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EXECUTIVE SUMMARY 

Deliverable D4.1 reports on the computational screening and selection of 
proteolytic bacteria within WP4 of the VALORISH project. The main objective 
was to identify microbial strains with the capacity to hydrolyse fish by-products-
derived proteins into bioactive peptides and to evaluate their metabolic 
feasibility for fermentation processes. The approach integrated three 
complementary stages. First, in silico enzymatic digestion simulations 
(employing the Food wastE biopEptiDe classifier, (FEEDS tool)) were carried 
out for 81 microbial strains using selected fish by-product proteins as 
substrates. Two digestion modes were evaluated: sequential (using both 
extracellular and intracellular predicted enzymes) and concurrent (using all 
predicted extracellular enzymes). Second, genome-scale metabolic models 
(GEMs) were reconstructed to predict the ability of each strain to grow on amino 
acid-based media, allowing the selection of metabolically viable candidates. 
Finally, the resulting peptides were analysed for antimicrobial, antioxidant, 
antihypertensive, and anti-inflammatory activities using specialised 
bioinformatics tools. 
From the initial panel of 81 strains selected from the European Food Safety 
Authority (EFSA) list of microorganisms with Qualified Presumption of Safety 
(QPS) status, 17 were identified as metabolically viable candidates. Enzymatic 
digestion results showed that sequential digestion generated more diverse 
peptide libraries, while concurrent digestion produced more homogeneous but 
biologically realistic profiles. Bioactivity predictions highlighted strain-specific 
differences, with Lysinibacillus fusiformis and Parageobacillus 
thermoglucosidasius showing high potential for antimicrobial and anti-
inflammatory peptides, and Bacillus mojavensis, Bacillus vallismortis, and 
Priestia megaterium emerging as strong producers of antioxidant and 
antihypertensive peptides. 
This deliverable provides a systematic computational framework to prioritise 
strains with both proteolytic and metabolic capacity. The outcomes directly 
support substrate prioritisation (WP1) and guide fermentation strategies (WP3), 
thereby contributing to the VALORISH goal of developing a zero-waste cascade 
valorisation process for fish by-products. 
 

  

Figure ES 1 Overall computational approach outline. 
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1. INTRODUCTION 

1.1 GENERAL CONTEXT 

The sustainable management and valorisation of marine resources are key 
priorities in the transition towards a circular and zero-waste bioeconomy. In this 
context, the VALORISH project aims to develop innovative and sustainable 
biotechnological strategies for the valorisation of fish waste and by-
products through a green, cascade-based approach. These materials, often 
discarded or underutilised, represent a valuable source of proteins and other 
biomolecules that can be converted into high-value compounds such as 
peptides with nutritional and functional properties (1).  
Within this framework, Task 4.1 focuses on the application of computational 
(in silico) methodologies to accelerate the identification and selection of 
microbial strains and processes with potential for industrial implementation. By 
integrating enzymatic simulations, metabolic modelling and bioinformatic 
analysis, this task aims to provide the scientific foundation for a more efficient 
and sustainable development of proteolytic fermentation processes within 
VALORISH. Deliverable D4.1 reports the computational screening of 
proteolytic bacteria with the objective of identifying promising candidates for 
experimental validation during the proteolytic fermentation stage (Task 1.3, led 
by ANFACO). 
To achieve this, a comprehensive computational framework was established to 
systematically evaluate the proteolytic and metabolic potential of candidate 
strains, integrating multiple levels of analysis within a single workflow. This 
allows direct comparison of multiple strains and substrates, reducing 
experimental workload and guiding validation towards the most promising 
candidates. The framework combines three complementary analytical 
components: 

o In silico simulation of enzymatic digestion of selected fish-derived 
proteins.  

o Evaluation of the metabolic capacity of strains to utilise fish-derived 
nutrients through genome-scale metabolic models (GEMs). 

o Prediction of the potential functional properties of the resulting peptides 
though bioactivity inference. 

By integrating these analyses, the workflow presented in this deliverable (D4.1) 
provides a unified and biologically grounded approach to identify 
microorganisms that combine proteolytic efficiency, metabolic robustness, and 
potential to generate bioactive peptides for subsequent validation within 
VALORISH.  
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1.2 WPS AND TASKS RELATED WITH THE DELIVERABLE 

This deliverable refers to “Task 4.1 Computational proteolytic bacteria 
screening”, led by IDENER. In turn, this task is included in “WP4: Computational 
methodologies for process design, integration and modelling”, led and managed 
also by IDENER. 
 

2. METHODS AND MATERIALS 
The objective of the computational workflow developed in this task was to 
support the rational screening and prioritisation of proteolytic bacteria for the 
VALORISH proteolytic fermentation process (T1.3). To this end, two main types 
of inputs were required: i) representative protein substrates derived from the 
fish by-products selected in T1.1, and ii) candidate microbial strains with 
potential applicability in food-related fermentation processes. The workflow was 
structured into three complementary stages: first, in silico enzymatic digestion to 
predict strain-specific peptide generation; second, genome-scale metabolic 
modelling to assess the capacity of each strain to grow on amino acid-rich 
media; and third, bioactivity inference to evaluate the potential functional 
properties of the generated peptides. 

2.1 Substrates 
A total of eight protein sequences were selected as input substrates for this 
screening (Table 1), representing fish and crustacean by-products of direct 
relevance to VALORISH: hake (Merluccius spp.), cod (Gadus spp.), and shrimp 
(Caridea spp.). This selection was defined in close collaboration with the 
partners involved in T1.1, particularly PESCANOVA, and was based on the 
results and recommendations reported in Deliverable D1.1 (2), where feedstock 
characterization and prioritisation were reported. In that task, the different fish 
by-products were assessed according to their chemical composition, biological 
relevance and practical availability within the project value chain. Based on 
these criteria, hake,  cod and shrimp by-products were identified as 
representative protein-rich feedstocks expected to enter the proteolytic 
fermentation stage in T1.3. Hake trimmings, mainly composed of white muscle, 
were identified as excellent candidates due to their high protein content (~70% 
dry weight) and very low fat levels. Cod by-products showed a similar 
composition, also characterised by high protein content (~70% dry weight) and 
low lipid content. Shrimp by-products, although more complex and 
characterised by relatively high salt content, were also prioritised due to their 
substantial protein fraction (~61% dry weight) and their relevance within the 
VALORISH feedstock portfolio. 
Following this prioritisation, a final subset of eight proteins was selected by 
focusing on collagen, actin, and myosin. Rather than attempting to represent 
the complete proteome of each by-product, the objective was to capture the 
major structural proteins that account for a substantial proportion of the protein 
fraction entering the fermentation process. These proteins were selected 
because they are the principal structural proteins of muscle and connective 
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tissues, which constitute a large proportion of the fish and crustacean 
processing by-products (3) prioritised in VALORISH, including skins, muscle 
trimmings, frames, and heads, all of which are widely used as substrates for 
protein hydrolysate production. By selecting conserved structural proteins from 
the three prioritised feedstocks, the computational screening focuses on the 
substrates that are most likely to determine peptide release during fermentation 
while maintaining comparability across species and by-product types. The 
sequences were retrieved from public datasets (specifically UniProt (4) and 
GenBank (5)) to ensure traceability, accessibility and standardisation of the 
input data used in the computational workflow. 

Table 1. List of the utilised substrates in this analysis. 

