SPs 
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proteolytically cleaving Mas-related G protein-coupled recep

tors (Mrgprs) and protease-activated receptors (PAR1/PAR2). 

This, in addition to other possible pathways, can activate sen

sory nociceptors, leading to itch, Th2-skewing dendritic cell 

(DC) migration, Th2 development, and Th2 recruitment.19–27 Mi

crobial SPs have also been shown to act as itch triggers by 

activating PAR1, but whether they induce allergic disease is un

known.27 Other PARs are also activated by microbial proteases. 

Notably, PAR2 is targeted in lung tissue by Streptococcus pneu

moniae28 and in Crohn’s disease by several microbes.29 PAR2 

has been implicated in pain pathways in patients with irritable 

bowel syndrome30 and may contribute to nerve ending exposure 

through the dysregulation of tight junctions in the colonic 

epithelia.31 The diverse mechanisms by which SPs contribute 

to inflammatory processes, particularly in allergy-like responses, 

warrant further investigation.

Several allergen prediction tools have been developed, 

each focusing on different methodologies to uncover sequences 

and some potential structural homologies with known allergens. 

AllergenFP32 utilizes E-descriptors to capture structural proper

ties of all allergens, while AllerHunter33 employs the Smith- 

Waterman algorithm and BLOSUM62 matrices to train a ma

chine learning model. Other tools, like AlgPred 2.0,34 rely on 

BLAST35-based similarity searches combined with multiple 

sequence alignments. By contrast, AllerCatPro 2.036 incorpo

rates additional 3D structure information for epitope mapping 

but on a limited set of structures.

Recent advancements in deep learning methods demon

strated an impressive ability to scale and capture evolutionary 

and structural features of proteins.37–42 Advanced structural ho

mology search tools like Foldseek43 and DALI44 further aid in 

incorporating new information for functional annotation. For the 

prediction of allergens, ProAll-D45 uses a long short-term mem

ory model. Other deep learning allergen prediction tools like 

ALLERDET46 and DeepAlgPro47 use custom-built deep learning 

models to predict allergens. Protein language models (pLMs) 

have been at the forefront of these advancements, demon

strating their ability to discern recurrent patterns across vast da

tasets of protein sequences.40,48–51 The success of pLMs in 

downstream transfer learning tasks across diverse biological 

topics, such as T cell receptor (TCR) epitope binding,52,53 pro

tein-protein binding,54,55 remote homology,48 drug and protein 

interactivity,56 protein solubility,57 and secondary structure pre

diction,40,58 highlights their potential for the identification of aller

gens. Indeed, AllerTrans59 leverages pLMs for broad allergen 

prediction.

Despite the advancements in prediction tools, structural sim

ilarity does not necessarily equate to functional similarity, and 

none of the aforementioned tools specifically investigate SP al

lergens, in which proteolytic function, rather than structure, im

parts allergenicity. We hypothesize that the per-residue granu

larity of pLMs60,61 makes them well-suited to capture the 

highly conserved residues of an SP catalytic triad and that the 

transfer learning framework can be used to identify SPs with 

allergenic potential, using pLM embedding representations of 

annotated SPs as input data in the classifier.

Traditional classification relies on clearly defined negative 

and positive classes, which are often difficult to establish in 

real-world scenarios.62 Creating a set of ‘‘negative’’ or non- 

allergenic SPs can be challenging, as the set of known SPs 

not previously annotated as allergens may nevertheless 

include allergens, given the lack of systematic experimental 

screens of SPs for allergenic activity in the literature. There

fore, to identify SP allergens amidst other SPs and SHs, we 

employed a variation of positive unlabeled (PU) learning63 in 

which the set of unannotated SPs is weighted less heavily dur

ing training than known SP allergens, reflecting their uncertain 

allergenic status. PU learning has previously been used to 

address this same problem in the context of training machine 

learning models to predict disease genes62 and has been 

effectively implemented using machine learning algorithms 

like support vector machines (SVMs).64 In this context, 

SVMs optimize for the positive class while adjusting slack var

iables to handle outliers or negative examples.62 The success

ful application of deep learning to PU learning in fault detec

tion65 further motivates the application of this methodology 

to SP allergen classification.

To detect potential SP allergens, we employed two comple

mentary strategies. First, we used pLM embeddings to train 

our models. Second, we explored the strengths of different 

modeling frameworks by training both a traditional SVM classi

fier and a deep learning model. We evaluated the generalizability 

of our models by applying them to microbial gene catalogs from 

diverse taxonomic groups, including the Unified Human Gastro

intestinal Genome (UHGG)66,67 and Human Oral68 microbiome 

datasets from MGnify. Using the diverse Foldseek clustered 

AlphaFold Protein Structure Database (AFDB Clusters),69 we 

incorporated detailed knowledge of SP properties into our 

model. Our model predicted several thousand putative SP and 

even cysteine protease allergens in the gut and oral micro

biomes. Among these, we pursued two specific candidates for 

experimental validation that showed structural similarity to the 

known allergen proteases, V8 protease and Der f 1. Using murine 

immunization models, we showed that these predicted SP and 

cysteine proteases are bona fide allergens based on their ability 

to activate an allergic immune response, characterized by Th2- 

skewing DC migration to draining lymph nodes and Th2 differen

tiation. Together, these approaches provide evidence that our 

classifier is able to predict SP-like allergens in large metagenom

ics datasets.

RESULTS

Catalytic serine recognition using pLMs

The highly conserved SH enzyme family is defined by a unique 

structural feature consisting of three amino acid residues that 

comprise a catalytic triad. Common motifs around the catalytic 

serine include GxSxG in lipases,70 SXXK in β-lactamases,71 and 

others. We aimed to assess how well pLM embeddings capture 

catalytic SP activity with allergenic potential. Using a logistic 

regression (LR) classifier trained on residue embeddings from 

pLMs, we investigated whether these embeddings could accu

rately identify catalytic serines within SH sequences. Three 

state-of-the-art pLMs—ESM-2,40 ProtT5,49 and ProSE51— 

were used to generate protein embeddings. We manually 

curated a set of 232 SH sequences and used a random split 

of catalytic and non-catalytic serines to train and evaluate the 

LR classifier. Given that the embedding dimensions vary 
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(ESM-2: 1,280, ProtT5: 1,024, and ProSE: 6,165), we trained 

separate LR models for each pLM.

To benchmark the ability of each pLM to distinguish catalytic 

serines from non-catalytic serines in SH sequences, we used 

three metrics to compare the LR models trained on the pLM em

beddings on a held-out test set (25%). First, we evaluated the 

area under the curve (AUC) of a receiver operating characteristic 

(ROC) plot (AUROC), in which each model’s true positive rate for 

identifying catalytic serines was plotted against its false positive 

rate. The performance of all three models was greater than 0.99 

(Figure 1A). Second, we computed precision (the accuracy of 

each model’s positive predictions) and recall (the extent to which 

each model could capture all positive cases in the dataset) at 

different thresholds for each LR model. Of the three models, 

ESM-2 maintained maximum precision up to the highest recall 

value, beyond which its precision fell and continued to fall as 

recall increased further. Meanwhile, the precision of ProtT5 

initially decreased at a lower recall value but remained relatively 

constant as recall increased further (Figure 1B). Third, to 

compute a quantitative value, we used the F1 score, which is 

the harmonic mean of the precision and recall values. All three 

pLMs had an F1 score above 0.94 (Figure 1C), ranging from 

0.942 (ProSE) to 0.949 (ProtT5).

The LR models trained on the ProSE, ProtT5, and ESM-2 pLM 

embeddings performed similarly on each of the benchmarking 

tasks for catalytic/non-catalytic classification. We next used 

principal-component analysis (PCA) to reduce the dimension

ality of the embeddings of each of the catalytic and non-catalytic 

serines (Figure 1D). Catalytic serines clustered in each case. In 

the ProSE pLM, two distinct clusters appeared to catalog all 

the catalytic serines. Not only were the two classes linearly sepa

rable in the embedding space, as shown by the accuracy of LR 

models, but they were also visually separable when the embed

dings were projected onto the top two principal components.

We chose to move forward with the ProtT5 embedding, which 

had the smallest embedding size (1,024), the highest F1 score, 

and comparable AUC and precision/recall to ESM-2. To examine 

whether specific features in the ProtT5 embedding could explain 

the LR model decision boundary, we analyzed the LR model us

ing SHAP (Shapley additive explanations) values72,73 and found 

that no given embedding feature had an outsized impact on the 

model’s predictions (Figure S1).

