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Abstract. Environmental microbiomes – especially diverse soil and 
terrestrial communities – harbor an immense and largely untapped reservoir 
of microbial genetic diversity. Integrating metagenomic sequencing of these 
habitats with immunoinformatics offers a new avenue to discover candidate 
antigens and microbial metabolites that modulate immunity. Metagenomics 
characterizes the mixed microbial genomes present in soil, water, or 
microplastic-associated biofilms, enabling recovery of genes and proteins 
(often via assembly and binning into metagenome-assembled genomes). 
Immunoinformatics tools can then predict B- and T-cell epitopes or 
antigenicity of these metagenome-derived proteins, prioritizing those likely 
to engage host immune receptors. Pipelines such as reverse vaccinology 
frameworks (e.g., ReVac, VaxiJen, Vaxign) screen genomes using features 
like surface localization, epitope content, and conservation. New Artificial 
Intelligence/Machine Learning approaches further refine candidate ranking 
by integrating multiple predicted features, including MHC-binding profiles 
and antigenicity. Beyond classical pathogen antigens, environmental 
microbes can provide innate immune stimuli (e.g., flagellin, LPS) and novel 
secondary metabolites (e.g., rapamycin-like immunosuppressants), which 
can be predicted or discovered via metagenomics. We review current 
sequencing and immunoinformatic workflows – from gene calling to epitope 
prediction and Machine Learning-based ranking – applied to soil and related 
microbiomes. We highlight examples of known immunomodulators from 
soil microbes and discuss how Artificial Intelligence-driven design can 
accelerate mining of environmental microbiomes for biomedical targets. 
This integration of metagenomics and immunoinformatics promises a One 
Health perspective that explicitly links human, animal, and environmental 
health, expanding antigen discovery beyond gut- or pathogen-centric views, 
while highlighting computational strategies, limitations, and future 
directions of this approach.  
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1 Introduction 

Microbial communities in diverse environments – notably soil, water, and built habitats – 
have profound but underexplored roles in ecosystem and human health [1]. Classical 
microbiome research has focused mainly on the human gut, revealing links to nutrition and 
immunity [2], but terrestrial and aquatic environments harbor vast microbial diversity. For 
example, the soil microbiome alone contains an estimated ~25% of Earth’s microbial 
biodiversity and acts as a “seed bank” for plant and even human microbiomes [3]. Exposure 
to natural soil microbes has been associated with enhanced immune resilience and reduced 
allergy risk [4]. These observations underscore that environmental microbes are not only 
crucial for ecology and agriculture but may also influence immunity through direct contact 
or ingestion [1,4]. However, most immunological research still centers on known pathogens 
or commensals; the broader immunological potential of environmental microbes remains 
largely untapped [1,5]. 

Metagenomics – the culture-independent sequencing of all DNA in an environmental sample 
– now enables comprehensive profiling of microbial communities [6]. Modern sequencing 
(shotgun NGS and long-read technologies) coupled with bioinformatics allows 
reconstruction of community composition, functional genes, and even draft genomes of 
uncultured organisms (metagenome-assembled genomes, MAGs) [7]. This wealth of 
sequence data opens the possibility of mining environmental microbiomes for molecules of 
immunological interest. In parallel, immunoinformatics – the application of computational 
methods to immune system questions – has matured with genomic medicine. 
Immunoinformatics encompasses epitope prediction for B-cell and T-cell responses, 
antigenicity scoring, and vaccine design tools. When applied to pathogen genomes, these 
methods accelerate candidate discovery [8]. 

Integrating metagenomics of environmental microbiomes with immunoinformatics, 
therefore, offers a novel paradigm: one can screen genes from soil or aquatic microbiomes 
to find candidate antigens or immune-active compounds [9]. Such a One Health perspective 
transcends conventional pathogen-centric vaccine design. In this review’s first half, we 
introduce the background and rationale for this integration: we review environmental 
microbiome diversity (with emphasis on soil and related niches) [10], the basics of 
immunoinformatic antigen discovery, and the emerging computational pipelines that marry 
the two. We aim to highlight how workflows — from metagenomic sequencing through to 
epitope prediction and ML-based prioritization — can be applied to discover vaccine 
candidates, diagnostics targets, and immunomodulators in environmental microbes. 
Examples from soil and other habitats will illustrate general principles. We also discuss 
existing tools, AI-enhanced methods, and the conceptual potential of this approach, setting 
the stage for specific applications and challenges. 

2 Environmental microbiomes and metagenomics 

2.1 Soil and terrestrial microbiomes 

Soils and terrestrial habitats are among the richest microbial reservoirs on Earth. A single 
gram of soil can contain billions of bacterial and fungal cells spanning thousands of species 
[7]. This diversity arises from complex gradients of nutrients, moisture, and plant 
interactions. Notably, recent perspectives highlight a “soil–plant–human gut” axis, proposing 
that soil microbes can ultimately influence human gut communities and immunity [11]. For 

example, microbes in edible plants and even incidental soil ingestion (geophagy) are thought 
to seed the gut microbiome and may enhance immunological resilience [12]. Beyond directly 
impacting health, soil microbes produce myriad bioactive molecules, many of which have 
immunological effects [13]. 
 
