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Abstract 

The identification of probiotic microorganisms is a complex process that requires integrating genomic 
data with evidence of functional health benefits. This study presents a machine learning framework, 
applied to a dataset of 1,185 probiotic and non-probiotic genomes, to predict seven key probiotic 
phenotypes (acid resistance, bile resistance, adhesion, antimicrobial activity, immunomodulation, 
antioxidant, and antiproliferative potential) using functional (COG) and metabolic (AntiSMASH) 
genomic annotations. We evaluated several algorithms, including CatBoost, Random Forest, and 
XGBoost, across three validation scenarios: cross-validation, leave-one-out, and train-test split. 
Models for antioxidant and antiproliferative activities achieved the highest predictive performance. 
Shapley Additive explanations (SHAP) analysis revealed specific metabolic signatures for each trait, 
such as the critical role of Type III polyketide synthases (T3PKS) in antioxidant activity and lipid 
metabolism, which contribute to antiproliferative effects. These results demonstrate that combining 
machine learning with functional analysis is a robust strategy for the in silico screening and selection 
of novel probiotic strains. 

Keywords: probiotics; microbial genomics; functional genomics; annotation; screening; supervised 
machine learning 
 

1. Introduction 

Probiotics are defined as “Live microorganisms that, when administered in adequate amounts, 
confer health benefits to the host” [1]. These microorganisms can be present in the gastrointestinal 
and vaginal microbiota, as well as in foods and dietary supplements [2]. They can play a role in the 
production of vitamins, amino acids, and short-chain fatty acids, in ion absorption, in prophylaxis 
against various associated pathologies, in the development of both local and systemic immunity, and 
in reducing inflammation by acting on various signaling pathways [3]. 

However, for a microorganism to exert its beneficial effects as a probiotic, it needs to be resistant 
to bile acid and gastric acid, and to adhere to remain in place and colonize the mucosa [4]. Moreover, 
by remaining in the mucosa, it can exert its immunomodulatory effect, which is a major ally of the 
intestinal microbiota, as stimulating immune cells promotes modulation of the intestinal barrier, 
thereby maintaining its homeostasis [5]. The interaction between probiotics and the host is 
fundamental for maintaining the integrity of the intestinal barrier. This homeostatic process involves 
strengthening intercellular junctions and stimulating mucosal immune cells, thereby reducing 
intestinal permeability and preventing inflammatory processes [6]. The failure of these mechanisms 
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is associated with pathologies such as cancer, allergies, intolerances, inflammatory diseases, diarrhea, 
and irritable bowel syndrome [7]. 

Interest in understanding the functions of probiotic microbial genes and their potential 
associations with human health has increased. Comparative genomic analysis is frequently used for 
this purpose [8]. However, genomic analysis based solely on sequence alignments and homology fails 
to capture the synergy between different genomic components [9]. The transition to advanced 
computational models is justified by the need to map multidimensional interactions between 
functional categories and biosynthetic genes (BGCs), which are the true determinants of biological 
efficacy, thereby enabling more robust prediction of the probiotic phenotype before experimental 
validation. In this context, Machine Learning emerges as a promising tool for large-scale genomic 
data analysis [10]. Machine learning algorithms can identify hidden patterns in high-dimensional 
datasets, enabling the classification of strains based on functional and metabolic profiles with high 
predictive accuracy [11,12]. 

In light of this, a better understanding of the mechanisms of action of probiotics is important. 
Consequently, machine learning tools stand out in in silico research for their ability to rapidly 
generate predictions from analyses of millions of experimental data points [12,13]. However, a gap 
remains in integrating functional genomic data to predict multiple biological properties 
simultaneously. The present study is justified by the need for computational models that not only 
classify microorganisms but also help to elucidate which genomic features are the primary 
determinants of probiotic activities. 

To address this need, the present study proposes a combination of machine learning models to 
predict seven probiotic characteristics. To this end, functional and metabolic genomic annotation was 
performed on 782 probiotic and 403 non-probiotic genomes. Based on these results, various machine 
learning algorithms were applied to predict the acid- and bile-resistance, adhesion, antimicrobial 
activity, immunomodulation, and antioxidant and antiproliferative activities of the probiotics. The 
evaluation was conducted under three different validation scenarios: Stratified Cross-Validation, 
Leave-One-Out (LOO), and the classic Train-Test split (Holdout). 

2. Materials and Methods 

2.1. Data Acquisition 

The genomes of the probiotic and non-probiotic microorganisms used as references were 
obtained directly from the National Center for Biotechnology Information (NCBI) Datasets platform 
(https://www.ncbi.nlm.nih.gov/datasets/genome/) in GenBank format (.GBK). The total number of 
probiotic genomes was 782, and the number of non-probiotic genomes was 403. Dataset selection was 
based on reference databases previously described in the literature. Positive examples (probiotic 
microorganisms) were obtained from the Probio-Ichnos database, which catalogs microorganisms 
with in vitro-proven probiotic properties [14]. From this set, the seven phenotypic characteristics of 
interest (acid resistance, bile resistance, adhesion, antimicrobial activity, immunomodulation, and 
antioxidant and antiproliferative potential) were extracted and used as labels in the predictive models. 
For the negative examples (non-probiotics), the genomes were selected from the dataset of inactive 
instances of the iProbiotics platform, ensuring the inclusion of strains with no reported probiotic 
activity [15]. 