Developing classification models for SP-like allergens

We leveraged the Allergome database to identify 33 initial aller

genic SPs (ASPs) from diverse taxonomies for use in our training 

data. We designated two negative classes for non-allergens: 116 

non-allergenic serine proteases (NASPs) and 126 non-protease 

SHs (NPSHs). These initial proteases served as our foundational 

seeds—representative proteins used to collect additional 

training data. Collectively, we refer to all the proteins in the 

ASP, NASP, and NPSH sets as the SH class (STAR Methods). 

We utilized AFDB Clusters to supplement each initial seed in 

our training data with structurally similar proteins (Figure 2A). 

For each protein that mapped to a cluster, every cluster member 

was downloaded and used to augment the training dataset. This 

resulted in 9,004 members labeled as ‘‘allergens’’ and 80,841 

members labeled as ‘‘non-allergens.’’ We included seeds from 

the Pfam protein families database74,75 (Pfam seeds, or PS) as 

additional non-allergen training examples. Since PS represents 
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Figure 1. Different pLMs are able to identify serine residues in the catalytic site 

(A and B) To benchmark the ability of LR models trained on three different pLM embeddings (ProtT5, ESM-2, and ProSE) to classify catalytic versus non-catalytic 

serines, we plotted (A) ROC curves and (B) precision/recall curves computed on a held-out test set. 

(C) F1 scores (harmonic means of precision and recall) for each classifier with the standard threshold of 0 for the log-odds ratio. 

(D) Using PCA, each pLM serine embedding was reduced from the original dimensionality of the pLM (ProtT5: 1,024, ESM-2: 1,280, and ProSE: 6,165) to two 

dimensions (principal components [PCs] 1 and 2). Blue points represent catalytic serines, and purple points represent non-catalytic serines.
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75% of UniProt functional annotations, this exposes the classi

fier to a very large distribution of proteins.38

We developed two binary classification models to detect aller

gens: an SVM, representing a classical machine learning 

approach, and a multilayer perceptron (MLP), a deep learning 

feedforward neural network (Figure 2B). Our decision to employ 

binary classification models was driven by the complex nature of 

allergen detection in the embedding space. The significant over

lap between allergen and non-allergen embeddings (Figure S2A) 

and cosine similarity between embeddings (Figure S2B) necessi

tated further training beyond zero-shot classification methods. 

We used only the SH subclasses to train the SVM. During MLP 

training, we tuned the influence of different embedding sub

classes (ASP, NASP, NPSH, and PS) to improve allergen detec

tion. This weighting strategy helped the MLP prioritize learning 

allergen characteristics without overfitting on negative 

examples.

To find the optimal SVM model, we performed a randomized 

grid search, accounting for the kernel coefficient γ (a regulariza

tion parameter) and class weights for the SH subclasses. We 

selected the best of the resulting 10 models based on its 

AUROC. To determine this, we randomly split all the proteins in 

the ASP and NASP classes into an 80% training set and a 

20% test set. We then augmented the training set with all of 
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Figure 2. Curation and development of ma

chine learning models to detect SP aller

gens 

Using the pooled (averaged across each residue) 

embeddings from ProtT5, several classes of SHs 

and other proteins were established. 

(A) A set of initial seeds for classes labeled 

‘‘allergenic serine proteases,’’ ‘‘non-allergenic 

serine proteases,’’ and ‘‘non-protease serine hy

drolases’’ was collected. After clustering, each 

initial seed was augmented with more proteins 

based on structural clustering defined by 

AlphaFold Clusters.69 The allergenic SP class was 

then labeled as ‘‘allergen,’’ and the remaining 

classes and additional Pfam seeds were aggre

gated as ‘‘non-allergen.’’ 

(B) ProtT5 was run on every protein in each 

labeled class from the structural augmentation to 

generate embeddings. Two models were trained 

in parallel on a binary classification task to label 

proteins as allergens or non-allergens. One model 

was developed as an SVM, while the other fol

lowed a deep learning paradigm using an MLP 

neural network architecture. The neural network 

had two hidden layers of size 256 and 768 that 

ultimately mapped to the allergen or non-allergen 

classes. The white X’s in the neural network 

indicate dropped nodes during the dropout 

regularization.

the entries in the NPSH class. The highest 

AUROC achieved on the test set 

was 98.5%.

To find the optimal MLP model, we em

ployed RayTune76 to optimize layer size, 

batch size, and class weights by randomly 

sampling hyperparameter values. We 

again split the ASP and NASP classes into 80/20 train/test sets, 

then further subdivided the original 20% test set, creating a valida

tion set and a final test set that each comprised 10% of the ASP 

and NASP data. We then augmented the training set with all of 

the entries in the NPSH and PS classes. We trained each model 

for 20 epochs, calculating the AUROC of the validation set at 

20% intervals within each epoch. Upon training completion, an 

AUROC evaluation was performed on the designated final test 

set, and the model that achieved the highest AUROC (95.6%) 

was chosen as the optimal model (Figures S2C and S2D). The 

MLP classifier consists of four layers: an input of 1,024 dimensions 

(ProtT5 embedding size), which is projected to 256 dimensions, 

then to 768 dimensions, and finally to 2 dimensions representing 

allergen and non-allergen (Figure 2B). Among the three ap

proaches (MLP, SVM, and zero-shot classification models), the 

MLP demonstrated superior performance (Figures S2E and 

S2F), leading us to select it as our primary model for allergen 

discovery.

When we first applied our MLP, trained on SH families, to the 

oral (791,924 proteins) and gut (4,601,771 proteins) catalogs, it 

labeled ∼10% of each catalog as allergens, likely an overestimate 

due to limited negative examples. To address this, we incorpo

rated over one million Pfam seed proteins as additional non- 

allergen data, expanding coverage of diverse protein domains. 
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This step acts as a crucial regularizer. By forcing the model to 

distinguish proteases from a vast and diverse set of non-prote

ases, we prevent it from overfitting on spurious features in the 

small allergen set. It must instead learn the more subtle and gener

alizable signals of allergenicity. This adjustment reduced pre

dicted allergens to ∼0.1%–0.2% (Figure 3A) of each catalog 

(oral: 62,060 to 1,365; gut: 476,149 to 10,197). While some false 

positives may remain, these results highlight the importance of 

supplementing training data with diverse protein domains.

To assess the annotation quality of our classifiers, we 

compared our models against a traditional sequence homology 

method, DIAMOND77 (STAR Methods). Our SVM model labeled 

547 gut proteins and 270 oral proteins as allergens, and more 

than 98% of these were also identified by DIAMOND as sharing 

sequence similarity with known allergens. The MLP model’s pre

dictions are associated with probabilities, and as we increased 

the probability threshold for inclusion of the MLP classifier pre

dictions, the overlap of the results between DIAMOND and the 

MLP model decreased. We set a probability threshold of 0.85 

to focus on high-confidence allergen predictions while maintain
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Figure 3. MLP model compared with 

sequence-based homology tool DIAMOND 

(A) The number of labeled allergens, in log base 10 

scale, in the MGnify gut and oral protein catalogs, 

as a function of the number of Pfam seeds in the 

negative (non-allergen) class. 

(B) The total number of MLP model allergen pre

dictions that overlap with DIAMOND as a function 

of the probability of the MLP model. The threshold 

of 0.85 is set to ensure high confidence for the 

predictions made by the model without losing 

many predictions. 

(C) The number of allergen predictions made by 

DIAMOND (pink) when running sequence similar

ity searches on gut and oral protein catalogs over 

the allergen class sequences overlapped (brown) 

with the number of allergen predictions made by 

the MLP model (green). 

(D) The sequence identity and query coverage of 

the best hit (measured by lowest e value) of the 

intersecting allergen predictions in the gut and oral 

protein catalog made via DIAMOND and the MLP 

model. The violin plots represent the density dis

tribution of the hits along the two axes, where the 

dotted lines, from left to right (x axis) and bottom to 

top (y axis), represent the 25th, 50th, and 75th 

percentiles, respectively.

ing overlap with DIAMOND (Figure 3B). In 

contrast to the SVM model, only approx

imately 24% of gut and 56% of oral aller

gens that the MLP model predicted with 

over 0.85 probability overlapped with 

DIAMOND predictions (Figure 3C). These 

results suggest that the MLP model can 

identify potential allergens distinct from 

those that can be detected by sequence 

similarity searches.

The hits that overlapped with 

DIAMOND were further broken down by 

sequence identity and query coverage between the DIAMOND 

queries and the reference set of allergens. Although query 

coverage was high, the 50th percentile of sequence identity of 

the overlapping hits was only 35% for the oral catalog and 

37.5% for the gut catalog (Figure 3D), and overall was <47% 

for 75% of the hits. The MLP model’s ability to train over complex 

non-linear relationships between embedding and function may 

explain its ability to recover alignments at a lower sequence 

identity.