In addition to bulk soil, we consider related terrestrial niches. Microplastic pollution in soil 
and water has become a novel substrate for microbial biofilms; such plastisphere 
communities differ in composition and may concentrate different microbial taxa. Although 
still emerging, studies show microplastic-associated biofilms can perturb local microbial 
ecology [14]. Built environments (e.g., indoor air, dust) also form distinct microbiomes, 
though with less diversity than natural soil. Throughout, soil and terrestrial microbiomes 
often interface with animals, plants, and water systems, enabling gene flow of microbes and 
their molecules into broader ecosystems. 
 
The ecological importance of soil microbiomes extends to immunity. The “biodiversity 
hypothesis” suggests that reduced exposure to environmental microbiota in urbanized 
settings may underlie rising allergic and autoimmune diseases [15]. Exposure to soil-derived 
microorganisms or their components can skew human immune responses toward regulatory 
(tolerogenic) pathways [16]. Notably, one study [17] argues that intentional soil exposure 
can modulate the immune system (e.g., through Bacillus species acting as TLR agonists). 
Collectively, the rich genetic and metabolic capacity of soil microbes makes them a 
promising target for immunological exploration. 

2.2 Metagenomic sequencing and analysis 

Characterizing environmental microbiomes relies heavily on sequencing-based approaches. 
Marker gene surveys, typically involving 16S rRNA amplicon sequencing—a method that 
targets conserved regions of the bacterial 16S rRNA gene to identify and classify microbes—
provide taxonomic snapshots but do not reveal functional genes or novel proteins. In contrast, 
whole-community shotgun metagenomics sequences all DNA fragments, enabling analyses 
of genetic potential [6,17]. A typical metagenomic workflow begins with DNA extraction 
from environmental samples (requiring careful removal of inhibitors like humic acids in soil), 
followed by sequencing on short-read (Illumina) and/or long-read (PacBio, Nanopore) 
platforms [18]. Post-sequencing reads undergo quality filtering and removal of 
contaminant/human sequences. Assembly algorithms then stitch reads into contigs or 
scaffolds. Because environmental samples contain multiple organisms, read binning is often 
used: assembly-free binning (clustering reads) or contig binning (clustering assembled 
contigs by sequence composition and abundance) can group sequences into bins that 
represent draft genomes. These metagenome-assembled genomes (MAGs) can recover near-
complete genomic sequences of previously uncultured bacteria and archaea [19]. Even 
without full genome bins, open reading frame (ORF) prediction tools (e.g., Prodigal) can 
identify genes on contigs [20]. 

 
Once genes are predicted, they are annotated via homology searches (e.g., using BLAST or 
HMMer against databases), but a large fraction of environmental ORFs have no known 
homologs. Nevertheless, predicted proteins can be translated into amino acid sequences for 
downstream analyses. Importantly for immunological applications, many environmental 
proteins will be novel, underscoring the need for ab initio prediction methods (e.g., 
antigenicity predictors) rather than relying solely on known reference antigens. Functional 
metagenomics is also used: in some studies, metagenomic libraries in model hosts (like E. 
coli) are screened for phenotypes. Such activity-based screens have uncovered new 
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antibiotics or enzymes [21]. A similar concept could be used to find immunologically active 
compounds (e.g., expressing environmental biosynthetic gene clusters in a host and assaying 
for cytokine modulation), though this is experimental rather than purely computational. For 
immunoinformatics integration, the focus is on sequence-driven analysis of metagenomic 
data. 

2.3 Microplastics and anthropogenic niches 

Microplastic particles provide novel surfaces for microbial colonization in soil and water 
[22]. Studies report that microplastic biofilms may harbor distinct taxa and differentially 
express genes (e.g., stress resistance) compared to surrounding soil [23]. These biofilm-
associated shifts can change the local repertoire and concentration of microbe-associated 
molecular patterns (MAMPs), thereby modulating how host immune systems are triggered 
upon exposure. While research is still nascent, one can apply the same metagenomic and 
immunoinformatic approaches to these communities. For instance, if microplastics 
concentrate certain Gram-negative bacteria, their LPS content (a potent TLR4 agonist) might 
be enriched [24]. Environmental sequencing of built environments (homes, urban dust) 
similarly opens avenues: e.g., one could screen air microbiome data for fungal or bacterial 
antigens relevant to respiratory immunity [25]. 