Protein 
number 

Protein 
type 

Name Species DB ID 

1 Collagen Collagen alpha 1 chain Shrimp Uniprot A0AAN8XCG3 

2 Actin Actin Shrimp Uniprot A0A0A6Z676 

3 Myosin Myosin heavy chain Shrimp Uniprot A0A288ZBA6 

4 Myosin Myosin light chain Shrimp Uniprot A0A385XQZ3 

5 Myosin Myosin heavy chain Cod Uniprot O93498 

6 Actin Alpha skeletal actin-1 Cod Uniprot Q76LU1 

7 Actin Alpha skeletal actin-2 Cod Uniprot Q78DJ9 

8 Myosin Cardiac muscle myosin 
heavy chain 6 

Hake Genbank AWC08973 

2.2 Microorganisms 

A total of 81 microbial strains (listed in Table A 1) were selected from species 
included in the Qualified Presumption of Safety (QPS) (6) list of the European 
Food Safety Authority (EFSA). The QPS framework provides a harmonised 
pre-assessment of microbial safety for microorganisms intentionally introduced 
into the food and feed chain, making it an appropriate starting point for selecting 
candidate strains for food-related bioprocesses (6). Restricting the analysis to 
QPS-listed species ensures that the computational screening focuses on 
microorganisms with recognised safety status and greater potential for 
subsequent industrial implementation within the VALORISH framework.  
From these QPS-approved species, strains were prioritised according to their 
availability in the American Type Culture Collection (ATCC) (7) and the 
Deutsche Sammlung von Mikroorganismen und Zellkulturen (DSMZ) (8). 
Selecting strains available from these repositories ensures that the 
computationally prioritised candidates can be readily obtained by the partners 
involved in T1.3 for downstream experimental validation, while also providing 
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access to well-characterised strains with high-quality genome assemblies. To 
streamline this process, a web-scraping strategy was implemented to 
automatically retrieve ATCC and DSMZ identifiers for each candidate strain, 
along with their correspondent assembly accession numbers. The taxonomic 
distribution of the selected strains is shown in Figure 1. Lactobacillus and 
Bacillus were the most represented genera, followed by Limosilactobacillus, 
Bifidobacterium, and Lentilactobacillus, while most of the remaining genera 
were represented by only one or two strains. This distribution reflects a balance 
representation of microbial genera, allowing to focus on the most accessible 
and well-characterised strains while maintaining sufficient taxonomic diversity to 
explore a wide range of potential proteolytic activities. 
 

 
Figure 1. Candidate bacterial strains, sorted by number and grouped by genus. 

2.3 Methodology 

The computational workflow developed in Task 4.1 integrates three 
complementary stages to evaluate the potential of microbial strains to generate 
bioactive peptides from fish by-products-derived proteins (Figure 2). First, the 
selected Substrates were subjected to in silico enzymatic digestion by each 
of the 81 microbial strains, using strain-specific protease profiles to generate 
peptide libraries. In parallel, GEMs were employed to assess the ability of each 
strain to grow in a defined minimal medium composed of glucose and amino 
acids, thereby identifying metabolically viable candidates under realistic nutrient 
conditions. Finally, the peptides obtained from in silico digestion were analysed 
through bioactivity prediction tools to estimate their likelihood of exhibiting 
antimicrobial, antioxidant, anti-inflammatory, or antihypertensive properties. 
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Figure 2. Detailed Computational workflow applied for proteolytic bacteria screening. 

Together, these analyses form a consistent computational framework that 
supports the systematic screening of microbial candidates. The following 
sections describe each stage in detail: 
2.3.1 In silico enzymatic digestion 

In this first stage, the proteolytic activity of each microbial strain was simulated 
to predict its ability to hydrolyze the selected fish-derived proteins. This was 
performed using the FEEDs tool (9), which integrates genomic and enzymatic 
information to model how strain-specific proteases cleave protein substrates 
and generate peptide fragments. 

 
Figure 3. In silico enzymatic digestion detailed pipeline 

The workflow (Figure 3) began with the prediction of open reading frames 
(ORFs) from each bacterial genome, followed by the identification and 
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annotation of proteases using the MEROPS database (10) as the primary 
reference.  MEROPS provides a comprehensive and hierarchically curated 
classification of proteolytic enzymes, including ~4000 individual peptidases,  
grouped in 281 peptidase families and 66 clans (11). One of its key strengths is 
the systematic use of Hidden Markov Models (HMMs), built from multiple 
sequence alignments and applied through HMMER (12) to sensitively detect 
distant protease homologues and consistently assign them to families and 
clans. Although the development of custom HMMs was initially planned within 
Task 4.1, the completeness and standardisation of the MEROPS resource 
made it a more efficient choice. Leveraging its curated HMM profiles already 
tested ensured methodological consistency, improved coverage, and allowed 
the extension of the screening to a greater number of bacterial strains and 
substrates than originally anticipated, thereby enhancing the robustness of the 
candidate evaluation process.  
Once the set of proteases were identified through MEROPS annotation for each 
strain, SignalP 5.0 (13) tool was applied to detect those enzymes containing 
signal peptides, which are short N-terminal sequences that act as indicators of 
protein secretion. This filtering step allowed the identification of extracellular 
proteases, which are the ones expected to be functionally active in real 
fermentation systems, where only secreted enzymes can hydrolyse external 
substrates while intracellular ones remain within the cell.  
The resulting protease sets were then used to perform two complementary 
digestion simulations available in the FEEDs pipeline (shown in Figure 4): 
• Sequential digestion: Enzymes act one after another in a cascade, each 

starting from the intact substrate and performing its cleavage independently. 
Because the action of one enzyme does not affect the substrate available 
for the next, this approach typically produces a greater number of peptides. 
Both extracellular and intracellular proteases were included in this 
simulation, as their independent activity ensures that the resulting peptide 
profiles remain comparable. This configuration provides a complete view of 
the potential proteolytic capacity encoded in each genome. 

• Concurrent digestion: In contrast, this mode simulates a scenario where all 
enzymes act simultaneously on the same substrate. Here, the product 
generated by one enzyme can become the substrate for another, resulting in 
more extensive hydrolysis and the formation of shorter peptide fragments. 
Only extracellular enzymes were considered in this configuration, reflecting 
the conditions expected in real fermentation environments, where 
intracellular enzymes are not released. 
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Figure 4. Schematic representation of the two digestion strategies applied: sequential mode (left) and 

concurrent mode (right). 

For both digestion strategies, the selected proteases were applied to the eight 
protein substrates to predict the peptide fragments expected from enzymatic 
digestion, generating strain-substrate specific peptide libraries. These 
libraries were subsequently filtered by peptide length, retaining only peptides 
longer than three amino acids, which have been shown throughout this task to 
be the most relevant for downstream bioactivity inference analyses. 
2.3.2 Metabolic evaluation via genome-scale metabolic modelling 

GEMs are a mathematical and computational representations of a 
microorganis ’s  etabolic network, reconstr cted fro  its geno e annotation. 
They include reactions, metabolites, and gene–protein associations, enabling 
its simulation of cellular behaviour under defined environmental or nutritional 
conditions (14). To support the activities of T4.1, GEMs were used to evaluate 
the metabolic feasibility of the microbial strains when provided with fish-
derived proteins, or its corresponding amino acids as nutrient sources. The 
amino acids were selected representing those that are typically identified as 
major components of the fish by-product residues. This step added a functional 
validation layer to the peptide analysis in T4.1, ensuring that the selected 
strains were not only proteolytically active but also metabolically compatible with 
fermentation processes relevant to industrial valorisation. 
GEMs were reconstructed and analysed using a two-step computational 
approach. First, GEMs were obtained with an automatic reconstruction protocol 
followed by the tool CarveMe (15). It relies on a curated template from a 
universal metabolic model, and the alignment of genes in the query sequence, 
ensuring rapid and accurate reconstructions. The resulting models include 
central and secondary metabolic pathways leading up to biomass formation, 
making them suitable for immediate application in flux balance simulations 
without requiring extensive manual curation. In this work, 81 microbial strains 
were selected for peptide digestion simulations, resulting in the generation of 
their strain-specific GEMs that reflected their metabolic potential. 
For performing flux balance analysis with the GEMs, the COBRA Toolbox (16) 
was employed. Growth simulations for flux balance analysis were performed 
under a defined minimal medium (17) containing glucose as the primary carbon 
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source and 19 amino acids (Table 2) at equimolar concentrations. This setup 
provided two main outputs:  

1. Predicted biomass concentration, representing the final growth 
potential of the strain in the amino acid-based medium. 