Discovery of putative allergens in oral and gut protein 

catalogs

To determine whether the MLP model could uncover novel ASPs 

in the gut and oral microbial protein catalogs, we examined high- 

confidence MLP predictions corresponding to proteins with no 

similarity to previously characterized allergenic enzymes. First, 

of the 10,197 gut and 1,365 oral proteins that our MLP classifier 

had labeled as allergens, we took the 3,874 gut and 658 oral pro

teins that were labeled with a confidence of 0.85 or higher and 

folded them using ESMfold.40 Next, using Foldseek,43 we ran 
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the folded proteins in a structural alignment search against pre

dicted structures in Swiss-Prot.78 We annotated the Foldseek 

hits by performing a Pfam and InterPro domain scan using 

InterProScan79 (STAR Methods).

Although the distribution of the Pfam annotations from this 

initial prioritization varied between the two protein sets, the ma

jority of hits (37.05% in gut, 50.28% in oral) came from the sub

tilase family (Figure 4A). A subset of the remaining hits came from 

families of other protease-type enzymes, including the trypsin, 

peptidase-C1, and papain families, with papain being a major 

model allergen and its highly related counterparts, Der p 1 and 

Der f 1, recognized as common environmental allergens. Since 

our initial training seeds consisted exclusively of SPs, the label

ing of cysteine proteases demonstrates our model’s ability to 

generalize beyond its training data. We observed the same 

breakdown of enzyme families in the annotations provided by 

both Clusters of Orthologous Genes (COG) and InterPro 

(Figure S3). We further observed a diverse distribution of taxon

omy for both sets of proteins. While most hits belonged to the Fir

micutes and Actinobacteria phyla, the gut protein catalog 

uniquely contained hits from species within the Desulfobacterota 

and Verrucomicrobiota phyla (Figure 4B).

Using a priority scoring metric we developed that aggregated 

query coverage, target coverage, alignment template modeling 

(TM) score, and sequence identity from Foldseek with the e value 

of any hit also found in the InterProScan results, we filtered 

(STAR Methods) our set of 3,874 gut and 658 oral proteins 

down to 412 gut (a 9-fold reduction) and 147 oral proteins (a 

4-fold reduction) (Figures 4C and 4D). Observing a positive cor

relation between our priority score and Foldseek’s e value, we 

ranked our filtered set of proteins by − log(e value) from Fold

seek. Thirteen oral allergens in the filtered set were predicted 

to be encoded by Prevotella species, including three of the top 

15 proteases in the ranked list (Table S1), which aligns with Pre

votella’s known involvement in oral inflammation80 and potential 

links to asthma.81 The gut gene catalog revealed 69 hits pre

dicted to be encoded by Lachnospiraceae, including 6 of the 

top 25 microbial proteases (Table S2). Notably, Lachnospiraceae 

members have been implicated in early-life egg and milk al

lergies,82,83 hinting at a potential role of these gut proteases in 

allergic pathways.

To evaluate the prevalence of these highly ranked predicted 

allergens in the human gut microbiome, we cross-referenced 

these proteins with a gut metagenomics collection of healthy 

individuals from the Framingham Heart Study (FHS).84 We 

detected 110 of the predicted gut allergens in the FHS gut 

microbiome gene catalog with high homology (sequence 

identity > 90%, query coverage > 93%). Of those, three proteins 

in different Lachnospiraceae species were highly prevalent in the 

FHS population: Roseburia hominis (77.2% prevalent), Eubacte

rium eligens (67% prevalent), and Eubacterium rectale (87% 

prevalent). All of these putative allergens contained a subtilase 

Pfam domain and showed high structural and sequence similar

ity to known subtilisin allergens (Figure S4). Both R. hominis and 

E. eligens have been associated with a general lowering of 

inflammation85,86; however, E. rectale was found to be enriched 

in pediatric patients with food or respiratory allergies.87

Of the 412 gut and 147 oral putative allergen proteins that 

passed our priority scoring metric, 211 gut and 124 oral proteins 

were discovered only by the MLP classifier and not by DIA

MOND.77 We focused on proteases with low sequence identity 

(15%–35%) to their closest Foldseek hit while maintaining high 

structural similarity (>0.7 TM score). As a result, we identified 

52 gut and 45 oral putative proteases. We chose to structurally 

search these putative allergens against known crystal structures 

in the Protein Data Bank (PDB) and predicted structures in 

Swiss-Prot. We pursued two specific hits: one to a V8 protease 

from the gut protein catalog and another to a Der f 1 cysteine pro

tease in the oral protein catalog. We chose these hits for their low 

sequence identity (in the ‘‘twilight zone’’88 of 20%–35%) and 

high structural homology (>0.8 TM score). The MLP model’s con

fidence in labeling these two sequences as allergenic was 

consistently high, even when we altered residues within, near, 

and far from the catalytic triad (Figure S5).

Our first unknown allergen protease demonstrated high struc

tural homology (TM score 0.87) and low sequence identity 

(31.05%) to an experimentally characterized crystal structure of 

a V8 protease from Staphylococcus aureus (Figure 5A, left). 

Sequence and structural alignment of the unknown allergen and 

the S. aureus V8 protease revealed complete conservation of 

the catalytic triad and overall high sequence and structural identity 

in the catalytic domain (Figure 5B, left). The putative enzyme is 

predicted to be from Staphylococcus schleiferi in the gut catalog. 

Using the Joint Genome Institute Integrated Microbial Genomes 

(JGI IMG) database, we identified several transporter proteins 

among the regulatory elements in the genomic neighborhood of 

the putative enzyme (Figure 5C, left). Consistent with this, the 

enzyme is predicted to contain a signal peptide. A sequence sim

ilarity search of the putative SP against other microbial genomes 

yielded hits mostly in the Firmicutes phylum (Figure 5D, left), 

many of which were from other Staphylococcus species. The 

identification of this putative V8 protease within the gut catalog 

highlights the potential to discover many uncharacterized SPs 

that may share similar allergenic functions along the PAR1 axis.

The presence of cysteine proteases (CPs) among our pre

dicted allergens is noteworthy given that our training data con

sisted solely of SPs, highlighting the MLP model’s ability to 

generalize beyond its initial scope. To validate the plausibility 

of CP hits, we focused on a putative CP allergen from Tannerella 

forsythia with high similarity to the allergen Der f 1 from the Amer

ican house dust mite Dermatophagoides farinae. We found that 

the putative enzyme had high structural homology (TM score 

0.87) and low sequence identity (25.71%) to Der f 1 (Figure 5A, 

right) and that the catalytic domain was highly similar, with per

fect sequence and structural alignment of the catalytic triad 

(Figure 5B, right). The genomic neighborhood of the putative 

CP included a radical S-adenosyl-L-methionine (SAM) enzyme 

as well as transporter proteins (Figure 5C, right). We found ho

mologous genes to this putative CP in a wider range of species 

than we did for the SP homologs (Figure 5D, right). In a separate 

sequence similarity search, we found a sequence with 99% sim

ilarity to the putative CP in a Dialister invisus genome recovered 

from metagenomic sequencing of stool samples from the FHS, in 

which D. invisus is prevalent (>85%) despite typically being 

found in the oral cavity.91 The presence of a Der f 1-like CP in 

the gut, originating from an oral microbe also known to colonize 

the gut,92 raises the possibility that allergic responses to this pu

tative allergen could involve both the oral and gut environments.
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Experimental validation of allergens discovered

Cutaneous exposure to protease allergens leads to the initiation 

of an allergic immune response, characterized in the mouse skin 

by the migration of allergic-skewing CD301b+ dermal DCs to the 

draining lymph node, where they instruct naive CD4+ T cells to 

differentiate into interleukin (IL)-4-expressing Th2 cells.5,14,93,94

In order to determine whether our predicted SP and CP allergens 

were bona fide allergens, we examined the immune response 

downstream of papain, a well-established CP allergen from 

papaya, to that of recombinantly derived S. schleiferi SP or 

189 annotated Pfam domains

37.05%  PF00082 Subtilase family
4.43%  PF07963 Prokaryotic N-terminal methylation motif
3.79%  PF13365 Trypsin-like peptidase domain
3.71%  PF05658 YadA head domain repeat (2 copies)
3.66%  PF07596 Protein of unknown function (DUF1559)
2.90%  PF00112 Papain family cysteine protease
2.39%  PF00089 Trypsin
2.34%  PF00395 S-layer homology domain

70 annotated Pfam domains

50.28%  PF00082 Subtilase family
5.23%  PF00109 Beta-ketoacyl synthase, N-terminal domain
4.94%  PF02801 Beta-ketoacyl synthase, C-terminal domain
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Gut: 
10,197
Oral: 
1,365