3 Immunoinformatics approaches for antigen prediction. 

3.1 Principles of epitope prediction and antigenicity 

Immunoinformatics applies computational models to predict how immune systems recognize 
antigens. A core task is predicting epitopes – the specific parts of antigens (peptides) 
recognized by B-cell receptors (antibodies) or by T-cell receptors in the context of MHC 
presentation. T-cell epitopes are typically short linear peptides (8–25 amino acids) that bind 
to host MHC molecules. Algorithms like NetMHC and NetMHCIIpan use machine learning 
models trained on experimental peptide–MHC binding data to predict which peptides from a 
protein will bind to specific HLA (MHC) alleles. These tools cover both class I and class II 
MHC molecules and can accommodate host allele diversity [26]. B-cell epitope prediction is 
more challenging because most B-cell epitopes are conformational (discontinuous in 
sequence). However, linear B-cell predictors (e.g., BepiPred) and structural methods (e.g., 
ElliPro) exist to identify surface-exposed peptide segments likely to be antibody-accessible 
[27]. 

 
Beyond epitopes, antigenicity predictors like VaxiJen assess a protein’s likelihood of being 
a protective antigen by analyzing its physicochemical properties. These do not rely on 
sequence similarity but use features (e.g., hydrophobicity, molecular weight) to score 
proteins against known antigens [28]. Such tools can flag proteins with high antigen potential 
even if sequence homologs are unknown. Immunoinformatics also leverages epitope and 
antigen databases. The Immune Epitope Database (IEDB) collects hundreds of thousands of 
experimentally validated epitopes and is widely used both as a tool suite (IEDB Analysis 
Resource) and as training data for new predictors. Specialized databases contain MHC allele 
sequences (IMGT) or epitope–MHC structural data (SYFPEITHI, MHCBN), further aiding 
model development. Recent reviews highlight that the availability of high-throughput 
sequencing and binding assay data has greatly improved epitope predictor accuracy [29]. 
 

3.2 Reverse vaccinology and antigen prioritization. 

Reverse vaccinology refers to genome-based screening of potential vaccine candidates. The 
idea, pioneered in the 2000s, is to computationally scan a pathogen’s genome for proteins 
with features of good antigens: typically, surface exposure (so the immune system can access 
them), presence of T- or B-cell epitopes, high conservation across strains, and appropriate 
expression profile [30]. Modern pipelines (e.g., Vaxign, ReVac) implement these criteria 
systematically. ReVac, for instance, analyzes multiple genomes to find proteins conserved 
among strains, not filtered out by adverse traits (like repetitive sequences), and then ranks 
them based on combined feature scores [31,32]. Many such tools follow either “filtering” 
approaches (stepwise elimination of proteins lacking a feature) or machine-learning 
classification (training on known antigens and non-antigens). For example, NERVE, Jenner-
Predict, and VacSol are other reverse vaccinology pipelines that implement similar 
workflows [33]. In all cases, the output is a prioritized list of protein candidates for vaccine 
or diagnostic development. For bacterial pathogens, these pipelines often start with the 
predicted proteome (all proteins from a genome) and then apply subcellular localization 
predictors (e.g., SignalP, TMHMM, PSORTb) to find secreted or surface proteins and 
epitope predictors (MHC-binding and linear epitope content). Scoring schemes weight each 
feature; ReVac, for example, assigns points for antigenic signals and conservation, 
generating a ranked score. Such ranked lists greatly reduce experimental burden by focusing 
on the most promising antigens [32]. 

3.3 AI and machine learning enhancements 

The field of immunoinformatics increasingly harnesses advanced AI/ML methods [34]. 
Many epitope predictors themselves use deep learning (e.g., NetMHCpan, MHCflurry), 
which improve as training data grow. Newer approaches integrate structure prediction (e.g., 
modeling peptide–MHC complexes) to refine epitope binding predictions. Importantly, in 
the context of vaccine design, recent work has explored AI-guided epitope focusing iterative 
algorithms to optimize epitope sets to maximize predicted immune coverage while 
minimizing issues like allergenicity [34]. For example, recent studies [35] describe “AI-
driven antigen refinement,” where machine learning is used to focus on immunodominant 
epitopes and even fuse conserved microbial motifs (MAMPs) with antigens to enhance broad 
immunity. Such methods illustrate how AI can not only predict epitopes but also design 
composite antigens (e.g., combining epitopes with bacterial adjuvant motifs) automatically. 
Machine learning is also used for multi-feature ranking of candidates. For instance, after 
predicting many possible epitopes, a classifier can rank the likelihood that an epitope will be 
immunogenic in vivo or integrate features like predicted allergenicity and toxicity to flag safe 
candidates. These AI-enhanced workflows are still emerging for environmental applications, 
but are key to handling the enormous data volume (millions of proteins) from metagenomes 
[37]. 