2. Amino acid consumption profile, indicating which compounds were 
metabolised during growth and which remained unutilised in the medium. 

Both parameters provide insight into the viability of each strain under the 
defined conditions and their nutrient utilisation efficiency, supporting more 
informed decisions for strain selection and media formulation. 
 

Table 2. List of amino acids included in the GEM simulations and their three-letter codes. 

Amino acid Code Amino acid Code 
Alanine ala Leucine leu 
Arginine arg Lysine lys 
Asparagine asn Methionine met 
Aspartate asp Phenylalanine phe 
Cysteine cys Proline pro 
Glutamine gln Serine ser 
Glutamate glu Threonine thr 
Glycine gly Tyrosine tyr 
Histidine his Valine val 

Isoleucine leu   
 
Synthesis of GEMs capturing the metabolic potential of microbes using 
CarveMe, followed by their simulations using the flux balance analysis 
integrated within the COBRA Toolbox, enabled the systematic identification of 
strains capable of metabolising fish-derived protein substrates. This approach 
added a critical layer of validation to the enzymatic digestion results in T4.1, 
ensuring that only metabolically feasible strains were advanced to bioactivity 
inference and subsequent prioritisation for experimental validation. 
 
2.3.3 Peptide bioactivity inference 

The bioactivity of the peptides generated through in silico enzymatic digestion 
was assessed using a panel of specialised prediction tools, each designed to 
evaluate one or more specific biological activities. This multi-tool approach 
ensured comprehensive coverage of the four targeted bioactivities: 
antimicrobial, antioxidant, antihypertensive, and anti-inflammatory, while 
providing complementary perspectives based on distinct algorithmic 
approaches. Integrating the outputs of these tools allowed a more consistent 
interpretation of peptide function and helped to identify those candidates 
showing the strongest and most recurrent bioactivity signals across models. 

2.3.3.1 Antimicrobial activity 

Three tools were employed to infer antimicrobial potential: CICERON (18), 
AMPscanner (19) and PepNet (20). CICERON combines two complementary 
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strategies within a single framework: (i) similarity searches against curated 
databases of experimentally validated antimicrobial peptides, which allow the 
identification of known bioactive motifs; and (ii) machine learning–based 
inference models trained to recognise sequence features associated with 
antimicrobial function, thus extending prediction capability to novel peptides 
beyond existing references. This dual mechanism, applied consistently across 
all peptide datasets, provided both confirmatory evidence for known motifs and 
predictive insight into potentially new antimicrobial sequences. In contrast, 
AMPscanner relies on deep learning architectures trained on large-scale 
peptide datasets. Its convolutional layers capture local amino acid patterns 
characteristic of antimicrobial peptides, offering a complementary data-driven 
view. PepNet, on the other hand, applies transformer-based neural networks 
that learn both short- and long-range sequence dependencies, enabling the 
detection of subtle structural patterns often overlooked by other models. 
The use of these three conceptually different approaches ensured a broad 
exploration of antimicrobial potential, from motif-based validation to de novo 
inference. To systematically integrate their outputs, a consensus scoring system 
was implemented: each peptide was assigned a score between 0 and 1 
reflecting the proportion of tools that classified it as antimicrobial. This 
harmonised metric enabled direct comparison across models and facilitated the 
identification of high-confidence peptides consistently predicted as antimicrobial 
by multiple tools. 

2.3.3.2 Antioxidant activity 
For antioxidant potential, CICERON and AnOxPP (21) were used. Within 
CICERON, a model specifically trained for antioxidant sequences was applied, 
combining similarity-based searches with machine learning inference to capture 
both known and putative antioxidant motifs. AnOxPP, in contrast, relies on 
neural networks trained exclusively on physicochemical and sequence-derived 
descriptors associated with antioxidant behaviour, offering a different approach. 
In this case a consensus scoring was also calculated.  

2.3.3.3 Antihypertensive activity 
Antihypertensive activity refers to the ability of certain peptides to modulate 
blood pressure, typically through the inhibition of angiotensin-converting 
enzyme (ACE) or related pathways involved in vasoconstriction (22). In this 
study, antihypertensive potential was evaluated exclusively using the CICERON 
platform, which combines similarity searches against validated antihypertensive 
peptide databases with a machine learning model specifically trained for this 
bioactivity. 

2.3.3.4 Anti-inflammatory activity 
Anti-inflammatory potential was assessed solely with PepNet, as CICERON 
does not incl de  od les for this bioactivity.  epNet’s architect re, based on 
transformer blocks and convolutional layers, enables the recognition of both 
local and global patterns within peptide sequences, allowing accurate prediction 
of peptides with anti-inflammatory properties. 

The overall coverage of bioactivities by the selected tools is summarised in 
Table 3. This configuration ensures that all relevant functional categories were 
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evaluated, while maintaining methodological diversity and consistency across 
analyses. In the case of bioactivities assessed by multiple tools (antimicrobial 
and antioxidant), the use of consensus scoring increased the robustness of 
predictions and provided higher confidence in the resulting candidates. 

Table 3. Bioactivity prediction coverage by tool. Each row represents one tool, and crosses indicate which 
bioactivity is predicted. 

Tool Antimicrobial Antioxidant Antihypertensive Anti-inflammatory 

CICERON X X X  
AMPscanner X    
PepNet X   X 
AnOxPP  X   

 
2.3.4 Decision framework for strain prioritisation and experimental validation 

The computational workflow was designed as a decision-support framework to 
progressively refine the initial pool of candidate microorganisms into a short list 
of strains suitable for experimental validation. Rather than relying on a single 
selection criterion, strain prioritisation followed a sequential decision process in 
which each step provided complementary evidence and reduced uncertainty 
before moving to laboratory testing (Figure 5). First, microorganisms belonging 
to species included in the QPS list were considered to ensure their suitability for 
food-related applications (1). From these, strains were further filtered according 
to their availability in recognised culture collections, such as ATCC and DSMZ, 
ensuring that the selected candidates could be obtained by the project partners 
for experimental validation (2). The remaining strains were subsequently 
evaluated for their proteolytic potential through genome annotation, with 
particular emphasis on the identification of extracellular proteases expected to 
participate in protein degradation under fermentation conditions (3). GEMs are 
subsequently used to assess metabolic feasibility by predicting whether each 
strain could grow in an amino acid-rich medium used as a proxy of the nutrient 
conditions expected during proteolytic fermentation and following T3.1 
indications (4). Finally, the peptide repertoires released during the in silico 
digestion of the selected substrates were analysed to estimate the potential 
generation of peptides with antimicrobial, antioxidant, antihypertensive and anti-
inflammatory activities (5). The evidence generated across these steps was 
integrated to prioritise the most promising strains for laboratory-scale validation 
by ANFACO using the fish and crustacean by-products selected within 
VALORISH. 

 
Figure 5 Sequential workflow used to translate the computational screening into experimental validation. 
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3. RESULTS AND DISCUSSION 

This section presents and discusses the results obtained from the three key 
stages of the computational workflow: 

• Enzymatic digestion simulations performed with 81 selected strains, 
under both sequential and concurrent digestion modes. 