Gut:
3,874
Oral: 
658

Predictions
above 0.85
probability

Multilayer
perceptron
predictions

Gut:
412
Oral:
147

Gut Protein Catalog Oral Protein Catalog

-4 -2 0 2 4
0

20

40

60

80

100

Priority Score

-lo
g(

e 
va

lu
e)

-4 0 2 4
0

20

40

60

80

100

Priority Score

-lo
g(

e 
va

lu
e)

C

A

B
Firmicutes A
Firmicutes
Actinobacteriota
Proteobacteria
Verrucomicrobia
Bacteroidota
Desulfobacterota

D

Proteobacteria
Bacteriodota
Firmicutes A
Firmicutes C
Actinobacteriota

Filter by query 
coverage, sequence
identity, TM score 

43.44% Other

1.98%  PF13343 Bacterial extracellular solute-binding protein

29.23%  Other

Gut Protein Catalog Oral Protein Catalog

-2

Gut Protein Catalog Oral Protein Catalog

Figure 4. Prioritizing the allergen findings in gut and oral microbial protein catalogs 

(A) The Pfam protein families database75 distribution of the initial prioritized gut (left) and oral (right) hits. Only domains that were annotated in Pfam are rep

resented. 

(B) The taxonomy distribution of the prioritized hits. The gut proteins (left) exhibit broader taxonomic diversity than the oral proteins (right). 

(C) The first step of our prioritization scheme was to filter the initial set of proteins that the MLP model labeled as allergens to only those in which it had high 

confidence (>0.85 probability). We then used InterProScan79 and Foldseek43 to stratify our hits based on query coverage (above 0.9), sequence identity (below 

0.35), and structural (TM) score (above 0.7). 

(D) Scatterplot of the priority scores of the initial prioritized gut (left) and oral (right) hits versus the negative log of the e value of the hits in the structural search. The 

subset of hits that passed this second filtering step is highlighted in purple.
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T. forsythia CP. As expected, papain led to the migration of acti

vated Th2-skewing CD301b+ DCs, as measured by an increase 

in percentage and number of activated CD86+PDL2+CD301b+ 

DCs (Figures 6A–6C and S6A). This effect was largely limited 

to the Th2-skewing DC population, as papain had minimal effect 

on the total numbers of T helper 1 (Th1)-skewing XCR1+ DCs in 

the draining lymph node (Figures 6A and 6D). Similar to papain, 

both recombinantly derived S. schleiferi SP and T. forsythia CP 

induced the migration of activated Th2-skewing CD301b+ 

DCs, with minimal effect on Th1-skewing XCR1+ DCs 

(Figures 6A–6D). CD301b+ dermal DCs are required for the dif

ferentiation of Th2 cells, the allergic-type CD4+ T cell character

ized by the production of its hallmark cytokines IL-4 and IL- 

13.93,94 Consistent with their effects on CD301b+ DC migration, 

both recombinantly derived S. schleiferi SP and T. forsythia CP 

induced Th2 differentiation, marked by the accumulation of 

IL-4 but not interferon (IFN)-ɣ, producing CD4+ T cells in the 

draining lymph nodes 5 days after CP or SP immunization 

(Figures 6E, S6B, S6D, and S6F). This Th2-skewing effect was 

not shared by porcine trypsin (PT), endoproteinase Lys-C from 

Lysobacter enzymogenes, or clostripain from Clostridium histo

lyticum, three proteases predicted to be non-allergenic from 
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Figure 5. Beyond DIAMOND, the MLP model uncovers two putative undetected protease allergens in the gut and oral microbiome 

(A) Using US-align,89 two selected putative allergenic proteases were structurally aligned to experimentally characterized crystal structures: a SP to a known 

S. aureus V8 protease (left) and a CP to a known Dermatophagoides farinae (American house dust mite) Der f 1 allergen (right). 

(B) A structural search was performed using Foldseek,43 and the putative allergenic proteases were aligned to structures from Swiss-Prot based on TM score.89

Structural alignments are shown with foreground elements and extraneous loops removed for better visibility of the catalytic triad region. The catalytic triad 

elements for a SP (left) and a CP (right) are each indicated in close-up views of the aligned structures alongside sequence alignments of the surrounding residues 

and are conserved between the respective structures despite low (<35%) overall sequence identity. In the sequence alignments, conserved residues are colored 

red, and the catalytic triad residue is highlighted in gray. 

(C) The regulatory elements (genes) upstream and downstream of the gene encoding each putative protease. 

(D) For each putative protein, a BLASTp search was performed against the Joint Genome Institute Integrated Microbial Genomes (JGI IMG) database.90 Tax

onomy is displayed for the top 500 homologous hits.
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Figure 6. Deep learning predicted proteases activate the type 2 immune response 

(A) Representative flow cytometry of live CD11c+ cells from the draining lymph node (dLN) of wild-type (WT) mice 20 h after intradermal (i.d.) immunization as 

indicated. 

(legend continued on next page) 
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our model (Figures 6E, S6B, S6C, and S6E). Production of hall

mark Th2 cytokines was confirmed by in vitro T cell restimulation, 

which led to the specific release of Th2 cytokines IL-4 and IL-13 

but not IFN-ɣ (Figure 6F). These data illustrate that not only are 

the putative microbial allergens predicted by our pipeline 

capable of inducing skewed allergic immune responses in vivo 

but also that our pipeline successfully differentiates between 

allergic and non-allergic microbial proteases.

Our model was designed to predict enzymatically active pro

tease allergens. The CP papain requires protease activity to 

initiate allergic immune responses, and irreversible disruption 

of papain’s protease activity by either heat or pharmacological 

inactivation blocks its ability to induce an allergic immune 

response.14 To determine whether the predicted enzymatic 

activities of recombinantly derived S. schleiferi SP and 

T. forsythia CP were required for their immunostimulatory activ

ity, we immunized mice with heat-inactivated SP or CP and 

analyzed downstream DC migration. Heat-inactivated recombi

nant SP and CP were incapable of inducing CD301b+ DC activa

tion and migration, consistent with a requirement for enzymatic 

activity (Figures 6G–6I). Together, these data suggest that our 

MLP classifier is able to predict the presence of bona fide prote

ase allergens from commensal species.

DISCUSSION

This study describes a deep learning framework using pLMs and 

AFDB Clusters to enhance identification of allergenic proteases 

in metagenomic datasets. Our approach successfully catalogs 

and predicts different putative allergenic proteases from gut 

and oral metagenomes. The conservation of the catalytic triad 

in typical SPs, shaped by convergent evolution,9,95 makes it an 

ideal target for deep learning and structural approaches. We 

demonstrated 99% accuracy of three state-of-the-art pLMs in 

distinguishing catalytic from non-catalytic serines.

Encouraged by pLMs’ ability to identify catalytic triads in SHs, 

we hypothesized they could predict SP allergenicity. To address 

difficulties verifying negative examples, we trained our model to 

prioritize known allergens, penalizing negatives at varying rates. 

We expanded training data 10- to 100-fold using AFDB Clusters, 

incorporating SPs with low sequence homology but similar 

structure and putative function. This strategy proved effective, 

with our MLP classifier achieving an AUROC of 0.95, accurately 

distinguishing subtle differences between allergenic and non- 

allergenic SPs.

When applied to large oral and gut microbiome protein cata

logs, our model initially overpredicted allergens, likely due to 

overfitting on the small set of known allergenic proteases. This 

was rectified by retraining with over a million Pfam seed proteins, 

a step that served as a powerful regularizer. By including this 

vast negative set, we compelled the model to learn a simpler, 

more biologically meaningful decision boundary, forcing it to 

discard spurious correlations and instead identify the core fea

tures most predictive of allergenic function. This provided a 

broader proteome view, which elevated the model’s perfor

mance in discriminating allergenic and non-allergenic proteases.

While these findings highlight the prevalence of predicted 

allergenic proteases in common gut taxa (e.g., Lachnospiraceae 

species), their presence alone does not confirm allergenicity. Us

ing proteases predicted to be allergic or non-allergic, we vali

dated their predicted allergic capability experimentally. This sug

gests that our model can be used in larger-scale efforts to 

determine an allergic risk score associated with colonization 

with microbial taxa. However, associations of certain taxa with 

allergies or immune-mediated effects underscore the complexity 

of microbial-host interactions. Additional work will need to be 

performed to validate the specific role of microbial proteases in 

promoting allergic disease.