3.4 Integrating metagenomics with immunoinformatics 

Bringing together metagenomics and immunoinformatics involves several computational 
steps. First, environmental DNA is sequenced and assembled, as described above. From 
assemblies or raw reads, ORF-finding tools predict protein-coding sequences. These 
metagenome-derived protein sequences (often millions, including many fragments) become 
inputs for immunoinformatic analysis. A typical workflow then applies epitope prediction to 
each protein. For T-cell epitopes, software like NetMHCpan or MHCflurry predicts binding 
affinities of all peptides (sliding windows) against a panel of HLA alleles representative of 
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target populations, flagging high-affinity binders as candidate epitopes [38,39]. Similarly, B-
cell linear epitope predictors scan protein sequences to identify likely antibody-accessible 
regions, for example, using BepiPred-2.0 [40]. Proteins rich in predicted epitopes (for 
example, with multiple high-affinity peptides for common HLA alleles) are scored higher. 
Tools like VaxiJen can then compute an overall antigenicity score for each protein based on 
sequence-derived physicochemical features, independently of sequence homology [41]. As 
summarized in Figure 1, we outline an integrated metagenomic–immunoinformatic 
workflow that links environmental sampling, sequencing, and functional annotation to in 
silico antigen and immunomodulator prediction from environmental microbiomes. 
 

 
Fig. 1. Integrated metagenomic–immunoinformatic workflow for antigen and immunomodulator 

discovery from environmental microbiomes. 

Parallel filters further reduce candidates. For vaccine antigens, one may require that proteins 
be non-homologous to the host proteome (to avoid autoimmunity) and not overly similar to 
microbiome commensals (unless a broad-spectrum vaccine is desired). Transmembrane helix 
prediction and signal peptide detection help prioritize secreted/surface proteins (typical 
antigenic targets). For immunomodulators, different criteria might apply: for example, gene 
clusters resembling known biosynthetic pathways, detected by secondary-metabolite 
genome-mining tools such as antiSMASH, can indicate putative natural product biosynthesis 
loci [42]. Sequences matching conserved innate immune ligands (e.g., flagellin-like motifs) 
are also noted. Importantly, multiple predictions are combined. Just as ReVac aggregates 
diverse features for each protein to prioritize bacterial vaccine candidates [43], an integrated 

pipeline for metagenomes would score each candidate protein by a composite scheme. For 
instance, a scoring rubric might add points for each predicted strong MHC binder, each signal 
peptide, each broad epitope coverage across HLA supertypes, and subtract points if the 
protein has predicted human homology. Machine learning classifiers could be trained on 
known antigens to refine this scoring, although curated datasets for environmental antigens 
are currently sparse. The result is a prioritized list of proteins from the metagenome ranked 
by their vaccine potential. 

 
Several “meta-immunoinformatics” pipelines are being developed (or could be developed) 
to automate these steps. While few are published specifically for environmental data, related 
concepts exist. For example, immunoinformatics studies often use IEDB’s TepiTool to 
perform standardized T-cell epitope screening and combine the output with antigenicity 
servers such as VaxiJen or ANTIGENpro [41,44]. A conceivable pipeline would take 
metagenomic ORFs, feed them through NetMHCpan (for a set of common HLA class I/II 
alleles), BepiPred, VaxiJen, and subcellular localization tools, then use a custom script to 
rank and output top candidates. Workflows can be parallelized on clusters to handle large 
datasets. In the context of gut or pathogen vaccines, web servers such as Vaxign/Vaxign2 
already allow users to upload bacterial genomes and obtain predicted adhesins, subcellular 
localization, and epitopes in a reverse-vaccinology framework [45]. Adapting such tools to 
fragmented metagenomes would require assembling contigs into draft genomes (bins/MAGs) 
and running the pipeline genome-by-genome. ReVac’s strategy of analyzing many genomes 
in parallel is conceptually similar – in our case, each MAG or contig set is treated as an 
“isolate” in the dataset [43]. The key integration point is to treat metagenomic genes as input 
proteomes for immunoinformatics, rather than relying solely on single cultured genomes. 

3.5 Immune-modulating molecule discovery 

Besides classical antigens, environmental microbiomes are rich sources of immune-
modulating compounds [46]. These include microbial-associated molecular patterns 
(MAMPs) and secondary metabolites with adjuvant or suppressive activity [46]. 
Immunoinformatic analysis can be extended to flag potential MAMPs in metagenomes. For 
example, sequence motifs characteristic of flagellin (TLR5 ligand) or unmethylated CpG 
DNA (TLR9 ligand) could be searched [47]. In one study, synthetic bacterial flagellin was 
shown to robustly activate innate immunity via TLR5 [48]. Thus, genes encoding flagellin 
or other TLR-stimulatory proteins in environmental microbes are intrinsically 
immunostimulatory and might be harnessed as adjuvants. Similar logic applies to 
lipopolysaccharide (LPS) biosynthesis genes (TLR4 agonist) and peptidoglycan-related 
motifs (TLR2), all identifiable via sequence homology [47]. 