• Microbial growth simulations using GEMs to evaluate the ability of 
each strain to grow in an amino acid-rich medium representative of the 
conditions expected during proteolytic fermentation in Task 1.3. 

• Bioactivity inference of the peptides released during the simulated 
proteolysis. 

Although the in silico proteolytic digestion was performed for all 81 selected 
strains and across the full set of protein substrates described in Section 2.1, the 
primary objective of this work was not only to identify strains capable of 
releasing potentially bioactive peptides, but also to prioritise microorganisms 
with realistic potential for experimental fermentation. For this reason, metabolic 
feasibility was incorporated as an additional prioritisation criterion through GEM 
simulations, as described in Section 2.3.4. This combined assessment makes it 
possible to distinguish strains with high theoretical proteolytic potential from 
those that are also expected to sustain growth under relevant fermentation 
conditions. Accordingly, the results are presented and discussed from the 
perspective of strain prioritisation, progressively narrowing the initial pool of 
candidate microorganisms towards those considered most suitable for 
subsequent laboratory validation. 

3.1 Enzymatic digestion results 

Building on the workflow introduced above, this part focuses on the enzymatic 
digestion simulations conducted across all microbial strains. Each strain was 
analysed under two digestion modes (sequential and concurrent with 
extracellular enzymes) applied to the selected protein substrates. The resulting 
peptide libraries were evaluated using indicators such as peptide count and 
average length, offering a comparative view of strain-specific proteolytic 
performance. 
3.1.1 Sequential enzymatic digestion results 

Figure 6 presents the best 25 microbial strains ranked by the total number of 
peptides generated during sequential enzymatic digestion. The tree map 
highlights the strong variability in proteolytic performance across species. 
Notably, Xanthomonas campestris (1,501 peptides), Bacillus atrophaeus 
(1,371 peptides), and Bacillus amyloliquefaciens (1,370 peptides) stood 
out as the most productive strains. These results illustrate the significant 
influence of strain-specific enzyme repertoires on peptide yield, with a small 
group of species generating markedly higher outputs than most strains included 
in the analysis. 
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Figure 6 Tree map representation of the 25 strains producing the highest number of peptides under 
sequential enzymatic digestion. Colours indicate genus-level taxonomic classification. 

Figure 7 presents the 25 microbial species that generated the highest total 
number of peptides under sequential enzymatic digestion. The results are 
divided into two peptide length groups: short peptides (4–9 amino acids) and 
longer peptides (≥10 a ino acids). The analysis reveals that Xanthomonas 
campestris, Bacillus atrophaeus, and Bacillus amyloliquefaciens were the top 
producers overall, each generating more than 1,000 peptides, most of which 
belong to the shorter size category. In contrast, a few species such as Priestia 
megaterium and Geobacillus stearothermophilus displayed a higher proportion 
of longer peptides, suggesting a slightly lower cleavage frequency and a 
tendency to yield larger fragments. Overall, most of the top-performing species 
produced predominantly short peptides, reflecting efficient substrate hydrolysis. 
The consistent predominance of peptides within the 4-9 amino acid range 
indicates a high degree of proteolytic completeness across strains, while the 
presence of longer fragments in certain species highlights strain-specific 
variations in enzymatic activity and substrate specificity. 
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Figure 7 Distribution of peptide counts by length group for the 25 microbial species that produced the highest total number of peptides under sequential enzymatic 
digestion. Bars represent peptide counts per size group. 
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3.1.2 Concurrent enzymatic digestion results 
Figure 8 displays the best 25 microbial strains ranked by the total number of 
peptides produced during concurrent enzymatic digestion. Unlike sequential 
digestion, the peptide counts here are far more homogeneous across strains. 
Most of species had generated around 411 peptides each, reflecting a 
conserved pattern of extracellular proteolytic activity. Only a small subset of 
strains, such as Bacillus mojavensis, Bacillus subtilis, and Geobacillus 
stearothermophilus, produced noticeably fewer peptides (276), indicating more 
limited extracellular enzyme repertoires. This relative uniformity suggests that 
secreted proteases are functionally conserved across many genera, with only a 
few exceptions.  

 
Figure 8 Tree map representation of the 25 strains producing the highest number of peptides under 
concurrent enzymatic digestion. Colours indicate genus-level taxonomic classification. 

Figure 9 shows the 25 microbial species that produced the highest total number 
of peptides under concurrent enzymatic digestion. In this case, the results are 
also grouped by peptide size, distinguishing short peptides (4-9 amino acids) 
fro  longer ones (≥10 a ino acids). Unlike the se  ential digestion  ode, the 
results here are remarkably homogeneous, nearly all strains generated around 
400 peptides, the majority of which fall within the 4-9 amino acid range. 
This high level of uniformity suggests that the extracellular proteases involved in 
concurrent digestion have a broadly conserved activity across strains, resulting 
in efficient and consistent substrate hydrolysis. Only a very small proportion of 
longer peptides was detected, indicating complete or near-complete cleavage 
by the secreted enzymes. Overall, these results confirm that concurrent 
digestion captures a more uniform proteolytic pattern, representative of 
extracellular enzymatic activity under realistic fermentation conditions.
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Figure 9 Distribution of peptide counts by length group the 25 microbial species that produced the highest total number of peptides under concurrent enzymatic 
digestion. Bars represent peptide counts per size group.
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3.1.3 Enzymatic digestion results discussion 

The enzymatic digestion simulations highlighted substantial variability in 
proteolytic behaviour across the 81 strains, depending on the digestion mode 
considered. Sequential digestion consistently yielded a wider distribution of 
results, with a few species such as Xanthomonas campestris, Bacillus 
atrophaeus, and Bacillus amyloliquefaciens producing exceptionally high 
numbers of peptides. At the same time, sequential digestion revealed clear 
differences in peptide size distribution, with certain species, such as 
Streptococcus thermophilus and Leuconostoc citreum, generating relatively few 
but longer peptides, which may reflect incomplete cleavage patterns. These 
results demonstrate that sequential digestion can capture the diversity of strain-
specific enzymatic repertoires, producing heterogeneous peptide libraries with 
distinct functional potential (Figure 8). 
In contrast, concurrent digestion, produced more homogeneous peptide 
profiles across strains, with most species generating around 400 peptides of 
relatively short length and low variability (Figure 9). This uniformity may reflect 
the combined effect of multiple enzymes acting simultaneously, where 
proteases with different cleavage preferences balance each other’s activity, as 
well as the functional conservation of extracellular proteases among the 
selected microorganisms. However, a few outliers, including Limosilactobacillus 
fermentum, Leuconostoc citreum, and Gluconobacter oxydans, generated 
longer and more variable peptides, suggesting reduced extracellular cleavage 
efficiency. This digestion mode therefore provides a more realistic, but less 
diverse, representation of the peptides likely to be generated under 
fermentation conditions. 
Overall, this first stage provided an initial prioritisation of candidate strains 
based on their predicted capacity to release peptides from the selected fish and 
crustacean substrates. The best-performing strains identified at this stage are 
summarised in Table 4, together with the rationale for their preliminary 
selection. However, proteolytic performance alone is not sufficient to define a 
strain as suitable for fermentation-based applications. For this reason, the initial 
ranking was subsequently refined through GEM-based metabolic evaluation, 
allowing the selection process to focus on microorganisms that combine 
peptide-releasing capacity with predicted growth under conditions 
representative of the proteolytic fermentation process in Task 1.3. 

Table 4 Top microbial strains according to proteolytic performance (number of peptide generated divided 
by length in aminoacid terms) under  sequential and concurrent in silico enzymatic digestion.  