Many predicted allergens belonged to the subtilase family, 

possibly reflecting its size as the second-largest SP family 

across life domains.96,97 While 48% of our initial ASP training 

seeds were from this family (potentially causing bias), several 

subtilisins are known allergens, and research links human leuko

cyte antigen (HLA)-DQ genotype to subtilisin hypersensitivity.98

Our MLP model transcended primary sequence limitations, 

identifying critical functional motifs even within the lower 

sequence identity. It successfully flagged putative SP allergens 

sharing conserved catalytic triads with structural matches 

despite low pairwise identity. The model detected CPs despite 

their absence in training data, showcasing the model’s ability 

to learn essential protein features. Experimental evaluation 

confirmed that two putative allergenic proteases directly pro

moted allergic immune responses dependent on their functional 

activity.

These implications extend beyond our specific datasets. 

Similar fine-tuning of embeddings from diverse enzyme classes 

(B) Representative flow cytometry of CD11c+CD301b+ DCs from the dLN WT mice 20 h after i.d. immunization as in (A). 

(C) Percent and number of PDL2+CD86+CD301b+ DCs were quantified by flow cytometry from mice treated contralaterally with sham protein injection, oval

bumin (OVA), or protease as in (A) and (B). 

(D) Percent and number of PDL2+CD86+XCR1+ DCs were quantified by flow cytometry from mice treated as in (C). 

(E) Percent of cytokine-positive CD4+CD44high cells (gated as in Figures S6B–S6F) harvested 5 days after WT mice were immunized with sham with or without 

porcine trypsin (PT), endoproteinase Lys-C (EL-C), clostripain, CP, or SP. 

(F) IL-4, IL-13, and IFN-γ ELISA of cell-free supernatant from the lymph node homogenate of mice immunized as in (E) after stimulation with CD3 and CD28 for 

4 days in vitro. 

(G) Representative flow cytometry of CD11c+CD301b+ DCs from the dLN of WT mice 20 h after contralateral i.d. immunization with active or heat-inactivated (HI) 

CP or SP protease. 

(H and I) Percent and number of PDL2+CD86+CD301b+ DCs were quantified by flow cytometry from mice treated as in (G). Symbols represent individual lymph 

nodes (C, D, H, and I), mice or individual lymph nodes (E), or cell culture replicates (F). Bars indicate mean, and error bars indicate SEM. Statistical tests: two-way 

ANOVA with �Sı́dák’s multiple comparisons test (C and D), ordinary one-way ANOVA with multiple comparisons (E), two-sided unpaired Welch’s t test (F), and two- 

sided paired t test (H and I). Data are representative of at least two independent experiments, combined in (C), (D), (F), (H), and (I), with each experiment including 

3–5 mice per group. Data are representative of four independent experiments in which allergic and non-allergic proteases were tested separately and combined 

in (E), with each experiment including 3–4 mice per group. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001.
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has proven successful in predicting general function.38,99,100

While precise molecular pathways activated by protease aller

gens remain unclear, our work demonstrates the potential of 

deep learning and structural tools to identify novel allergens. 

With increasing metagenomic data available, this approach pre

sents a promising avenue for discovering new microbial SPs and 

reshaping our understanding of microbiome-host interactions.
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STAR★METHODS

KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Antibodies

Anti-mouse IL-13, Clone: eBio13A eBioscience Cat# 25-7133-82; RRID:AB_2573530

Anti-mouse CD11c, Clone: N418 BioLegend Cat# 117334; RRID:AB_2562415

Anti-mouse CD172a (Sirpa), Clone: P84 BioLegend Cat# 144012, RRID:AB_2563550

Anti-mouse CD19, Clone: 6D5 BioLegend Cat# 115545, RRID:AB_2562136

Anti-mouse CD273 (PDL2), Clone: TY25 BioLegend Cat# 107219, RRID:AB_2728127

Anti-mouse CD3, Clone: 17A2 BioLegend Cat# 100210, RRID:AB_389301

Anti-mouse CD3, Clone: 17A2 BioLegend Cat# 100227, RRID:AB_10900227

Anti-mouse CD301b (MGL2), Clone: URA-1 BioLegend Cat# 146808, RRID:AB_2563390

Anti-mouse CD4, Clone: GK1.5 BioLegend Cat# 100451, RRID:AB_2564591

Anti-mouse CD4, Clone: GK1.5 BioLegend Cat# 100412, RRID:AB_312697

Anti-mouse CD4, Clone: RM4-5 BioLegend Cat# 100555, RRID:AB_2562529

Anti-mouse CD4, Clone: RM4-5 BioLegend Cat# 100536, RRID:AB_493701

Anti-mouse CD86, Clone: GL-1 BioLegend Cat# 105035, RRID:AB_11126147

Anti-mouse CD8α, Clone: 53-6.7 BioLegend Cat# 100743, RRID:AB_2561352

Anti-mouse CD8α, Clone: 53-6.7 BioLegend Cat# 100734, RRID:AB_2075238

Anti-mouse CD8α, Clone: 53-6.7 BioLegend Cat# 100722, RRID:AB_312761

Anti-mouse CD8α, Clone: 53-6.7 BioLegend Cat# 100708, RRID:AB_312747

Anti-mouse FoxP3, Clone: MF-14 BioLegend Cat# 126404, RRID:AB_1089117

Anti-mouse IFN-ϒ, Clone: XMG1.2 BioLegend Cat# 505810, RRID:AB_315404

Anti-mouse IL-10, Clone: JES5-16E3 BioLegend Cat# 505021, RRID:AB_10900417

Anti-mouse IL-4, Clone: 11B11 eBioscience Cat# 53-7041-82, RRID:AB_469922

Anti-mouse MHCII, Clone: M5/114.15.2 BioLegend Cat# 107636, RRID:AB_2734168

Anti-mouse NK1.1, Clone: PK136 BioLegend Cat# 108737, RRID:AB_2562216

Anti-mouse XCR1, Clone: ZET BioLegend Cat# 148214, RRID:AB_2564369

Anti-mouse/human CD11b, Clone: M1/70 BioLegend Cat# 101245, RRID:AB_2561390

Anti-mouse/human CD44, Clone: IM7 BioLegend Cat# 103026, RRID:AB_493713

Anti-mouse/humanCD11b, Clone: RUO BioLegend Cat# 101206, RRID:AB_312789

Biotin anti-mouse IFN-γ Antibody, Clone: R4-6A2 BioLegend Cat# 505704, RRID:AB_315392

Biotin anti-mouse IL-4 Antibody, Clone: BVD6-24G2 BioLegend Cat# 504202, RRID:AB_315324

Biotin IL-13 Monoclonal Antibody, Clone: eBio1316H eBioscience Cat# 13-7135-85, RRID:AB_763556

eBioscience™ Fixable Viability Dye eFluor™ 780 Invitrogen Cat# 65-0865-14

IFN gamma Monoclonal Antibody, Clone: XMG1.2 eBioscience Cat# 14-7311-85, RRID:AB_468468

IL-13 Monoclonal Antibody, Clone: eBio13A eBioscience Cat# 14-7133-85, RRID:AB_763554

Purified anti-mouse IL-4 Antibody, Clone: 11B11 BioLegend Cat# 504102, RRID:AB_315316

TruStainFcX (anti-mouse CD16/32), Clone: 93 BioLegend Cat# 101320, RRID:AB_1574975

Chemicals, peptides, and recombinant proteins

0.5 M EDTA, pH 8.0 Gibco Cat # 15575-038

2-mercaptoethanol Thermo Fisher Scientific Cat # 21985023

BD GolgiPlug Protein Transport Inhibitor Fisher Scientific Cat # BDB555029

Clostripain, Clostridium histolyticum Thermo Scientific Chemicals Cat # AAJ61362MCR

Collagenase P Sigma-Aldrich Cat # 11213857001

Dispase II Sigma-Aldrich Cat # D4693-1G

DNase I, grade II, from bovine pancreas Sigma-Aldrich Cat # 10104159001

(Continued on next page)
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Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