 
For small molecule immunomodulators, pipelines would need to detect biosynthetic gene 
clusters (BGCs) in metagenomes. Tools like antiSMASH can find nonribosomal peptide 
synthetase (NRPS) or polyketide synthase (PKS) gene clusters [42]. Many known 
immunosuppressive natural products come from soil BGCs: for instance, rapamycin (an 
mTOR inhibitor) and tacrolimus (FK506) are macrolide antibiotics produced by soil 
Streptomyces, and cyclosporine comes from a fungus [49]. A metagenomic pipeline could 
flag similar polyketide clusters and compare them to databases of known immunomodulators. 
Once gene clusters of interest are identified, bioinformatics (including structure prediction 
and docking) could predict their immunological target (e.g., mTOR, calcineurin). 
Alternatively, one can scan metagenomic proteomes with epitope prediction tools to find 
peptides that themselves act as immune regulators. For example, some bacterial peptides 
induce regulatory cytokines (e.g. IL-10) or Th17 responses; predictors like IL10Pred or 
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target populations, flagging high-affinity binders as candidate epitopes [38,39]. Similarly, B-
cell linear epitope predictors scan protein sequences to identify likely antibody-accessible 
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sequence-derived physicochemical features, independently of sequence homology [41]. As 
summarized in Figure 1, we outline an integrated metagenomic–immunoinformatic 
workflow that links environmental sampling, sequencing, and functional annotation to in 
silico antigen and immunomodulator prediction from environmental microbiomes. 
 

 
Fig. 1. Integrated metagenomic–immunoinformatic workflow for antigen and immunomodulator 
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motifs (TLR2), all identifiable via sequence homology [47]. 

 
For small molecule immunomodulators, pipelines would need to detect biosynthetic gene 
clusters (BGCs) in metagenomes. Tools like antiSMASH can find nonribosomal peptide 
synthetase (NRPS) or polyketide synthase (PKS) gene clusters [42]. Many known 
immunosuppressive natural products come from soil BGCs: for instance, rapamycin (an 
mTOR inhibitor) and tacrolimus (FK506) are macrolide antibiotics produced by soil 
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IL17eScan (available online) could be used on environmental proteins to find such 
immunomodulatory motifs [50]. Although still experimental, this conceptually fits within 
immunoinformatics. 

4 Practical Applications and Case Studies 
Metagenomic–immunoinformatics integration has already begun yielding practical 
advances. In vaccine development, for example, candidate antigens can be discovered from 
previously uncharacterized pathogens or microbiome organisms. [51] emphasize that 
“integration of knowledge from Omics and Bioinformatics will certainly boost vaccine 
research and development, leading to novel therapeutic tools” [51]. Indeed, recent studies 
have used multi-omics data plus immunoinformatics to design experimental vaccines 
[52,53]. For instance, Shao et al. applied a multi-step antigen discovery pipeline to identify 
13 potential vaccine proteins from the dog tapeworm Echinococcus granulosus [52]. They 
combined transcriptomics (stage-specific expression), proteomics (shared 
excretory/secretory proteins), literature curation, and in silico antigenicity to winnow 
thousands of candidates to a prioritized set [52]. This pipeline yielded six top proteins 
(including enolase and fatty-acid binding proteins) that were expressed as recombinant 
vaccine components, and a subsequent vaccination trial in dogs validated that the predicted 
cocktail induced partial protection and modulated the gut microbiota. This study illustrates 
how integrated analysis of environmental (canine fecal) microbiome data and 
immunoinformatics can rapidly prioritize novel antigens for vaccines [52]. 
 
In another case, Razzak et al. designed a self-amplifying RNA (saRNA) multi-epitope 
vaccine against Helicobacter pylori using an end-to-end computational pipeline [53]. Five 
antigenic bacterial proteins were selected (e.g., urease, adhesins) based on antigenicity, 
virulence, conservation, and lack of human homology [53]. B- and T-cell epitopes were 
predicted (IEDB tools), filtered for immunogenicity and non-allergenicity (AllerTOP), and 
assembled into a fusion peptide with linkers and adjuvant sequences; structural modeling and 
docking confirmed stable binding to immune receptors [53]. The resulting saRNA vaccine 
construct was predicted to be antigenic and non-allergenic, with broad population coverage, 
although the authors caution that “challenges remain in translating computational predictions 
into experimental efficacy” [53]. Nonetheless, this work underscores how 
immunoinformatics can convert omics-derived antigen information into concrete vaccine 
designs [51,53]. 
 
Beyond vaccines, integrated pipelines have diagnostic and therapeutic uses. Environmental 
metagenomes can reveal novel immune biomarkers: for example, surveillance of hospital 
wastewater or air by shotgun sequencing can detect emerging pathogens and potential 
allergens. In one improved environmental surveillance workflow, metagenomic sampling 
was used to track nosocomial pathogens; untargeted sequencing “is advantageous in 
identifying novel or rapidly emerging pathogens”, although background contamination and 
low biomass pose challenges [54]. Such approaches could be applied to water or soil 
microbiomes to flag zoonoses or allergens before they spread. In diagnostics, predicted 
microbial antigens (from commensals or pathogens) may serve as biomarkers or vaccine 
targets for infection and allergy. For instance, immunoinformatics screening of 
environmental or commensal microbial proteomes can suggest epitopes to include in broad-
spectrum diagnostics. 
 