2.2. Functional and Metabolic Annotation 

The functional annotation of the protein sequences of the microorganisms used in this study was 
performed using COGClassifier 1.0.5 (https://pypi.org/project/cogclassifier/). The sequences were 
classified into functional categories using the Clusters of Orthologous Genes (COG) database via 
similarity alignments. The completeness of the genomes used for training the models was evaluated 
using the BUSCO and Check2 programs. 
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For the analysis of biosynthetic potential, AntiSMASH 7.0.0 (Antibiotics and Secondary 
Metabolite Analysis Shell) was used to identify and annotate secondary metabolite biosynthetic gene 
clusters (BGCs). AntiSMASH identifies genomic regions encoding enzymes involved in the 
production of bioactive compounds by detecting conserved protein domains and comparing them 
with known clusters [16]. 

Based on the results from both tools, a structured dataset was constructed. The data derived 
from COGClassifier and AntiSMASH were treated as binary presence/absence variables per genome. 
This dataset included the functional categories and the secondary metabolite profile, along with 
labels for the seven probiotic activities of interest (acid resistance, bile resistance, adhesion, 
antimicrobial, immunomodulation, antioxidant, and antiproliferative). Table 1 presents the seven 
characteristics of interest as well as the class distribution for each characteristic. 

Table 1. Target labels and class distribution within the genomic dataset. This table lists the seven probiotic 
phenotypes selected as prediction targets: acid resistance, bile resistance, adhesion, antimicrobial activity, 
immunomodulation, antioxidant, and antiproliferative potential. 

Labels classes Sample percentage (%) 

Resistant to acid True 321 41.1 
False 460 58.9 

Resistant to bile 
True 358 45.8 
False 423 54.2 

Adhesion 
True 272 34.8 
False 509 65.2 

Antimicrobial 
True 428 54.8 
False 352 45.2 

Immunomodulation 
True 240 30.7 
False 541 69.3 

Antioxidant 
True 99 12.6 
False 682 87.4 

Antiproliferative 
True 35 4.4 
False 746 95.6 

Data preprocessing and the development of predictive models were implemented in Python, 
using the Scikit-Learn (https://scikit-learn.org/stable/), Pandas (https://pandas.pydata.org/), and 
NumPy (https://numpy.org/) libraries. For better data analysis and evaluation, each of the 7 biological 
labels was treated as an independent binary outcome, generating 7 distinct datasets. 

Each dataset was independently divided into training (80%) and testing (20%) subsets using the 
train_test_split function. This split was stratified by outcome class, ensuring that the original 
proportions of positive and negative samples were maintained in both sets. To ensure the 
reproducibility of the experiment, the random state was fixed (random_state=42). 

To mitigate the bias caused by class imbalance, five resampling strategies were applied 
exclusively to the training data: (1) Undersampling, (2) Oversampling with SMOTE, (3) Tomek Links 
associated with Undersampling, (4) SMOTE combined with Tomek Links, and (5) the combination of 
Undersampling, SMOTE, and Tomek Links. The test set remained untouched and in its original 
imbalanced state to reflect a real-world prediction scenario. 

Seven machine learning algorithms, covering different predictive paradigms, were evaluated: 
Logistic Regression (linear), Decision Tree, and tree ensemble-based approaches (Random Forest, 
Gradient Boosting, XGBoost, LightGBM, and CatBoost). All models employed maintained their 
default hyperparameters as loaded from Scikit-Learn, XGBoost, LightGBM, and CatBoost to establish 
a baseline performance and evaluate the algorithms’ native predictive capability. 

The evaluation of the models was conducted on the training set using two complementary 
strategies: 5-fold Stratified Cross-Validation, with prior data shuffling (shuffle=True, 
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random_state=42), and Leave-One-Out. The performance of the models was evaluated using 
accuracy, recall, precision, and F1-score. 

To assess the impact and contribution of each biological feature on the predictions, the SHAP 
(Shapley Additive exPlanations) approach was applied, based on the calculation of Shapley values. 
The F1-score results from the validation step were used as the primary criterion to select the best 
predictive model for each outcome, and the resulting models were subjected to explanatory analysis 
using SHAP. 

3. Results 

The performance metrics for the optimal models across each label are presented in Tables 2, 3, 
and 4. Three distinct validation scenarios were employed for all models: cross-validation (Table 2), 
leave-one-out (Table 3), and train-test split (Table 4). A general observation was that both model 
performance and the efficacy of the applied balancing methods varied across labels. 