Endoproteinase Lys-C MedChemExpress Cat # HY-P3208

Fetal bovine serum Sigma-Aldrich Cat # F4135-500ML

GlutaMAX Supplement Fisher Scientific Cat # 35050061

IFN-gamma (ELISA Standard) Recombinant Protein eBioscience Cat # 39-8311-65

Ionomycin Sigma-Aldrich Cat # I0634-1MG

Non-Essential Amino Acid Solution Lonza Cat # 536060

OPD Sigma-Aldrich Cat # P9187-50SET

Ovalbumin Sigma-Aldrich Cat # A5503

Papain from Carica papaya Sigma-Aldrich Cat # 76216-50MG

PBS Corning Cat # 21-031-CV

PMA, Molecular Biology Grade Sigma-Aldrich Cat # P1585-1MG

Putative cysteine protease (CP) Genscript N/A

Putative serine protease (SP) Genscript N/A

Recombinant Mouse IL-13 (ELISA Std.) eBioscience Cat # 29-8131-60

Recombinant Mouse IL-4 (ELISA Std.) BioLegend Cat # 575609

Red blood cell lysis buffer Sigma-Aldrich Cat # R7757

RPMI 1640, 1X Corning Cat # 15-040-CV

Trypsin from porcine pancreas Sigma-Aldrich Cat # T7409

Sodium Pyruvate (100 mM) Thermo Fisher Scientific Cat # 11360070

Critical commercial assays

BD Cytofix/Cytoperm BD Biosciences Cat# 554714, RRID:AB_2869008

Deposited data

Unified Human Gastrointestinal Genomes MGnify - EBI https://ftp.ebi.ac.uk/pub/databases/ 

metagenomics/mgnify_genomes/ 

human-gut/v2.0.1/protein_catalogue/

Unified Human Oral Genomes MGnify - EBI https://ftp.ebi.ac.uk/pub/databases/ 

metagenomics/mgnify_genomes/ 

human-oral/v1.0/protein_catalogue/

Framingham Heart Study Li et al.84 https://framinghamheartstudy.org/ 

fhs-for-researchers/

Experimental models: Organisms/strains

Mouse: C57BL/6 Charles River Laboratory Strain No.: 027; RRID:IMSR_CRL:027

Software and algorithms

Allergen Annotation (analysis and tool) 10.5281/zenodo.17459647 https://gitlab.com/kthurime/ 

serine_hydrolases

Graphpad Prism Version 10.1.1 https://www.graphpad.com/ 

scientific-software/prism/

ESM-2 protein language model Lin et al.40 https://github.com/facebookresearch/esm

ProSE protein language model Bepler and Berger51 https://github.com/tbepler/prose

ProtT5 protein language model Elnaggar et al.49 https://github.com/agemagician/ProtTrans

Scikit-learn Pedregosa et al.101 https://scikit-learn.org/stable/

SMOTE Chawla et al.102 https://imbalanced-learn.org/stable/

SHAP Lundberg et al.72,73 https://github.com/slundberg/shap

CD-HIT Fu et al.103 https://github.com/weizhongli/cdhit

DIAMOND Buchfink et al.77 https://github.com/bbuchfink/diamond

Foldseek AFDB Clusters Barrio-Hernandez et al.69 https://cluster.foldseek.com/

PyTorch Paszke et al.104 https://pytorch.org/

PyTorch Lightning lightning.ai105 https://lightning.ai/pytorch-lightning

RayTune Liaw et al.76 https://docs.ray.io/en/latest/tune/

ESMFold Lin et al.40 https://github.com/facebookresearch/esm

(Continued on next page)
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EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Mice

All animal experiments were approved by the Massachusetts General Hospital or Harvard Medical School Institutional Animal Care 

and Use Committee (IACUC). Mice were bred and housed under specific pathogen-free conditions at Massachusetts General Hos

pital in ventilated cages (≤5 per cage) on a 12-hour light/dark cycle at 20–25 ◦C and 35–65% humidity, with ad libitum access to food 

and water. Functionally wild-type C57BL/6 mice were either purchased from Charles River Laboratories (Wilmington, MA) or bred in- 

house. 6-12 week old, female and male mice were used for all experiments and numbers were matched among the experimental 

conditions.

METHOD DETAILS

Materials Availability

There are restrictions to the availability of the Serine Protease and Cysteine Protease used in the study because we had them both 

expressed and purified from a third-party vendor, Genscript, and used the entire aliquot in the above mentioned experiments.

Catalytic Serine Classification in SHs

Every SH sequence was collected from the 232 SHs in a previous study.108 Each sequence was passed through the three protein 

language models (pLMs) ESM-2,40 ProSE51 and ProtT549 and embeddings were generated on a per-residue basis. All of the serine 

embeddings were collected in every sequence and labeled as ‘catalytic’ or ‘non-catalytic’ using the information stored in UniProt.109

To ensure deterministic results, we trained a logistic regression model using the LogisticRegression model from the sklearn.li

near_model library101 with the random_state parameter set to 0. To address the class imbalance between the number of catalytic 

and non-catalytic serines, we employed the SMOTE (synthetic minority over-sampling technique)102 to create additional examples 

from the catalytic class, thus enhancing classification performance. After splitting the dataset into 75% for training and 25% for 

testing (test_train_split in sklearn.model_selection) the precision/recall and ROC curves were calculated (roc_curve, precision_re

call_curve in sklearn.metrics). The F1-score was calculated on each of the held out test datasets for every pLM example as well 

(f1_score in sklearn.metrics).

We used principal component analysis (PCA) for the dimensionality reduction to evaluate the embeddings from the different clas

ses (pca in sklearn.decomposition). We displayed the first and second principal components (PC) and the explained variance for each 

PC. Each plot was rendered in GraphPad Prism version 10.1.1 (270).

Catalytic Serine model explainability analysis

To delve into the decision-making process of our catalytic serine model, we employed SHAP (SHapley Additive exPlanations) 

values72,73 to interpret the model’s reliance on specific features within ProtT5 embeddings.

Specifically, we utilized the LinearExplainer module to analyze the contribution of each index value within the embeddings to the 

model’s predictions. To visualize these contributions, we generated force plots, highlighting the embedding features that exerted the 

most influence on the model’s output. We used the summary_plot function to visualize the specific contributions made by each 

feature.

Constructing a Serine Protease Allergen Set

A total of 33 allergenic serine protease (ASP) positives were downloaded from Allergome (www.allergome.com).110,111 The search 

query ‘‘serine protease’’ was used to filter specifically for SPs within the broader allergen database. The corresponding UniProt 

accession numbers109 were then used to download the protein sequences of these allergens.

To compile a set of likely negative non-allergenic serine proteases (NASP), we constructed a query in Swiss-Prot112 to identify bac

terial proteins that were classified as serine proteases (keyword:KW-0720) but lacked evidence of allergenic activity. We restricted 

the query to bacterial proteases (taxonomy_name:2) smaller than 800 amino acids (length:[* TO 800]) that were not tagged as 

Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

FlowJo Tree Star https://www.flowjo.com/solutions/ 

flowjo/ downloads

InterProScan Jones et al.79 https://www.ebi.ac.uk/interpro/download/

US-Align Zhang et al.89 https://zhanggroup.org/US-align/

PyMOL Schrödinger, LLC106 https://pymol.org/

iTOL Letunic and Bork107 https://itol.embl.de/

Prism v 10.0 GraphPad https://www.graphpad.com/demos/
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allergens (KW-0020). The purpose of this filter was to reduce the initial NASP set size, which initially comprised 2,615 proteins, to a 

manageable number for further analysis. After filtering, 116 NASP serine proteases remained.

The true negative set, non-protease serine hydrolases (NPSH), was constructed using a previously curated list of 232 metabolic 

serine hydrolases (mSHs) and serine proteases (SPs) compiled by a previous study.108 We excluded any mSHs or SPs that overlap

ped with the ASP or NASP sets based on their UniProt accession numbers and a protein sequence identity threshold of 100% to 

ensure the NPSH set consisted of distinct serine hydrolases not identified as allergens or likely negative examples. This resulted 

in 126 NPSH mSHs. All of the NASP and NPSH classes were run through CD-HIT103 to ensure unique sequences at sequence identity 

100%.

We define the term Serine Hydrolase SH training set as:

SH = ASP ∪ NASP ∪ NPSH (Equation 1) 

We additionally trained Pfam seeds that were collected from Bileschi et al.38 We performed an ultra-sensitive search between the 

SH dataset and all the Pfam seeds (1,296,280) using DIAMOND77 and any seeds that overlapped between the two datasets were 

removed from the Pfam set, resulting in a total of 1,006,317 unique seeds.

All downloaded enzymes with their corresponding UniProt accession numbers are listed in Table S3.

Expanding Training Data with AFDB Clusters

To enrich the training data, each of the three groups was augmented with additional sequences retrieved using the Foldseek clus

tered AlphaFold database (AFDB Clusters).69 The Foldseek cluster algorithm applies both sequence and structural homology to 

group proteins into clusters. Specifically, proteins are clustered if they share >50% sequence identity and >90% sequence 

coverage113 and exhibit >90% structural overlap.43 Each UniProt ID in the training data was mapped to a unique cluster using the 

API provided on the AFDB Clusters website (https://cluster.foldseek.com). Then, within each cluster, only sequences associated 

with the ‘‘AFDB/Foldseek’’ clustering step were downloaded and incorporated into the augmented training set.