Secuential digestion (peptide 
count)  

Concurrent digestion (peptide 
count) 

specie 4-9 aa 10-15 
aa  

≥16 
aa  

Total 
peptides  

4-9 aa  10-15 
aa  

≥16 
aa  

Total 
peptides 

X.campestris 1036 195 270 1501 395 13 2 410 

B.atrophaeus 1022 185 164 1371 - - - - 

B.amyloliquefaciens 1022 185 163 1370 271 3 1 275 

B.vallismortis 859 93 80 1032 272 3 1 276 

G.stearothermophilu
s 

859 93 80 1032 272 3 1 276 
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P.megaterium 859 93 80 1032 271 3 1 275 

 

3.2 GEM-Based prediction of strain growth in amino acid medium 

The growth potential of the 81 selected strains was evaluated, using GEMs 
under the conditions defined in the Methodology section. For each strain, the 
simulations yielded two key outputs: the final biomass concentration, 
indicating growth capability, and the consumption profile of the amino acids, 
highlighting which compounds were metabolised and which remained available.  
This information is not only essential for identifying strains capable of growth 
under these conditions but also provides insight into the residual nutrient 
composition of the medium, which may be relevant for downstream 
fermentation processes in Task 4.2. 
As illustrated in Figure 10 which shows the results for Lysinibacillus fusiformis 
ATCC 55673, the left panel displays the predicted growth of the strain, while the 
right panel shows the specific amino acids consumed during the simulation.  

 
Figure 10. Time-course simulation of biomass and substrate concentrations for Lysinibacillus fusiformis 
ATCC 55673 in an amino acid-only medium. The left panel shows the increase in biomass concentration 
(g/L) over discrete time steps. The right panel displays the depletion of amino acid concentrations 
(mmol/L), indicating substrate consumption dynamics throughout the simulation. Amino acid acronyms are 
listed in Table 2.  

Figure 11 summarises the results of the GEM-based growth simulations for the 
17 strains that were retained after metabolic feasibility assessment. GEMs were 
reconstructed and simulated for all 81 selected strains under the amino acid-
based medium described in the 2.3.2 section. However, only 17 strains were 
predicted to sustain growth under these conditions and were therefore 
considered metabolically feasible for peptide production during fermentation. 
Since the aim of this work is to identify microorganisms capable of generating 
bioactive peptides under realistic fermentation conditions, the ability to utilise 
amino acids as carbon and nitrogen sources represents a key selection criteria. 
Consequently, only these 17 strains were carried forward for downstream 
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analyses. For each of these strains, the plot displays the maximum biomass 
concentration achieved together with the number of amino acids consumed and 
those remaining unutilised in the medium. Although most strains consumed 
nearly all the available amino acids, considerable variability was observed in the 
final biomass concentrations, reflecting differences in growth efficiency and 
metabolic performance. This variability provides an additional criterion for strain 
prioritisation, complementing the proteolytic potential identified during the 
enzymatic digestion analyses. 
 

 
Figure 11. Amino acid consumption and biomass concentration in an amino acid-only medium for various 
bacterial species. Bars indicate the number of amino acids consumed (green) and not consumed (grey) by 

each strain, while the black line represents the resulting biomass concentration (g/L).  

3.2.1 GEM-based strain selection discussion 

The GEM-based simulations provided a robust framework to identify the subset 
of strains that are not only proteolytically competent but also metabolically 
capable of thriving on amino acid-rich media. By narrowing down from 81 
initial strains to 17 biologically feasible candidates (Table 5), this step ensured 
that subsequent analyses focus on microorganisms with realistic potential for 
application in fermentation processes. Importantly, the results highlighted that 
while most strains efficiently metabolised amino acids, their growth performance 
varied considerably, underscoring differences in metabolic efficiency and 
biomass yields across species. This systematic filtering step directly 
strengthens and facilitates the downstream peptide bioactivity assessment. By 
focusing only on strains that can both hydrolyse substrates and sustain 
growth on the resulting amino acids, the workflow aligns peptide-level 
predictions with strain-level feasibility. The final set of 17 strains therefore 
provides a biologically relevant foundation for the inference of peptide 
bioactivities, which is presented in section 3.3. 
Table 5. List of the 17 selected strains with their corresponding identifiers used for downstream bioactivity 
analyses. 

Strain Assembly 
accession number 

Oxygen tolerance 

Acidipropionibacterium GCA_000310065.1 Facultative anaerobe 
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3.3 Inference of peptide bioactivity  

In this section, the results of the bioactivity inference analyses conducted on the 
peptides generated through enzymatic digestion simulations are presented. The 
analysis focused on four relevant bioactivities: antimicrobial, antioxidant, 
antihypertensive, and anti-inflammatory, evaluated for peptides produced under 
both sequential and concurrent digestion modes. A key step in this analysis was 
the definition of a bioactivity score, specifically designed for this study and 
explained in 2.3.3. For each peptide, the score ranges from 0 to 1 and reflects 
the proportion of tools predicting a given bioactivity (Table 6). For example, 
through this scoring system, a peptide classified as antimicrobial by two out of 
three tools receives a score of 0.66, allowing to integrate multiple predictions 
into a single comparable metric, facilitating the identification of high-confidence 
bioactive peptides across several strains and digestion modes. The following 
subsections present and discuss the inferred bioactivities of peptides generated 
by these 17 strains under both sequential and concurrent digestion modes. 

Table 6. Summary of tools used for peptide bioactivity inference and consensus scoring 

Bioactivity Tools used Bioactivity score (nº of tools) 

acidipropionici ATCC 4875 

Bacillus licheniformis ATCC 
14580 

GCA_034478925.1 Facultative anaerobe 

Bacillus mojavensis ATCC 51516 GCA_031316635.1 Aerobe 

Bacillus paralicheniformis ATCC 
9945a 

GCA_000408885.1 Obligate aerobe 

Bacillus smithii DSM 4216 GCA_001050115.1 Aerobe 

Bacillus vallismortis DSM 11031 GCA_004116955.1 Facultative anaerobe 

Bifidobacterium bifidum ATCC 
29521 

GCA_001025135.1 Anaerobe 

Bifidobacterium breve DSM 20213 GCA_001025175.1 Anaerobe 

Bifidobacterium longum DSM 
20219 

GCA_900104835.1 Strictly anaerobic 

Corynebacterium glutamicum 
ATCC 21573 

GCA_019551735.1 Obligate aerobe 

Heyndrickxia coagulans ATCC 
7050 

GCA_000832905.1 Facultative anaerobe 

Komagataeibacter 
sucrofermentans DSM 15973 

GCA_040581405.1 Obligate aerobe 

Lysinibacillus fusiformis ATCC 
55673 

GCA_008795865.1 Obligate aerobe 

Parageobacillus 
thermoglucosidasius DSM 6285 

GCA_014218645.1 Facultative anaerobe 

Priestia megaterium DSM 32 GCA_029536995.1 Obligate aerobe 

Propionibacterium freudenreichii 
DSM 20271 

GCA_000940845.1 Facultative anaerobe 

Shouchella clausii DSM 8716 GCA_002250115.1 Obligate aerobe 
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Antimicrobial CICERON, AMPscanner, 
PepNet 

Yes (3 tools) 

Antioxidant CICERON, AnOxPP Yes (2 tools) 
Antihypertensive CICERON No (single tool) 

Anti-inflammatory PepNet No (single tool) 

 
3.3.1 Inference of peptide bioactivity under sequential digestion mode 

3.3.1.1 Inference of antimicrobial bioactivity under sequential digestion mode 
No known peptides with antimicrobial activity were identified through similarity 
search against reference databases of experimentally validated antimicrobial 
peptides. This indicates that the peptides generated through sequential 
digestion do not correspond to exact matches of known antimicrobial 
sequences, underscoring the importance of computational inference to identify 
potential novel candidates. Figure 12 summarises the antimicrobial inference 
results for the 17 strains selected based on their metabolic growth potential. A 
clear distinction emerges across strains: Lysinibacillus fusiformis and 
Parageobacillus thermoglucosidasius rank among the highest, displaying both a 
larger number of predicted antimicrobial peptides and elevated total scores. 
They are closely followed by Bacillus vallismortis and Priestia megaterium, 
which also exhibit strong antimicrobial potential. 
Overall, these results highlight a subset of strains with markedly higher 
antimicrobial prediction profiles compared to the rest. While most species 
generated peptides with relatively low predicted antimicrobial activity, outliers 
such as Parageobacillus thermoglucosidasius and Lysinibacillus fusiformis 
stand out as promising sources of potent antimicrobial peptides, making them 
priority candidates for downstream validation. 
 