The cross-validation assessment yielded results characterized by balanced performance across 
all metrics. The best models, identified through SHAP analysis, were CatBoost, Random Forest, and 
XGBoost, which were utilized in conjunction with specific balancing strategies, notably SMOTE and 
Tomek Links, and SMOTE combined with Oversampling. This suggests that the use of class-
balancing techniques played a significant role in model evaluation. Among the superior results, the 
Antioxidant label, classified by XGBoost with SMOTE and Tomek Links, demonstrated the highest 
overall performance (Accuracy = 0.92 ± 0.02; F1-score = 0.92 ± 0.02). Subsequently, the 
Antiproliferative label, using Random Forest combined with SMOTE and Oversampling, achieved 
meaningful metrics (Accuracy = 0.97 ± 0.01). Meanwhile, the Acid Resistant, Bile Resistant, Adhesion, 
and Antimicrobial labels showed intermediate metric values (Accuracy between 0.74 and 0.77) and 
good mutual consistency. It is worth noting that, despite high accuracy, in vitro phenotypic 
validation remains necessary, as none of the characteristics predicted from genomic information can 
be considered fully accurate. 

Regarding leave-one-out validation, the results showed lower metric values than those obtained 
with cross-validation. It was noted that the best results for the Antioxidant and Antiproliferative 
labels were maintained even with the leave-one-out approach, with accuracies exceeding 0.94 and F1 
scores ranging from 0.47 to 0.49. Similar to the other labels, Acid Resistant, Bile Resistant, and 
Antimicrobial demonstrated reduced performance, with F1-score ranging from 0.38 to 0.41. This 
indicates increased difficulty in prediction for these specific cases. This difficulty and the discrepancy 
relative to the cross-validation results are attributed to the greater complexity of the leave-one-out 
approach, which, given the high variability of results across labels, suggests that the models are 
sensitive to minor data perturbations. 

In the train-test split scenario, the results were comparable to those obtained with the other 
validations assessed. Among the top-performing models in this group of results were LightGBM, 
CatBoost, and Random Forest, with their superiority varying by label. The LightGBM model yielded 
the best results for the Antiproliferative (Accuracy = 0.96; F1 = 0.72, without balancing) and 
Antioxidant (Accuracy = 0.89; F1 = 0.70, using the SMOTE and Tomek Links combination) labels, 
respectively. Unlike the other validation scenarios analyzed, certain labels performed better when no 
balancing was applied, suggesting that the test set maintained more favorable proportions under this 
split. 

Furthermore, the natural class distribution presented in Table 1 helps contextualize the observed 
differences among the three evaluation scenarios. Labels with more pronounced imbalance, such as 
Antioxidant (12.6% positive) and Antiproliferative (4.4% positive), typically require more aggressive 
balancing techniques, which helps explain the favorable performance achieved with SMOTE, Tomek 
Links, and Oversampling. This is because these balancing methods generate sufficient synthetic 
examples to represent the minority class during training adequately. This accounts for the 
prominence of these two labels across all three evaluation scenarios. 
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To characterize the functional drivers of the predicted probiotic traits, an explainability analysis 
was conducted using SHAP (Shapley Additive exPlanations) on the models validated via the train-
test split. This methodology facilitated the systematic identification of the most relevant COG 
(Clusters of Orthologous Genes) and metabolic categories associated with each phenotype. The 
results are visualized through two complementary perspectives: the SHAP summary bar plot, which 
ranks features by their average absolute contribution to the model’s decision-making (Figure 1), and 
the SHAP beeswarm plot, which illustrates the distribution and directionality of these impacts across 
individual genomic samples (Figure 2). Collectively, these visualizations reveal the specific metabolic 
and functional signatures (ranging from acid-resistance signaling to lipid metabolism in 
antiproliferative activity) that define the probiotic genotype-to-phenotype relationship. 

For the Acid-Resistant label, categories associated with signal transduction mechanisms, 
carbohydrate metabolism, cell motility, defense mechanisms, and gene expression were prominent, 
exhibiting the highest average SHAP values (Figure 1a). An examination of the beeswarm plot 
confirms that, among the categories highlighted by the average SHAP values, signal transduction 
mechanisms are crucial for identifying acid-resistance activity in a probiotic microorganism (Figure 
2a). Even when present at low concentrations in samples, it is strongly correlated with a positive 
impact on the prediction of this label. This is followed by characteristics related to carbohydrate 
metabolism, present in a significant number of samples. Regarding the characteristic associated with 
cell motility, SHAP’s impact analysis indicates that a higher count of motility-related genes in the 
microorganism correlates with lower acid resistance (Figure 2a). Furthermore, factors associated with 
defense and transcription mechanisms show a direct relationship between the number of samples 
possessing these characteristics and acid resistance. However, the “defense mechanisms” category 
exhibits a slightly greater impact on that prediction, consistent with the order of importance 
presented in Figures 1 and 2. 