Utilizing AFDB cluster augmentation, the ASP, NASP, and NPSH sets were each expanded. The ASP set was increased to a total of 

8,685 sequences, the NASP set to 20,708 sequences, and the NPSH set to 59,165 sequences.

Support Vector Machine training and testing

Consider a dataset (xi; yi)i = 1;…;n, where the input xiϵ ℝ1024 is the pLM embedding of protein i, and the output yi is a label in 

{ASP;NASP;NPSH } (allergenic serine protease, non-allergenic serine proteases, and non-protease serine hydrolases). We 

generate a random split of the dataset into a training set A⊂{1;…;n}, which contains ASPs, NASPs, and NPSHs, and a validation 

set B⊂{1;…;n}, which only contains ASPs and NASPs, i.e. if i ϵ B, yi ϵ {ASP;NASP}. We use the first subset A to train a weighted 

support vector machine with the aim of discriminating the positive class ASP from the negative classes NASP and NPSH. Recog

nizing that the negative class containing the hardest classification examples is NASP (as it consists of only SPs), the hyperparameters 

are tuned on the classification accuracy in a validation set B comprising only ASPs and NASPs.

The model is defined as follows. Let ϕ : ℝ1024→ℝd be a given feature map, which translates the input x into a feature vector ϕ(x); in 

the simplest version of the model, we can take the identity ϕ(x) = x. The support vector machine discriminates positives from true 

negatives through a score function f(x) = ϕ(x)T β which is linear in the features, i.e.f(x)> 0 indicates that an example with input x is 

positive. The parameter β is estimated through the following optimization:

minimize
∑

i∈A

wyi max
(
0; 1 − ϕ(xi)

T βρ(yi)
)

+ λ‖β‖2
subject to β ϵ ℝd (Equation 2) 

where, ρ(yi) = 1 if yi = ASP and ρ(yi) = − 1 if yi ϵ {NASP;NPSH}. The weights wASP;wNASP;wNPSH > 0 are hyperparameters to be 

learned. We learn these hyperparameters, as well as λ > 0, by cross-validation, optimizing the classification accuracy on the valida

tion set which only contains ASPs and NASPs. In this way, the two negative classes in the training set are used only to the extent to 

which they help classify ASPs (positives) and NASPs (hard negative cases).

Feature map

We use a feature map ϕ associated with the Gaussian or RBF kernel; that is for any pair of inputs x; x′∈p, the inner product〈ϕ(x);
ϕ(x′

)〉 = e− ‖x − x
′
‖

2
=(2γ2)

. The score function f for this feature map has the property that |f(x) − f(x′)| is small whenever the Euclidean distance ‖x − x′‖=
(
2γ2

)
is small; i.e., we make similar predictions at inputs which are close in a Euclidean sense. Here, γ > 0 is a scale hyperparameter 

which is also learned by cross-validation. The feature vector in this case lies in an infinite-dimensional Hilbert Space, but the repre

senter theorem allows us to solve the optimization problem (Equation 2) explicitly.114

Hyperparameter tuning

We used a custom-built script to randomly (uniformly) pick values for each of the 3 different class weights for the ASP, NASP, NPSH 

classes as well as for the gamma parameter, which corresponds to the kernel bandwidth (Table S4). Data S1 contains a log file gener

ated by our custom script, representing the raw output of two different trials run for concurrent SVM training.
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Multilayer perceptron neural network

A limitation of the support vector machine is that the score function f(x) is linear in the feature vector ϕ(x), which is fixed up to the 

scaling factor σ. We thus fit a more flexible neural network classifier with a similar strategy of weighting each term in the loss according 

to the class yi of the sample. Let ψθ : ℝ1024→ℝd be a multilayer perceptron (MLP) with two hidden layers and parameters θ.104 We fit a 

classifier by minimizing the weighted cross-entropy objective:

minimize
∑

i∈A

wyi log
(
1 + exp

(
− ρ(yi)ψθ(xi)

T β
))

subject to θ; β (Equation 3) 

As before, the hyperparameters wASP;wNASP;wNPSH > 0 are learned by cross-validation on a validation set B containing only ASPs 

and NASPs. We additionally train the hyperparameter for Pfam seeds (PS), wPS > 0 in order to expose the classifier to a larger dis

tribution of training data.

Note that the objectives for the support vector machine and the neural network model are very similar. The former uses a hinge loss 

instead of a binary cross-entropy or logistic loss, and includes a penalty term λ‖β‖2
. However, the main difference is that in this case 

we are learning a complex non-linear feature map ψθ instead of using the one-parameter feature map ϕ of the Gaussian kernel.

The MLP architecture has three overall layers with two hidden layers. The fixed size input vectors of 1024 dimensions from ProtT5 

embeddings are projected to 768 dimensions then to 1536 dimensions to a final classification output layer of 1, representing the clas

sification of SP allergen versus non-allergen. We implemented this model using Pytorch Lightning105 to create a classifier that 

included all of the training, validation, and testing steps. Each embedding from the ASP, NASP, NPSH and PS classes was weighted 

differently, utilizing the PyTorch104 Binary Cross Entropy with Logits Loss function with the weights specified as a hyperparameter. 

We used a leaky rectified linear unit (ReLU)115 with dropout regularization and a weight decay in our AdamW optimizer.116

Hyperparameter optimization and training

To optimize our binary SP classification neural network’s performance, we used RayTune,76 a hyperparameter tuning library. We con

ducted a randomized grid search, evaluating 20 models concurrently with diverse hyperparameter combinations selected by 

RayTune (Table S5). Each model was trained for 200 epochs using the Async Successive Halving (ASHA) scheduler,117 which facil

itates early stopping by terminating models based on minimizing training loss. After each epoch, we monitored validation accuracy, 

AUROC, and F1 score (from the sklearn.metrics version 1.4.0 library), with testing accuracy assessed after complete training.

For training purposes we randomly split the ASP and NASP classes into 80% training, 10% validation and 10% test using the ran

dom_split function from PyTorch with a fixed generator to ensure reproducibility. We added all the Pfam seeds and NPSH enzymes to 

the training set. We picked the best performing model, which had the hyperparameters:

Layer 1 Size: 256,

Layer 2 Size: 768

Learning Rate: 1.4e-4,

Batch Size: 128,

Allergenic SP Weight: 6,

Non-Allergenic SP Weight: 1,

Serine Hydrolase Weight: 2,

Pfam Seeds Weight: 1,

Dropout Probability: 24.696%

With that model, we trained the classifier on 20 epochs with validation occurring every 20% of the training and a final test accuracy 

assessment after completion.

Processing and applying classifiers to catalogs

We downloaded the Unified Human Gastrointestinal Genomes (UHGG) Protein Catalogs clustered at 50% sequence identity from the 

MGnify68 FTP site (https://ftp.ebi.ac.uk/pub/databases/metagenomics/mgnify_genomes/human-gut/v2.0.1/protein_catalogue/). 

We also downloaded the Human Oral (HO) protein catalog clustered at 95% sequence identity from the MGnify FTP site (https:// 

ftp.ebi.ac.uk/pub/databases/metagenomics/mgnify_genomes/human-oral/v1.0/protein_catalogue/). After performing a filtering of 

removing any sequences that were greater than 1000 amino acids we had 4,601,771 sequences in the UHGG protein catalog and 

791,924 sequences in the HO protein catalog.

Prioritization of allergen protein sequences

To obtain a probability between 0 and 1 for each protein sequence in the catalog, we applied a sigmoid function to the raw, unnor

malized logits (scores) generated by the binary cross-entropy classifier. Any probability that was above 0.5 was classified as an 

allergen, and below 0.5 was classified as a non-allergen.