 
Figure 12. Antimicrobial peptides inferred under sequential digestion mode for the 17 selected strains. 
Bars represent the number of antimicrobial peptides predicted by each tool, and the black line shows the 
cumulative antimicrobial score per species. 
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3.3.1.2 Inference of antioxidant bioactivity under sequential digestion mode 
 
The similarity search for antioxidant activity identified a single validated peptide, 
FEQI, which was produced by nearly all strains (except for Komagataeibacter 
sucrofermentans). This recurrent detection suggests a conserved cleavage 
event with potential functional relevance across different microbial proteases. 
Figure 13 summarises the results of computational inference using CICERON 
and AnOxPP, together with the aggregated antioxidant score per strain. A clear 
distinction is observed among species: Priestia megaterium, Bacillus 
vallismortis, and Bacillus mojavensis generated substantially higher numbers of 
antioxidant peptides compared to the other strains, leading to the highest 
cumulative scores. These findings suggest that these strains may possess a 
more effective enzymatic repertoire or favourable substrate interactions 
promoting the release of antioxidant sequences. Most of the remaining strains 
showed intermediate and relatively consistent peptide counts, reflected in 
moderate total scores.  

 
Figure 13. Antioxidant peptides inferred under sequential digestion mode for the 17 selected strains. Bars 
represent the number of antioxidant peptides predicted by each tool, and the black line shows the 
cumulative antioxidant score per species. 

3.3.1.3 Inference of antihypertensive bioactivity under sequential digestion mode 
The similarity search for antihypertensive activity identified a single validated 
peptide: IWHHT. This sequence was generated through the action of 
thermolysin on actin derived from both cod and shrimp. Interestingly, it was only 
detected in three strains: Bacillus mojavensis, Priestia megaterium, and Bacillus 
vallismortis, indicating that its production requires a specific combination of 
enzymatic activity and substrate compatibility. 
As only one predictive tool (CICERON) was available for this bioactivity, no 
consensus scoring was applied. Figure 14 shows the number of 
antihypertensive peptides predicted for each strain. A clear trend emerges, with 
Priestia megaterium, Bacillus vallismortis, and Bacillus mojavensis standing out 
as the best producers, followed by a smaller group of strains with intermediate 
outputs. These findings are consistent with the similarity search and strongly 
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suggest that these strains may be particularly well-suited for generating 
antihypertensive peptides with potential functional benefits. 

 
Figure 14. Antihypertensive peptides inferred under sequential digestion mode using CICERON. Bars 
represent the total number of peptides predicted for each of the 17 selected strains. 

3.3.1.4 Inference of anti-inflammatory bioactivity under sequential digestion 
mode 

No similarity search was performed for anti-inflammatory activity, as CICERON 
does not include anti-inflammatory peptides in its reference dataset. Therefore, 
prediction of anti-inflammatory potential was exclusively carried out using the 
PepNet inference tool. Figure 15 presents the number of peptides predicted to 
have anti-inflammatory activity for each strain. The results reveal a group of five 
strains that clearly stand out by generating nearly twice as many peptides with 
predicted anti-inflammatory potential compared to the rest. Among them, 
Lysinibacillus fusiformis and Parageobacillus thermoglucosidasius are 
particularly prominent, showing the highest counts of inferred anti-inflammatory 
peptides. 
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Figure 15. Anti-inflammatory peptides inferred under sequential digestion mode for the 17 selected strains 

using PepNet. Bars represent the total number of peptides predicted per strain. 

3.3.2 Inference of peptide bioactivity under concurrent digestion mode 

3.3.2.1 Inference of antimicrobial bioactivity under concurrent digestion mode 
No peptides with antimicrobial activity were identified through similarity search 
against curated reference databases, indicating that none of the sequences 
generated under concurrent digestion directly match validated antimicrobial 
peptides. 
Computational inference, however, revealed a limited antimicrobial potential. As 
shown in Figure 16, predictions were almost exclusively driven by PepNet, 
which inferred antimicrobial activity across most strains. AMPscanner identified 
only a single peptide, MYPDFKHRYK, derived from shrimp myosin, which was 
produced by Priestia megaterium, Bacillus mojavensis, and Bacillus vallismortis. 
This sequence was the only case where more than one tool contributed to the 
inference under concurrent digestion. 
The cumulative antimicrobial scores were relatively homogeneous across most 
strains, except the three strains mentioned before, that showed noticeably lower 
scores. Overall, these results indicate that the antimicrobial potential inferred 
under concurrent digestion is limited and largely tool dependent. 
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Figure 16. Antimicrobial peptides inferred under concurrent digestion mode for the 17 selected strains. 
Bars represent predictions from each tool, while the black line shows the cumulative antimicrobial score 

per species. 

3.3.2.2 Inference of antioxidant bioactivity under concurrent digestion mode 
As in the sequential digestion mode, the similarity search for antioxidant activity 
identified the peptide FEQI, produced by elastase cleavage of shrimp myosin. 
Under concurrent digestion, however, this sequence was only detected in nine 
strains, indicating a more limited distribution of this conserved antioxidant motif. 
Computational inference revealed broadly consistent results across most 
strains, as shown in Figure 17. Most species generated similar numbers of 
antioxidant peptides, with cumulative scores clustering within a narrow range. A 
notable exception was observed for Priestia megaterium, Bacillus mojavensis, 
and Bacillus vallismortis, which exhibited markedly lower peptide counts and 
antioxidant scores compared to the rest of the panel. 
These findings reinforce the pattern seen in antimicrobial predictions under 
concurrent digestion, while most strains display a relatively uniform antioxidant 
potential, a small group of species shows reduced activity.  
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Figure 17. Antioxidant peptides inferred under concurrent digestion mode for the 17 selected strains. Bars 
represent predictions from used tools, while the black line shows the cumulative antioxidant score per 
species. 

3.3.2.3 Inference of antihypertensive bioactivity under concurrent digestion 
mode 

In contrast to the sequential digestion mode, the similarity search for 
antihypertensive peptides under concurrent digestion yielded no matches, 
indicating that none of the peptides shared high similarity with experimentally 
validated antihypertensive sequences in the reference database. 
Figure 18 shows the number of antihypertensive peptides predicted by 
CICERON, the only tool applied for this bioactivity. The overall distribution is 
relatively homogeneous across most strains, with several species generating 
around 100 predicted peptides. The only notable exception again is observed 
for Priestia megaterium, Bacillus mojavensis, and Bacillus vallismortis, which 
produced fewer peptides compared to the rest. This mirrors the patterns 
observed for other bioactivities under concurrent digestion, where these strains 
consistently displayed reduced predictive potential. 
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Figure 18. Antihypertensive peptides inferred under concurrent digestion mode for the 17 selected strains 
using CICERON. Bars represent the total number of peptides predicted per strain. 