A similar behavior was observed in the SHAP results for the bile resistance probiotic 
characteristic, where many of the categories highlighted by the SHAP values were recurrent, but with 
specific biological behavior for this type of stress (Figure 1b). In this context, defense mechanisms 
stand out as the most relevant characteristic for predicting this label, indicating that, for the model, a 
low abundance of genes related to cellular defense has a strong positive effect on the prediction 
(Figure 2b). The second highlighted characteristic was nucleotide transport and metabolism, with a 
significant concentration of samples on the right side of the beeswarm plot and red dots on the left, 
suggesting that the presence of a few genes associated with nucleotide transport and metabolism 
favors classifying the microorganism as Bile Resistant. Conversely, a high concentration of these 
genes contributes to the microorganism’s designation as not bile-resistant. In contrast, for the cell 
wall, membrane, envelope biogenesis category, the presence of genes linked to cell structure is crucial 
for the microorganism to exhibit this characteristic. 

Regarding the results obtained from the analysis of the adhesion characteristic in probiotics, 
mobile genetic elements (mobilome), defense mechanisms, cellular biogenesis, replication and repair 
processes, and cellular structure are among the most relevant categories for predicting this 
characteristic (Figure 1c). Among these, mobile genetic elements are present in the majority of 
samples. However, an analysis of the impact of this characteristic on the model’s prediction suggests 
that, although a significant concentration of samples indicates a high contribution to this prediction, 
some red dots indicate that a low abundance of these genes is sufficient to impair cell adhesion 
(Figure 2c). Conversely, the plot demonstrates a direct relationship between the presence of genes 
related to cellular defense and adhesion ability, such that a small number of these genes are sufficient 
to predict this label. Furthermore, regulatory and metabolic processes contribute to the adhesion 
characteristic, with categories related to structure, cell cycle control, and energy production among 
those positively influencing this prediction (Figure 2c). 

While adhesion necessitates an investment in surface elements and genomic plasticity, the 
analysis of antimicrobial activity reveals a shift in focus toward basal metabolism and specialized 
biosynthesis (Figure 1d). This is supported by a strong positive correlation between nucleotide 
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transport and metabolism and antimicrobial activity, with the model predicting that microorganisms 
with a greater number of genes in this category will exhibit greater antimicrobial activity (Figure 2d). 
Similarly, the presence of the secondary metabolites biosynthesis, transport, and catabolism category, 
in which the existence of a few genes related to the ability to synthesize and transport secondary 
metabolites out of the cell positively aids the prediction of this characteristic. Conversely, categories 
related to lipid transport and metabolism, and genes related to cell replication, recombination, and 
repair, demonstrated a different influence: the absence or low abundance of genes associated with 
these categories may be linked to lower antimicrobial activity. 

Unlike the strong metabolic influence observed in predicting antimicrobial function, 
immunomodulation shows greater dependence on ribosomal biogenesis, cellular structure, 
carbohydrate metabolism, and defense mechanisms (Figure 1e). Among the categories that reinforced 
the classification and characterization of the immunomodulation label, translation, ribosomal 
structure, and biogenesis stood out as the most influential factors in this prediction, with a lower 
count of genes in this category associated with a higher probability that the microorganism is 
immunomodulatory (Figure 2e). Conversely, the presence of numerous genes involved in 
carbohydrate transport and metabolism is a positive predictor of this probiotic characteristic. 

For the label related to antioxidant activity, the T3PKS category presented the highest average 
SHAP contribution in the evaluated scenario, followed by categories such as cell wall, membrane and 
envelope biogenesis, carbohydrate transport and metabolism, and transcription (Figure 1f). 
Consequently, the assessment of the impact of these categories on the model’s predictions indicates 
that the presence of genes associated with type III polyketide synthases (T3PKS) is strongly correlated 
with the model’s ability to predict antioxidant activity, with the effect being negative when present 
in high quantities and positive in low quantities. Thus, cell lines classified by the model as antioxidant 
tend to have a low abundance of these specific enzymes. Conversely, in cell structure, the low 
abundance of genes associated with this category favors antioxidant activity, whereas a high 
abundance of these genes is detrimental. The positive prediction of this label appears to be supported 
by a directed investment in nucleotide transport and metabolism and by intense transcriptional 
activity, whose high values directly contribute to the classification of samples as antioxidant (Figure 
2f). 

Finally, antiproliferative activity is strongly characterized by a metabolic signature centered on 
the economy of lipid and structural pathways (Figure 1g). According to the SHAP impact results, the 
lipid transport and metabolism category shows the highest average relevance for prediction, with an 
inverse relationship between the abundance of these genes and the model’s classification of the 
microorganism as antiproliferative. As with lipid metabolism, the model associates the presence of a 
small number of cell-structure-related genes with a positive impact on prediction. Furthermore, the 
presence of mobile genetic elements activity acts as a secondary positive predictor, demonstrating 
that the ability to inhibit cell proliferation is a specialized trait in probiotic microorganisms (Figure 
2g) 
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Figure 1. SHAP Interpretability Analysis for Resistance to acid, Resistance to bile, Adhesion, Antimicrobial, 
Immunomodulation, Antioxidant, and Antiproliferative. Bar plots show the average impact (mean absolute 
SHAP value) of the most relevant COG functional categories on the model’s prediction of acid resistance. 