Microbiome-derived molecules with immunomodulatory activity are another frontier. 
Commensal bacteria often secrete peptides or metabolites that tune host immunity, and these 

can be predicted from metagenomic data [55]. For example, [56] identified peptides from 
Bifidobacterium longum and Bacteroides fragilis that modulate intestinal cytokines and 
antigen-presenting cell phenotypes. In healthy donors, a B. longum-derived peptide (B7) 
reduced chemokine receptor expression on dendritic cells, demonstrating 
immunomodulatory capacity. Such findings suggest pipelines could mine environmental (or 
gut) metaproteomes for small molecules with anti-inflammatory or immunostimulatory 
effects. These might become novel probiotic-derived therapies or adjunctive treatments, 
engineered through synthetic biology.  

5 Limitations and Challenges 
While promising, this integrated approach faces significant caveats. Data limitations: 
Environmental metagenomes are often incomplete or highly fragmentary, especially for rare 
or novel microbes. As a result, predicted proteins may be partial or misassembled, limiting 
the reliability of downstream epitope predictions. Many microbial taxa lack close reference 
genomes, so homology-based annotations (antigenicity, function) can fail. Additionally, bias 
in metagenomic sampling (e.g., DNA extraction, sequencing depth) may skew which 
organisms and genes are detected. Poor annotation of non-model organisms means candidate 
antigens might be incorrectly labeled “hypothetical protein” with unknown immune 
relevance. 

5.1 Computational uncertainties 

In silico predictions of epitopes and antigenicity carry false positives. Tools like VaxiJen and 
NetMHCpan have known limitations; predicted “antigenic” proteins might not be 
immunogenic in vivo, and vice versa. Allergenicity predictors (e.g., AllerTOP) reduce the 
risk of allergic reactions, but novel epitopes might have unanticipated cross-reactivity [57]. 
Over-reliance on sequence-based methods can overlook structural or post-translational 
context. As [53] notes, even a “comprehensive immunoinformatics pipeline” must be 
experimentally validated, since in silico findings do not guarantee real-world efficacy. There 
is also a risk of over-interpretation: without lab confirmation, predicted epitopes and 
modulators should be viewed as hypotheses, not proven candidates. 

5.2 Safety and regulatory concerns 

Predicted antigens from environmental microbes could potentially mimic human proteins, 
risking autoimmunity if not properly filtered. As part of good practice, pipelines typically 
remove peptides with high similarity to human sequences. Similarly, immunoinformatics 
workflows include multiple safety screens [58]. Nevertheless, computational checks are 
imperfect, and rare allergenic motifs might be missed. For vaccines, murine or in vitro 
validation is required before animal or human trials. Regulatory pathways for microbiome-
based therapies are still evolving; introducing an “environmental antigen” may face novel 
oversight. 

5.3 Biological complexity 

Even if a peptide is predicted to bind MHC molecules or stimulate a T-cell, the host immune 
system’s response is influenced by many factors (adjuvants, epitope processing, HLA 
diversity). Environmental antigens often come from non-traditional hosts or commensals; 
their context of exposure will affect immunogenicity [59]. Immunosenescence, microbiota 
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13 potential vaccine proteins from the dog tapeworm Echinococcus granulosus [52]. They 
combined transcriptomics (stage-specific expression), proteomics (shared 
excretory/secretory proteins), literature curation, and in silico antigenicity to winnow 
thousands of candidates to a prioritized set [52]. This pipeline yielded six top proteins 
(including enolase and fatty-acid binding proteins) that were expressed as recombinant 
vaccine components, and a subsequent vaccination trial in dogs validated that the predicted 
cocktail induced partial protection and modulated the gut microbiota. This study illustrates 
how integrated analysis of environmental (canine fecal) microbiome data and 
immunoinformatics can rapidly prioritize novel antigens for vaccines [52]. 
 
In another case, Razzak et al. designed a self-amplifying RNA (saRNA) multi-epitope 
vaccine against Helicobacter pylori using an end-to-end computational pipeline [53]. Five 
antigenic bacterial proteins were selected (e.g., urease, adhesins) based on antigenicity, 
virulence, conservation, and lack of human homology [53]. B- and T-cell epitopes were 
predicted (IEDB tools), filtered for immunogenicity and non-allergenicity (AllerTOP), and 
assembled into a fusion peptide with linkers and adjuvant sequences; structural modeling and 
docking confirmed stable binding to immune receptors [53]. The resulting saRNA vaccine 
construct was predicted to be antigenic and non-allergenic, with broad population coverage, 
although the authors caution that “challenges remain in translating computational predictions 
into experimental efficacy” [53]. Nonetheless, this work underscores how 
immunoinformatics can convert omics-derived antigen information into concrete vaccine 
designs [51,53]. 
 