3.3.2.4 Inference of anti-inflammatory peptide bioactivity under concurrent 
digestion mode 

 
As in the sequential digestion mode, no similarity search was performed for 
anti-inflammatory activity, since CICERON does not include anti-inflammatory 
peptides in its reference dataset. Therefore, predictions for this bioactivity were 
obtained exclusively using the PepNet tool. 
Figure 19 shows the number of peptides inferred to have anti-inflammatory 
activity. Only nine strains produced peptides with this function. Each of these 
strains generated exactly three peptides, corresponding to two specific 
sequences: FPNRMMYPDFKHRYKI, derived from shrimp myosin, and 
QEENMTEEEYHEL, derived from shrimp collagen and myosin. 
These results point to a highly specific and conserved pattern of anti-
inflammatory peptide production under concurrent digestion conditions, where 
only a small subset of strains appears capable of releasing such sequences. 
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Figure 19. Anti-inflammatory peptides inferred under concurrent digestion mode for the 17 selected strains 

using PepNet. Bars represent the total number of peptides predicted per strain. 

3.3.3 Inference of peptide bioactivity results discussion  

The analysis of bioactivity inference across peptides generated by 17 microbial 
strains, prioritized in GEMs-based evaluation, under sequential and concurrent 
digestion modes has provided valuable insights into their functional potential. 
Four targeted bioactivities (antimicrobial, antioxidant, antihypertensive, and anti-
inflammatory) were evaluated, highlighting notable differences in peptide 
profiles across strains and digestion strategies. 
While similarity search yielded very few results, only one antioxidant peptide 
(FEQI) and one antihypertensive peptide (IWHHT), the use of computational 
inference tools enabled a broader identification of potentially bioactive peptides. 
The consensus scoring strategy applied for antimicrobial and antioxidant 
activities proved useful in identifying high-confidence candidates, while 
individual tools supported inference for antihypertensive and anti-inflammatory 
activities. 
 
Across both digestion modes, certain strains consistently stood out: 
 

o Under sequential digestion: Lysinibacillus fusiformis and 
Parageobacillus thermoglucosidasius showed strong potential for 
producing antimicrobial and anti-inflammatory peptides, whereas Bacillus 
mojavensis, Bacillus vallismortis, and Priestia megaterium emerged as 
leading producers of antioxidant and antihypertensive peptides. 

o Under concurrent digestion: Most of the remaining strains exhibited 
similar and more uniform performance across all evaluated bioactivities, 
suggesting similar outputs under this digestion mode. In contrast, 
Bacillus mojavensis, Bacillus vallismortis, and Priestia megaterium 
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showed a marked decrease in predicted bioactivity across almost all 
categories. 

 

3.4 Prioritisation of candidates for experimental validation. 

The objective of the computational workflow is not only to identify 
microorganisms capable of hydrolysing fish and crustacean proteins, but also to 
prioritise strains with realistic potential for application in proteolytic fermentation. 
To this end, the results obtained across the different computational stages were 
integrated into a unified decision framework, in which each analysis provided 
complementary information to progressively refine the initial set of 81 candidate 
strains. Proteolytic performance, metabolic feasibility and predicted peptide 
bioactivity were therefore considered as sequential prioritisation criteria, rather 
than as independent outputs. 
As summarised in Table 7, strains were first assessed according to their 
predicted peptide-releasing capacity during the in silico digestion simulations. 
This preliminary ranking was then refined using GEM-based growth predictions, 
allowing the selection process to retain only strains with predicted metabolic 
feasibility under fermentation-relevant conditions. Finally, the bioactivity profiles 
of the released peptides were used to identify the most promising candidates 
for each targeted functionality. This integrated assessment showed that no 
single strain outperformed all others across every evaluated criterion. Instead, 
two complementary groups of priority candidates emerged: Lysinibacillus 
fusiformis and Parageobacillus thermoglucosidasius, which showed the 
strongest predicted antimicrobial and anti-inflammatory potential; and Priestia 
megaterium, Bacillus vallismortis and Bacillus mojavensis, which consistently 
ranked highest for antioxidant and antihypertensive peptide production. 
Together, these five strains represent the highest-priority candidates for 
experimental validation by ANFACO. Their selection is supported by the 
combination of favourable proteolytic performance, predicted metabolic viability 
and complementary bioactive peptide profiles. In practical terms, this 
prioritisation will guide the experimental work by focusing laboratory-scale 
fermentations on a reduced number of strains and target functionalities. 
Experimental validation should therefore assess strain growth, protein 
hydrolysis performance, peptide profile generation and the corresponding 
bioactivities in the fish and crustacean by-products selected within VALORISH. 
The results obtained in vitro will be used to confirm the computational 
predictions, refine the ranking of candidates and support the final selection of 
strains for subsequent development of the proteolytic fermentation process. 
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Table 7 Integrated prioritisation of the five highest-ranked microbial strains based on proteolytic 
performance, metabolic feasibility and predicted peptide bioactivity. (AM, antimicrobial activity; AOX, 
antioxidant activity; AHT, antihypertensive activity; AI, anti-inflammatory activity.) 

Strain Proteolytic 
ranking 

GEM 
growth 

AM AOX AHT AI Overall 
priority 

L. fusiformis Medium ✓ ★★

★ 

★ ★ ★

★

★ 

High 

P. thermoglucosidasius Medium ✓ ★★

★ 

★ ★ ★

★

★ 

High 

P. megaterium High ✓ ★ ★★

★ 

★★

★ 

★ High 

B. vallismortis High ✓ ★ ★★

★ 

★★

★ 

★ High 

B. mojavensis Medium ✓ ★ ★★

★ 

★★

★ 

★ High 

 

4. CONCLUSION  

This deliverable presents a comprehensive computational framework for 
evaluating 81 microbial strains from species included in the QPS list and their 
ability to produce bioactive peptides from eight fish-derived protein substrates. 
The designed workflow integrates three complementary approaches: in silico 
enzymatic digestion, genome-scale metabolic modelling, and peptide bioactivity 
prediction; to identify microorganisms that combine strong proteolytic capacity, 
metabolic feasibility under relevant conditions, and potential for bioactive 
peptide production. Rather than considering these analyses independently, 
each stage contributes complementary evidence to progressively refine the 
initial candidate pool towards microorganisms with the highest potential for 
experimental validation. 
The first stage of the workflow evaluated the proteolytic potential of all 81 
strains using sequential and concurrent enzymatic digestion simulations. 
Sequential digestion generated a broader diversity of cleavage patterns and 
bioactive peptide candidates, whereas concurrent digestion provided a more 
conservative representation of extracellular proteolysis under fermentation-like 
conditions. Together, both approaches enabled the identification of strains with 
high peptide generation potential and provided the first level of computational 
prioritisation. 
The second stage incorporated genome-scale metabolic modelling as an 
additional selection criteria by evaluating whether the candidate strains were 
capable of growing in an amino acid-based medium representative of the 
fermentation conditions defined in Task 3.1. Although GEMs were reconstructed 
and analysed for all 81 strains, only 17 were predicted to sustain growth under 
these conditions. This metabolic feasibility assessment ensured that 
downstream analyses focused on microorganisms that were not only 
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proteolytically competent but also biologically capable of supporting peptide 
production during fermentation. 
Finally, bioactivity prediction of the peptides generated by these metabolically 
feasible strains revealed distinct functional profiles. Lysinibacillus fusiformis and 
Parageobacillus thermoglucosidasius consistently showed the strongest 
predicted antimicrobial and anti-inflammatory potential, whereas Priestia 
megaterium, Bacillus vallismortis and Bacillus mojavensis emerged as the 
leading candidates for antioxidant and antihypertensive peptide production. 
These complementary functional profiles demonstrate that no single strain is 
optimal for every application, reinforcing the need for a multi-criteria 
prioritisation strategy. 
Overall, this work establishes a unified in silico-to-in vitro decision framework 
that integrates proteolytic performance, metabolic feasibility and predicted 
peptide bioactivity into a single strain selection pipeline. The computational 
analyses identified 17 metabolically feasible strains for downstream evaluation 
and, among them, prioritised five high-confidence candidates for initial 
experimental validation by the partners responsible for Task 3.1. By providing a 
transparent and evidence-based prioritisation strategy, this workflow supports a 
more efficient allocation of experimental resources and contributes directly to 
the VALORISH objective of developing sustainable microbial processes for the 
valorisation of fish and crustacean by-products. 
 