 

Figure 2. SHAP Interpretability Analysis for Resistance to acid, Resistance to bile, Adhesion, Antimicrobial, 
Immunomodulation, Antioxidant, and Antiproliferative using the Beeswarm Plot. Detailed view showing how 
feature values influence the model’s outputs. Each point represents an individual genome, with its position on 
the x-axis indicating the SHAP value (impact on prediction): points to the right increase the probability of the 
trait, while points to the left decrease it. The color scale denotes relative feature values, with red indicating high 
gene abundance and blue indicating low abundance. The vertical thickness of the “swarm” illustrates the density 
of samples at a specific impact level. 

Table 2. Optimal model performance metrics achieved through cross-validation (CV). Performance results are 
presented for the best-performing machine learning algorithm and class-balancing strategy for each probiotic 
label during k-fold cross-validation. Metrics include Accuracy, Precision, Recall, and F1-score, reflecting the 
models’ ability to generalize across partitioned training data. CB = Catboost; RF = Random Forest; XGB = 
XGBoost. 

Label Best 
Model 

Balancing Accuracy Precision Recall F1-score 

Resistant to acid CB SMOTE + Tomeklinks 0.77 ± 0.02 0.75 ± 0.03 0.77 ± 0.04 0.76 ± 0.02 
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Resistant to bile CB SMOTE + Tomeklinks 0.75 ± 0.04 0.73 ± 0.06 0.73 ± 0.02 0.73 ± 0.04 
Adhesion RF SMOTE + Tomeklinks 0.77 ± 0.03 0.76 ± 0.03 0.78 ± 0.02 0.77 ± 0.02 
Antimicrobial CB SMOTE + Tomeklinks 0.74 ± 0.02 0.72 ± 0.03 0.70 ± 0.02 0.71 ± 0.02 
Immunomodulation RF SMOTE + Tomeklinks 0.82 ± 0.01 0.81 ± 0.01 0.84 ± 0.02 0.82 ± 0.01 
Antioxidant XGB SMOTE + Tomeklinks 0.92 ± 0.02 0.89 ± 0.01 0.94 ± 0.03 0.92 ± 0.02 
Antiproliferative RF SMOTE + Oversampling 0.97 ± 0.01 0.96 ± 0.02 0.97 ± 0.01 0.97 ± 0.01 

Table 3. Model performance evaluation using Leave-One-Out (LOO) validation. This table presents the metrics 
obtained when each sample is used as the test set, with the remaining samples serving as the training set. Metrics 
include Accuracy, Precision, Recall, and F1-score, which reflect the models’ ability to generalize to new 
observations. CB = Catboost; LR = Logistic Regression; RF = Random Forest; XGB = XGBoost. 

Label Best 
Model 

Balancing Accuracy Precision Recall F1-score 

Resistant to acid CB SMOTE + Oversampling 0.72 0.38 0.38 0.38  
Resistant to bile LR Tomeklinks + Undersampling 0.68 0.39 0.39 0.39 
Adhesion CB SMOTE + Oversampling 0.76 0.40 0.40 0.40 
Antimicrobial GB Without Balancing 0.67 0.41 0.41 0.41 
Immunomodulation CB SMOTE + Oversampling 0.81 0.42 0.42 42 
Antioxidant XGB SMOTE + Tomeklinks 0.94 0.47 0.47 47 
Antiproliferative XGB SMOTE + Oversampling 0.97 0.49 0.49 0.49 

Table 3. Performance metrics for the best models in the Train-Test Split scenario. The results summarized here 
correspond to a traditional random split of the data into training and testing sets. Metrics include Accuracy, 
Precision, Recall, and F1-score, reflecting the models’ ability to generalize beyond the training dataset, for a test 
(holdout) set. LGBM = LightGBM; CB = Catboost. 

Label Best Model Balancing  Accuracy Precision Recall F1-score 
Resistant to acid LGBM Without Balancing 0.71 0.70 0.70 0.70 
Resistant to bile CB Without Balancing 0.76 0.76 0.76 0.76 
Adhesion CB SMOTE + Tomeklinks 0.73 0.71 0.69 0.69 
Antimicrobial CB Without Balancing 0.77 0.77 0.76 0.76 

Immunomodulation CB Tomeklinks + 
Undersampling 

0.68 0.65 0.67 0.65 

Antioxidant LGBM SMOTE + Tomeklinks 0.89 0.77 0.66 0.70 
Antiproliferative LGBM Without Balancing 0.96 0.74 0.70 0.72 

4. Discussion 

The classification of microorganisms as probiotics is widely recognized as a complex process 
that goes beyond the simple presence of specific genomic sequences, requiring that these 
microorganisms be alive and capable of conferring health benefits to the host when administered in 
appropriate doses [17]. The inherent complexity of these effects, which result from the integrated 
action of multiple biological capabilities, significantly challenges predictive models based solely on 
genomic data. Therefore, the adoption of supervised machine learning models, as proposed in this 
study, is a promising strategy for investigating the genomic patterns associated with these properties 
[18]. 