We then filtered the original set of classified proteins (10,197 gut proteins and 1,365 oral proteins) by taking everything above 0.85 

probability, resulting in 3,874 proteins in the gut catalog and 658 proteins in the oral catalog. For these filtered proteins, we ran 
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InterProScan version 5.57-90.079 to find specific Pfam75 domains in our results. We found 1,744 and 551 proteins with Pfam domain 

annotations in the gut and oral catalogs, respectively. We ran: interproscan.sh -i <fasta file> -appl Pfam –iprlookup -cpu 2

We used the ESMFold40 version 1.0.3 command line interface esm-fold -i <fasta file> -o output_pdbs –cpu-offload –chunk-size 32 

to predict protein structures of all the filtered proteins. We then used Foldseek43 to perform a structural search of the proteins against 

the PDB and Alphafold/Swiss-Prot databases using the easy-search command with an e-value set at 1. We merged the Foldseek 

results and InterProScan results based on a left join on the query. Following the search we devised a priority score metric that is 

based on the query coverage (qcov), the target coverage (tcov), the complementary sequence identity (1 − fident), the alignment 

TM-score (alntmscore). If that filtered protein was found in InterProScan, the e-value from InterProScan was included. Specifically, 

we performed a negative log10 of the e-value ( − log10(ev)) and performed a min-max normalization of the InterProScan e-values only 

(evnormalized ), to achieve values between 0 and 1:

E − Value (Min − Max) Normalization : evnormalized =
ev − min(EV)

max(EV) − min(EV)
(Equation 4) 

Afterwards we took the arithmetic mean of the following values, where z′ is the combination of the fractions:

Arithmetic Mean : z′ =
qcov+tcov+alntmscore+(1 − fident)+evnormalized

5
(Equation 5) 

We then computed a priority score in the form of z-score, where z′ is the mean, and σz′ is the standard deviation of the combined 

fractions. Z is labeled as the Priority Score:

Z =
z
′

− �z
′

σz
′

(Equation 6) 

Each of the protein catalogs was further prioritized based on the following criteria, where p represents the prioritized hits in each 

protein:

p = (qcov > 0:9) ∩ (tcov > 0:9) ∩ (fident < 0:35) ∩ (alntmscore > 0:7) (Equation 7) 

This resulted in 412 and 147 proteins in the gut and oral protein catalogs. Each plot representing the priority score against the nega

tive log10 of the e-value and the points were saved and rendered in GraphPad Prism version 10.1.1 (270).

The final prioritized lists with the z-score calculations are stored in Tables S2 and S3 for the oral and gut proteins respectively.

Taxonomic assignment and visualization

Each of the MGnify Protein Catalogs contained a metadata file for the Genome Isolate or the Metagenome Assembled Genome 

(MAG) with a taxonomy lineage that was previously annotated in each catalog from the same FTP site. We used the PhyloT tool 

(https://phylot.biobyte.de/) to map the taxonomy from the metadata file and used the GTDB Release 202 mapping to provide a 

tree in Newick format. We visualized the resulting tree in iTOL107 and represented the leaves at the species level and colored the 

tree by the phylum level. Any species that was not able to be mapped was discarded during the tree generation step.

Preparation of protein structure pictures

Molecular graphics were created with PyMOL.106 Initially, a larger set of structural alignments were captured and initially displayed 

using the built-in display for Foldseek43 web server. The US-Align89 tool was used to compute the statistics of the displayed 

alignments.

DC migration

Internal controls were used in this experiment. C57BL/6 mice were immunized 50 μg papain (Sigma-Aldrich) or 14.2 μg CP (Genscript) 

or 58 μg SP (Genscript) in the right hind footpad. Mice were immunized with PBS (Sigma-Aldrich) in the left hind footpad. In other 

experiments, the left dorsal foot received heat inactivated protease (papain, or CP, or SP), while the right dorsal foot received active 

protease (papain, or CP, or SP). Then 20 hours after immunization,19,26 the popliteal LN was harvested and digested at 37 ◦C in diges

tion buffer: RPMI supplemented with DNase I (100 μg ml− 1; Roche), Dispase II (800 μg ml− 1; Millipore Sigma), Collagenase P (200 μg 

ml− 1; Millipore Sigma) and 1% FBS. Every 7 minutes, the digestion buffer was removed and placed into RPMI supplemented with 

2 mM EDTA and 1% FBS on ice. Fresh digestion buffer was added to the LNs. Tubes were shaken before and after each addition 

of fresh digestion buffer. This process was repeated until no fragment of LN tissue remained. Single-cell suspensions were filtered 

through a 100 μm cell strainer. 2 × 106 LN cells were washed once with FACS Buffer, then cells were incubated in FACS Buffer con

taining fluorescent-conjugated antibodies targeting surface antigens for 30 minutes at room temperature. Cells were washed twice 

with DPBS, then assessed by flow cytometry on a Beckman Coulter CytoFLEX S and analyzed using FlowJo Version 10 (TreeStar).

T cell differentiation

C57BL/6 mouse footpads were bilaterally immunized with 50 μg OVA/sham (Sigma-Aldrich), or 50 μg OVA/sham (Sigma-Aldrich) and 

14.2 μg CP (Genscript), or 50 μg OVA/sham (Sigma-Aldrich) and 58 μg SP (Genscript). Alternatively, C57BL/6 mice were immunized 
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with 50 μg OVA/sham in the left hind footpad and 50 μg OVA/sham with 14.2 μg Clostripain from Clostridium histolyticum (Thermo 

Scientific Chemicals), 14.2 μg Endoproteinase Lys-C from Lysobacter enzymogenes (MedChemExpress), or 14.2 μg trypsin from 

porcine pancreas (Sigma-Aldrich) in the right hind footpad. 5 days following immunization,19,26 the dLN was collected and dissoci

ated in fully supplemented RPMI using the coarse end of a SuperFrost Plus Microscope Slide and the base of a curved forcep. Single- 

cell suspensions were filtered through a 100 μm cell strainer. 2 × 106 LN cells were added to a 1.5 ml Eppendorf tube (Fisher 

Scientific) and resuspended in 1 ml of fully supplemented RPMI with PMA (50 ng ml− 1; Sigma-Aldrich), Ionomycin (1 μg ml− 1; 

Sigma-Aldrich) and Protein Transport Inhibitor (1:1,000, BD Biosciences). Samples were incubated for 3 hours in a 37 ◦C water 

bath. Samples were washed twice with FACS Buffer, then cells were incubated in FACS Buffer containing fluorescent-conjugated 

antibodies targeting surface antigens for 30 minutes at room temperature. Following fixation with 4% paraformaldehyde for 8 minutes 

at room temperature, fluorescent-conjugated antibodies targeting intracellular cytokines were added to each sample in 1× eBio

science Permeabilization Buffer and stained overnight. Cells were washed twice with DPBS, then assessed by flow cytometry on 

a Beckman Coulter CytoFLEX S and analyzed using FlowJo Version 10 (TreeStar).

T cell in vitro stimulation

As previously described,19,26 tissue-culture-treated flat 96-well plates (Corning) were incubated with 50 μl of purified αCD3 (2 μg ml− 1, 

BioLegend) for 2 hours at 37 ◦C, then washed three times with DPBS. Following DPBS removal, 125,000 cells in 100 ul of fully sup

plemented RPMI from mouse LNs as immunized in ‘T cell Differentiation’ were plated. Then, 100 μl of anti-CD28 (4 μg ml− 1, 

BioLegend) in fully supplemented RPMI was added. After 4 days, the cell-free supernatant was harvested, snap-frozen and stored 

at − 80 ◦C.

Cytokine enzyme-linked immunosorbent assay (ELISA)

Cell-free culture supernatant from stimulated T cells, was collected as described in the ‘T cell in vitro stimulation’ protocol. High bind

ing 96 well plates (Corning) were coated with capture antibodies overnight at 4 ◦C. IL-4, IL-13, and IFN-γ were captured with anti– 

mouse IL-4 (0.25 μg ml− 1, BioLegend), anti–mouse IL-13 (1.0 μg ml− 1, BioLegend), anti–mouse IFN-γ (0.5 μg ml− 1, eBioscience). 

Then, plates were washed three times with 0.1% Tween 20 in PBS and blocked with 1% (wt/vol) BSA for 4 hours at room temperature 

before cell-free culture supernatant was plated overnight at 4 ◦C. Next, plates were washed three times with 0.1% Tween 20 in PBS. 

IL-4, IL-13, and IFN-γ were detected with biotinylated anti–mouse IL-4 (0.25 μg ml− 1, BioLegend), biotinylated anti–mouse IL-13 

(0.25 μg ml− 1, eBioscience), biotinylated anti–mouse IFN-γ (1.5 μg ml− 1, BioLegend) for 2 hours at room temperature. Following, 

plates were washed four times, incubated with Streptavidin-horseradish peroxidase (BioLegend) for 30 minutes at room tempera

ture, washed six times, and finally incubated with OPD solution (Sigma-Aldrich) for development. Development was stopped with 

2M H2SO4. ELISA samples were assessed on a SpectraMax iD5 microplate reader (Molecular Devices). Concentrations were deter

mined from a standard curve.

QUANTIFICATION AND STATISTICAL ANALYSIS

Statistical analysis of results in Figure 6 were performed using GraphPad Prism version 10.1.1. Two-way ANOVA with �Sı́dák’s multiple 

comparisons test, ordinary one-way ANOVA with multiple comparisons, two-sided unpaired Welch’ t-test, or two-sided paired t-test 

were applied as indicated in figure legends. Statistical significance was considered for p-values < 0.05. Details are listed in the 

respective figure legends.
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