  

 Key Insights – top microbial performers 

• In silico enzymatic digestion:  

o Sequential mode: Xanthomonas campestris, Bacillus atrophaeus, 

Bacillus amyloliquefaciens. 

o Concurrent mode: homogeneus results across strains 

• GEM-based evaluation: 17 strains were confirmed as metabolically viable 

under amino acid-based media. 

• Bioactivity inference: 

o Antimicrobial / anti-inflammatory: Lysinibacillus fusiformis and 

Parageobacillus thermoglucosidasius  

o Antioxidant / antihypertensive: Bacillus mojavensis, Bacillus 

vallismortis, Priestia megaterium. 

• Most consistent candidates across all analyses: Lysinibacillus fusiformis, 

Parageobacillus thermoglucosidasius, Bacillus amyloliquefaciens and 

Priestia megaterium. 17 strains from GEMs were proposed for experimental 

validation in Task 3.1 with these four suggested as priorities.  
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ANNEX I 

 
Table A 1. List of bacteria tested for proteolytic activity in proteins from fish by-products. 

Strain GenBank accession number 

Acidipropionibacterium acidipropionici atcc 4875 GCA_000310065.1 

Bacillus amyloliquefaciens atcc 23350 GCA_000196735.1 

Bacillus atrophaeus atcc 9372 GCA_000204705.2 

Bacillus licheniformis atcc 14580 GCA_034478925.1 

Bacillus mojavensis atcc 51516 GCA_031316635.1 

Bacillus paralicheniformis atcc 9945a GCA_000408885.1 

Bacillus pumilus atcc 7061 GCA_031316575.1 

Bacillus smithii dsm 4216 GCA_001050115.1 

Bacillus subtilis atcc 6051 GCA_006088795.1 

Bacillus vallismortis dsm 11031 GCA_004116955.1 

Bifidobacterium adolescentis atcc 15703 GCA_000010425.1 

Bifidobacterium animalis atcc 27673 GCA_000471945.1 

Bifidobacterium bifidum atcc 29521 GCA_001025135.1 

Bifidobacterium breve dsm 20213 GCA_001025175.1 

Bifidobacterium longum dsm 20219 GCA_900104835.1 

Carnobacterium divergens dsm 20623 GCA_000744255.1 

Clostridium tyrobutyricum atcc 25755 GCA_000429805.1 

Companilactobacillus alimentarius dsm 20249 GCA_002849895.1 

Companilactobacillus farciminis atcc 29644 GCA_004354695.1 

Corynebacterium ammoniagenes dsm 20306 GCA_001941425.1 

Corynebacterium glutamicum atcc 21573 GCA_019551735.1 

Cupriavidus necator atcc 43291 GCA_033842745.1 

Fructilactobacillus sanfranciscensis dsm 20451 GCA_002907365.1 

Geobacillus stearothermophilus atcc 7953 GCA_040372555.1 

Geobacillus thermodenitrificans dsm 465 GCA_000496575.1 

Gluconobacter oxydans dsm 3504 GCA_000583855.1 

Heyndrickxia coagulans atcc 7050 GCA_000832905.1 

Komagataeibacter sucrofermentans dsm 15973 GCA_040581405.1 

Lacticaseibacillus casei atcc 393 GCA_000829055.1 

Lacticaseibacillus huelsenbergensis dsm 115425 GCA_029726355.1 

Lacticaseibacillus paracasei dsm 5622 GCA_001436385.1 

Lacticaseibacillus rhamnosus atcc 11443 GCA_003433395.1 

Lactiplantibacillus argentoratensis dsm 16365 GCA_003641165.1 

Lactiplantibacillus paraplantarum dsm 10667 GCA_003641145.1 

Lactiplantibacillus pentosus atcc 8041 GCA_004354685.1 

Lactiplantibacillus plantarum atcc 8014 GCA_002749655.1 

Lactobacillus acidophilus atcc 4356 GCA_034298135.1 

Lactobacillus amylolyticus dsm 11664 GCA_004354545.1 

Lactobacillus amylovorus dsm 20531 GCA_002706375.1 

Lactobacillus crispatus atcc 33820 GCA_018987235.1 
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Lactobacillus delbrueckii atcc 11842 GCA_000056065.1 

Lactobacillus gallinarum dsm 10532 GCA_001434975.1 

Lactobacillus gasseri atcc 33323 GCA_000014425.1 

Lactobacillus helveticus atcc 10386 GCA_000765465.1 

Lactobacillus johnsonii atcc 33200 GCA_001433975.1 

Lactobacillus kefiranofaciens dsm 10550 GCA_001434195.1 

Lactococcus lactis dsm 20450 GCA_002441785.1 

Lapidilactobacillus dextrinicus dsm 20335 GCA_001436095.1 

Latilactobacillus curvatus dsm 20019 GCA_004101845.1 

Latilactobacillus sakei atcc 15521 GCA_004354475.1 

Lentilactobacillus buchneri atcc 4005 GCA_018314255.1 

Lentilactobacillus diolivorans dsm 14421 GCA_001434255.1 

Lentilactobacillus hilgardii atcc 8290 GCA_004354795.1 

Lentilactobacillus kefiri dsm 20587 GCA_039535765.1 

Lentilactobacillus parafarraginis dsm 18390 GCA_001435895.1 

Leuconostoc citreum atcc 49370 GCA_004354555.1 

Leuconostoc lactis dsm 20202 GCA_014651235.1 

Leuconostoc mesenteroides atcc 19254 GCA_000160595.1 

Leuconostoc pseudomesenteroides dsm 20193 GCA_029823355.1 

Levilactobacillus brevis atcc 367 GCA_000014465.1 

Ligilactobacillus animalis dsm 20602 GCA_001434535.1 

Ligilactobacillus aviarius dsm 20655 GCA_001436315.1 

Ligilactobacillus salivarius dsm 20554 GCA_002079585.1 

Limosilactobacillus fermentum atcc 14931 GCA_000159215.1 

Limosilactobacillus mucosae dsm 13345 GCA_043386705.1 

Limosilactobacillus panis dsm 6035 GCA_001435935.1 

Limosilactobacillus pontis dsm 8475 GCA_001435345.1 

Limosilactobacillus reuteri dsm 100192 GCA_024622305.1 

Loigolactobacillus coryniformis dsm 20004 GCA_002706705.1 

Lysinibacillus fusiformis atcc 55673 GCA_008795865.1 

Microbacterium imperiale dsm 20530 GCA_017876655.1 

Oenococcus oeni dsm 20252 GCA_000372485.1 

Parageobacillus thermoglucosidasius dsm 6285 GCA_014218645.1 

Pediococcus acidilactici atcc 8042 GCA_004355265.1 

Pediococcus pentosaceus atcc 25745 GCA_000014505.1 

Priestia megaterium dsm 32 GCA_029536995.1 

Propionibacterium freudenreichii dsm 20271 GCA_000940845.1 

Secundilactobacillus collinoides dsm 20515 GCA_001435975.1 

Shouchella clausii dsm 8716 GCA_002250115.1 

Streptococcus thermophilus dsm 20617 GCA_019972875.1 

Xanthomonas campestris atcc 33913 GCA_000007145.1 

 