The SHAP interpretability analysis contributes to this reflection by highlighting that, although 
k-mer-based models have yielded satisfactory results, their biological interpretation remains limited 
in the absence of functional information. This result is particularly relevant to the discussion, as it 
reinforces that identifying sequence patterns in isolation does not necessarily translate into a 
mechanical understanding of probiotic properties [13]. Given that host health benefits are associated 
with abilities such as resistance to stomach acid and bile salts, adhesion to the intestinal epithelium, 
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and the production of antimicrobial compounds, it is evident that integrating genomic and functional 
data is essential for a biologically consistent interpretation [19,20]. 

The ability to withstand adverse conditions, such as those in the upper gastrointestinal tract, is 
a prerequisite for the microorganism to reach the intestine and exert its probiotic activity. At the same 
time, proper adhesion promotes competitive exclusion of pathogens and enhances the beneficial 
effects on the host [21]. Furthermore, mechanisms such as the production of bacteriocins, stimulation 
of the host immune system, and maintenance of intestinal barrier function represent complementary 
strategies for combating pathogen infection [22]. Further evidence suggests that these 
microorganisms may also help maintain host health under specific pathological conditions, including 
by controlling the proliferation of cancerous cells and increasing resistance to oxidative stress [23,24]. 

Given the relevance of these properties, the results presented in this study are particularly 
important, as they allow the identification of the characteristics that determine each of these abilities. 
However, the findings also highlight limitations inherent in approaches based exclusively on k-mers, 
reinforcing that the prediction of probiotic potential must be interpreted critically and in an 
integrated manner, considering both computational performance and the biological significance of 
the identified characteristics, as explored in subsequent sections. 

4.1. Acid Resistance 

The model’s prediction of acid resistance characteristics highlighted signal transduction 
mechanisms, carbohydrate metabolism, cell motility, and defense mechanisms as the most relevant 
categories (Figure 1a). While these findings are biologically plausible, reflecting processes of stress 
adaptation and cellular homeostasis, they also suggest potential informational redundancy among 
predictors, as the importance of variables is distributed across broad and functionally overlapping 
categories. This moderate impact of multiple clustered features reinforces the multifactorial nature 
of the phenotype. It emphasizes the need for further validation to confirm the robustness and 
independence of these variables across different datasets. This perspective is corroborated by studies 
like Ma et al., who applied SHAP-interpretable algorithms to 16S rRNA data to investigate 
associations between the gut microbiome and atopic dermatitis, using a train-test split for 
validation.[25] The authors showed that, although Bifidobacterium sp. emerged as a key predictor, the 
model’s contribution was distributed across various taxa. This illustrates how explainable 
approaches can detect coherent biological signals even in complex, multifactorial scenarios. 

The ability of probiotics to withstand acidic conditions is crucial to their function in the 
gastrointestinal tract. To successfully colonize and exert their beneficial effects, these microorganisms 
must survive the extremely acidic conditions of the stomach, where hydrochloric acid and a very low 
pH severely threaten their viability [26]. The SHAP results demonstrated that pathways related to 
signal transduction, carbohydrate transport and metabolism, cell motility, and defense mechanisms 
contributed significantly to the classification of the acid-resistant phenotype, suggesting that these 
predictors may reflect biological mechanisms involved in bacterial adaptation to acid stress (Figure 
2a). However, the specific functional participation of these pathways still requires experimental 
validation. Furthermore, for a strain to be recognized as probiotic, it must meet fundamental criteria, 
such as safety for human consumption and the ability to reach the intestine in sufficient quantity to 
multiply and establish adequate colonization. In addition, adverse physiological conditions, such as 
pepsin in the stomach and continuous intestinal flow, which hinder mucoadhesion, can further 
compromise the viability and persistence of these microorganisms [27]. A multifactorial assessment 
is crucial for selecting and validating potential probiotics, integrating computational findings with 
classical functional criteria. A central requirement for these candidates is survival during 
gastrointestinal transit, which necessitates tolerance to low gastric pH and bile acid effects in the 
intestine. [28] 
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4.2. Bile Resistance 

SHAP values indicate a multifactorial pattern for the bile resistance trait, highlighting the 
contributions of defense mechanisms, nucleotide metabolism, cell wall/membrane biogenesis, and 
signal transduction to the model’s output trained via a train-test split (Figure 1b). From a biological 
perspective, these findings are consistent with the detergent effect of bile salts, which promote 
membrane damage, protein destabilization, and metabolic disturbances, requiring integrated 
responses of structural repair and cellular regulation. [29] The observed predominance of broad 
functional categories raises a crucial methodological consideration: the apparent significance might 
stem from gene co-occurrence or structural correlations among functionally related pathways, rather 
than reflecting genuine causal independence among the predictors. Furthermore, the moderate and 
dispersed nature of the feature impacts suggests that the model effectively captures a significant yet 
diffuse biological signal characteristic of complex adaptive phenotypes. However, this characteristic 
also heightens the risk of informational redundancy due to the multitude of contributing features. 
[30] Understanding the mechanisms of bile resistance in the intestinal environment is relevant 
because it directly reveals the environment’s complexity. Concerning probiotic microorganisms, the 
need for combined functional criteria, and not just isolated characteristics, to predict their resistance 
and performance in the gastrointestinal environment is highlighted. [31] The conversion of primary 
bile acids into secondary metabolites by the gut microbiota highlights a complex functional axis 
between microorganisms and the host, in which alterations in microbial composition can directly 
affect the profile and activity of these metabolites. This process is not passive, as it depends on specific 
enzymatic repertoires, suggesting that structural changes in the microbiota lead to meaningful 
functional variations in intestinal metabolism. [32] 