Beyond vaccines, integrated pipelines have diagnostic and therapeutic uses. Environmental 
metagenomes can reveal novel immune biomarkers: for example, surveillance of hospital 
wastewater or air by shotgun sequencing can detect emerging pathogens and potential 
allergens. In one improved environmental surveillance workflow, metagenomic sampling 
was used to track nosocomial pathogens; untargeted sequencing “is advantageous in 
identifying novel or rapidly emerging pathogens”, although background contamination and 
low biomass pose challenges [54]. Such approaches could be applied to water or soil 
microbiomes to flag zoonoses or allergens before they spread. In diagnostics, predicted 
microbial antigens (from commensals or pathogens) may serve as biomarkers or vaccine 
targets for infection and allergy. For instance, immunoinformatics screening of 
environmental or commensal microbial proteomes can suggest epitopes to include in broad-
spectrum diagnostics. 
 
Microbiome-derived molecules with immunomodulatory activity are another frontier. 
Commensal bacteria often secrete peptides or metabolites that tune host immunity, and these 

can be predicted from metagenomic data [55]. For example, [56] identified peptides from 
Bifidobacterium longum and Bacteroides fragilis that modulate intestinal cytokines and 
antigen-presenting cell phenotypes. In healthy donors, a B. longum-derived peptide (B7) 
reduced chemokine receptor expression on dendritic cells, demonstrating 
immunomodulatory capacity. Such findings suggest pipelines could mine environmental (or 
gut) metaproteomes for small molecules with anti-inflammatory or immunostimulatory 
effects. These might become novel probiotic-derived therapies or adjunctive treatments, 
engineered through synthetic biology.  

5 Limitations and Challenges 
While promising, this integrated approach faces significant caveats. Data limitations: 
Environmental metagenomes are often incomplete or highly fragmentary, especially for rare 
or novel microbes. As a result, predicted proteins may be partial or misassembled, limiting 
the reliability of downstream epitope predictions. Many microbial taxa lack close reference 
genomes, so homology-based annotations (antigenicity, function) can fail. Additionally, bias 
in metagenomic sampling (e.g., DNA extraction, sequencing depth) may skew which 
organisms and genes are detected. Poor annotation of non-model organisms means candidate 
antigens might be incorrectly labeled “hypothetical protein” with unknown immune 
relevance. 

5.1 Computational uncertainties 

In silico predictions of epitopes and antigenicity carry false positives. Tools like VaxiJen and 
NetMHCpan have known limitations; predicted “antigenic” proteins might not be 
immunogenic in vivo, and vice versa. Allergenicity predictors (e.g., AllerTOP) reduce the 
risk of allergic reactions, but novel epitopes might have unanticipated cross-reactivity [57]. 
Over-reliance on sequence-based methods can overlook structural or post-translational 
context. As [53] notes, even a “comprehensive immunoinformatics pipeline” must be 
experimentally validated, since in silico findings do not guarantee real-world efficacy. There 
is also a risk of over-interpretation: without lab confirmation, predicted epitopes and 
modulators should be viewed as hypotheses, not proven candidates. 

5.2 Safety and regulatory concerns 

Predicted antigens from environmental microbes could potentially mimic human proteins, 
risking autoimmunity if not properly filtered. As part of good practice, pipelines typically 
remove peptides with high similarity to human sequences. Similarly, immunoinformatics 
workflows include multiple safety screens [58]. Nevertheless, computational checks are 
imperfect, and rare allergenic motifs might be missed. For vaccines, murine or in vitro 
validation is required before animal or human trials. Regulatory pathways for microbiome-
based therapies are still evolving; introducing an “environmental antigen” may face novel 
oversight. 

5.3 Biological complexity 

Even if a peptide is predicted to bind MHC molecules or stimulate a T-cell, the host immune 
system’s response is influenced by many factors (adjuvants, epitope processing, HLA 
diversity). Environmental antigens often come from non-traditional hosts or commensals; 
their context of exposure will affect immunogenicity [59]. Immunosenescence, microbiota 
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interactions, and individual host genetics can greatly modulate outcomes. For example, a 
peptide that is immunomodulatory in a healthy gut (like B. longum B7) may behave 
differently in inflammatory disease or at another site. Thus, predictions provide leads, but 
validating safety and efficacy in vivo is essential [56]. 