In parallel, bile acids themselves exert strong selective pressure on the microbiota due to their 
detergent and antimicrobial properties, acting as a limiting factor for bacterial survival. [33] Bile 
resistance is a crucial attribute for microorganisms with probiotic potential, as it dictates their 
survival and functional efficacy within the intestine. This resistance, however, should be viewed not 
just as an individual adaptation, but also as a factor that can influence the overall balance (or pool) of 
bile acids. This highlights the bidirectional nature of this interaction and emphasizes the necessity for 
more stringent functional criteria when selecting probiotic microorganisms. [34] 

4.3. Adhesion 

Following similar logic, the prediction of adhesion characteristics also proved to depend on 
multiple factors. However, in this model, functions related to the mobilome (prophages and 
transposons), defense mechanisms, replication/recombination/repair, and cell wall/membrane 
biogenesis showed the greatest average contribution (Figure 1c). The beeswarm plot demonstrates 
that higher values in these categories tend to increase the predicted probability of adhesion, 
suggesting that genomic plasticity, structural integrity, and stress-response capacity are important 
determinants of cell-surface interaction (Figure 1c). Additionally, metabolic functions, such as energy 
metabolism, lipid and carbohydrate transport, and inorganic metabolism, also presented a consistent 
contribution. Taken together, these results indicate that adhesive competence does not depend 
exclusively on structural components of the cell surface, but also on an integrated physiological state 
associated with cellular adaptation, membrane maintenance, and metabolic regulation [29,35]. The 
capacity to adhere to the intestinal mucosa is one of the fundamental characteristics for a 
microorganism to be classified as a probiotic. This property enables colonization of the 
gastrointestinal tract. It promotes interactions between probiotic strains and the host, playing an 
important role in modulating antagonism against pathogenic microorganisms and acting on the 
immune system. Furthermore, the presence of adhesins facilitates the attachment of probiotic cells to 
the mucosal layer, thereby promoting their persistence and activity within the intestinal environment 
[36]. Recent studies demonstrate that the adhesion capacity of probiotic strains, especially those of 
the genus Lactobacillus, is one of the main functional criteria for colonization potential and the 
competitive exclusion of pathogens in the gastrointestinal tract. In this context, Xing et al. observed 
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that Lactobacillus acidophilus AD125 exhibited high adhesion to Caco-2 cells, which was associated 
with surface hydrophobicity and autoaggregation. These findings suggest that the physicochemical 
properties of the bacterial surface play a determining role in the interaction with the intestinal 
epithelium [37]. In a complementary way, Zawistowska-Rojek et al. suggested that adhesion varies 
significantly among species and strains of Lactobacillaceae, including Lactobacillus acidophilus, 
Lactiplantibacillus plantarum, and Lacticaseibacillus rhamnosus, indicating that the adhesive phenotype 
is strongly dependent on the strain’s lineage and origin. [38] Furthermore, a review study conducted 
by Zheng et al. highlights that specific molecular mechanisms, such as surface layer proteins (SLPs), 
mucin-binding proteins, and other cell wall-associated adhesins, are determinants of the bacteria-
host interaction, modulating not only physical adhesion to the epithelium but also transient 
persistence and local immunological communication. [39] Taken together, these findings support the 
idea that probiotic adherence is a multifactorial phenomenon, dependent on both the strain’s specific 
structural characteristics and the conditions of the gut microbiota, thereby reinforcing its importance 
in the rational selection of microorganisms with probiotic potential. It is also known that a highly 
important characteristic for adhesion is the cell wall of Lactobacillus sp. Research by Kong et al. 
suggested that the S-layer protein (SLP) of Lactobacillus acidophilus CICC 6074 possesses distinct 
functional domains directly involved in cell wall structure and adhesion [40]. The authors found that 
the C-terminal domain of SLP anchors to the cell wall via interactions with teichoic acids, ensuring 
proper exposure on the bacterial surface. At the same time, the N-terminal regions play a significant 
role in adhesion to human HT-29 epithelial cells. These findings demonstrate that structural 
components of the cell wall, especially surface layer proteins, not only confer stability on the 
bacterium but also actively mediate adhesion to the host. 