6 Opportunities and Future Directions 
Despite challenges, the horizon is bright for this combined approach. Vaccine innovation: 
Mining environmental microbiomes could uncover protective antigens from as-yet-
uncultured pathogens or beneficial microbes. A reservoir of novel epitopes may broaden 
vaccine targets beyond classic pathogens. For emerging infectious diseases, metagenomic 
surveillance of wildlife and vectors combined with epitope prediction could accelerate 
“reverse vaccinology” for zoonoses [30,54]. In cancer immunotherapy, tumor-associated 
microbiota metabolites or peptides might also be discovered that synergize with checkpoint 
inhibitors [46]. 

6.1 Diagnostics and surveillance 

High-throughput pipelines could generate libraries of predicted microbial antigens for 
diagnostic assays. For example, panels of synthetic peptides (from soil microbes or marine 
bacteria) might serve as controls or probes in serological surveys, broadening our ability to 
detect exposure to novel agents. Environmental sensors could couple metagenomic reads 
with on-the-fly immunoinformatics to raise alerts for novel harmful antigens. 

6.2 Immune-modulating therapies 

There is great interest in harnessing microbiome-derived molecules (postbiotics) to regulate 
immunity [46]. Computational pipelines can screen microbial genomes for peptides that, for 
instance, induce regulatory T cells or dampen inflammation. Such candidates could become 
novel probiotics or biologics. For instance, resources such as MAHMI-like peptide databases 
and related work on gut microbiota–derived bioactive peptides allow in silico screening of 
gut metagenomes for immunomodulatory molecules [56]. Extending this to soil or ocean 
microbiomes could lead to new anti-inflammatory compounds. Engineered microbes (e.g., 
probiotics carrying synthetic genes) might be designed based on pipeline predictions to 
secrete desired immune signals in situ. 

6.3 Computational advances 

The field will benefit from AI and machine learning that improve epitope prediction beyond 
current rule-based tools [36, 60]. Integrating multi-omics could refine target identification. 
For example, identifying which microbial peptides are presented by MHC on host cells via 
MS-eluted ligand or immunopeptidomics data would help validate in silico antigenicity calls 
[26]. Cloud-based platforms and web-accessible reverse vaccinology servers could automate 
end-to-end workflows for non-specialists [45]. 

7 Conclusion 
Integrating metagenomics with immunoinformatics offers a powerful route to discovering 
novel antigens and immunomodulators in complex ecosystems. By sequencing 
environmental DNA and applying computational epitope prediction, researchers can 

prioritize leads for vaccines, diagnostics, and therapies that would be difficult to identify 
using traditional methods alone. Case studies, from parasite vaccine targets in dogs to 
microbiome-derived peptides in human disease, demonstrate the promise of this approach. 
However, the pipeline is not foolproof. Data quality, computational limits, and safety 
concerns mean that rigorous validation remains essential. Predicted candidates must be tested 
experimentally to confirm immunogenicity and to rule out adverse reactions. Looking ahead, 
advances in sequencing technology, bioinformatics, and systems immunology will continue 
to sharpen these tools. Larger and more diverse genomic databases will expand the search 
space, while AI-driven predictors and high-throughput validation platforms (e.g., yeast 
display, high-content immunophenotyping) will help close the loop between prediction and 
experiment. The synergy of metagenomics and immunoinformatics could transform how we 
identify vaccine antigens and immune therapies, tapping the vast, largely unexplored 
reservoir of nature’s microbiomes. This promising frontier has the potential to yield novel 
interventions for infectious disease, cancer, autoimmunity, and beyond, provided its use is 
guided by careful analysis and empirical testing. 
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validating safety and efficacy in vivo is essential [56]. 
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vaccine targets beyond classic pathogens. For emerging infectious diseases, metagenomic 
surveillance of wildlife and vectors combined with epitope prediction could accelerate 
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For example, identifying which microbial peptides are presented by MHC on host cells via 
MS-eluted ligand or immunopeptidomics data would help validate in silico antigenicity calls 
[26]. Cloud-based platforms and web-accessible reverse vaccinology servers could automate 
end-to-end workflows for non-specialists [45]. 
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Integrating metagenomics with immunoinformatics offers a powerful route to discovering 
novel antigens and immunomodulators in complex ecosystems. By sequencing 
environmental DNA and applying computational epitope prediction, researchers can 

prioritize leads for vaccines, diagnostics, and therapies that would be difficult to identify 
using traditional methods alone. Case studies, from parasite vaccine targets in dogs to 
microbiome-derived peptides in human disease, demonstrate the promise of this approach. 
However, the pipeline is not foolproof. Data quality, computational limits, and safety 
concerns mean that rigorous validation remains essential. Predicted candidates must be tested 
experimentally to confirm immunogenicity and to rule out adverse reactions. Looking ahead, 
advances in sequencing technology, bioinformatics, and systems immunology will continue 
to sharpen these tools. Larger and more diverse genomic databases will expand the search 
space, while AI-driven predictors and high-throughput validation platforms (e.g., yeast 
display, high-content immunophenotyping) will help close the loop between prediction and 
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interventions for infectious disease, cancer, autoimmunity, and beyond, provided its use is 
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