4.4. Antimicrobial 

The results of the SHAP analysis for predicting antimicrobial activity reveal a hierarchy in which 
basic cellular metabolism takes center stage. In this scenario, the model highlights characteristics 
related to nucleotide transport and metabolism, as well as pathways for secondary metabolites, lipids, 
and replication and repair processes (Figure 1d). Although the relevance of secondary metabolites is 
consistent with antimicrobial activity, the emphasis on broad metabolic functions suggests that the 
model may be identifying a general profile of greater cellular activity or adaptation, rather than 
specific mechanisms for the production of antimicrobial compounds. Furthermore, the cumulative 
contribution of several other variables indicates that the antimicrobial phenotype is likely the result 
of multiple combined factors, making it difficult to pinpoint a single determinant mechanism. [41] 
Antimicrobial agents, whether synthetic or natural, are essential for inhibiting or eliminating 
pathogenic microorganisms that cause acute or chronic infections. [42] In this context, the role of 
probiotics and their metabolites is notable, as they exhibit antimicrobial activity by inhibiting the 
growth of pathogenic microorganisms. This effect may be related to the production of organic acids 
and bacteriocins, as well as to competition for nutrients and adhesion sites. [43] Lactobacillus, one of 
the most widely studied probiotic genera, produces antimicrobial substances, such as hydrogen 
peroxide, lactic acid, and bacteriocins, that play a fundamental role in promoting microbial 
homeostasis. [44] Additionally, their ability to produce organic acids lowers the pH of the 
environment to which they are attached and, consequently, creates unfavorable conditions for the 
growth of pathogenic microorganisms. Furthermore, this genus is recognized for its ability to 
stimulate and modulate the immune system, inducing the production of cytokines and chemokines 
and contributing to the maintenance of the host’s immune balance. [45] These local and systemic 
effects do not occur in isolation, but are part of a broader set of antimicrobial mechanisms described 
in recent literature. Published studies reinforce that the antimicrobial activity of probiotics involves 
multiple complementary strategies. A review by Costa et al. indicates that probiotics from the genera 
Lactobacillus, Bifidobacterium, Streptococcus, and Saccharomyces consistently demonstrate antimicrobial 
activity in in vitro assays. This activity is primarily attributed to the production of organic acids, 
bacteriocins, and other bioactive metabolites.[46] More specifically, Al-Shamiri et al.’s experimental 
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study indicated that Lactobacillus rhamnosus strains produced biosurfactants. These biosurfactants 
were effective at disrupting Acinetobacter baumannii biofilms and directly damaging the pathogen’s 
cell membrane. [47] Aghamohammad et al. also demonstrated that postbiotics derived from 
Lactiplantibacillus plantarum and Ligilactobacillus salivarius acted synergistically with antibiotics 
against multidrug-resistant Klebsiella pneumoniae. [48] Thus, it is observed that the antimicrobial 
effects of probiotics range from acidification of the medium and immunomodulation to the 
production of specific metabolites and structural interference in biofilms, indicating a multifactorial 
mechanism that depends on the genus, species, and strain evaluated. 

4.5. Immunomodulation 

The SHAP analysis of immunomodulation highlighted the role of factors associated with 
ribosomal biogenesis, cellular structure, carbohydrate metabolism and transport, and defense 
mechanisms. This finding is consistent with the scientific literature, as probiotic-induced 
immunomodulation relies on the synthesis of structural components and the secretion of bioactive 
compounds [49]. These act as effectors in communication with the host, triggering signaling cascades 
that culminate in the modulation of cytokine synthesis and release by immune cells, thus establishing 
the profile of gastrointestinal immunomodulation. These effectors communicate with the host, 
initiating signaling cascades that modulate cytokine synthesis and release by immune cells. This 
process consequently determines the profile of gastrointestinal immunomodulation [50]. In addition, 
cell movement and the presence of specialized organelles are crucial for host-microorganism 
interaction, and this biological basis is consistent with the trait importance analysis conducted in this 
study. Specifically, the analysis in the split train-test scenario reveals a marked dominance (average 
SHAP value +0.14) of the category “Translation, ribosomal structure and biogenesis”. This suggests 
that this characteristic contributed almost exclusively to the model’s prediction of this class (Figure 
1e). However, this concentration of importance demonstrates a specific sensitivity of the model to 
this scenario and data distribution, which affects its performance. This is evidenced by the fact that, 
compared with the other evaluations studied, the best model selected to predict this label, using a 
train-test split, yielded low values across the evaluated metrics (Table 4). However, when analyzing 
the metric values achieved by the best models, it is evident that applying cross-validation to the 
model proved more effective, reaching an F1-score of 0.82 (Table 2). With the use of leave-one-out, 
the value dropped to 0.42 (Table 3). 

4.6. Antioxidant 

The analysis of antioxidant potential, specifically through SHAP results, highlights the critical 
role of Type III Polyketide Synthases (T3PKS). T3PKS was identified as the most impactful predictor 
for this label, underscoring the biological significance of polyketides in counteracting oxidative stress 
(Figure 1f). These polyketides are instrumental in the biosynthesis of complex, branching secondary 
metabolites, which in turn yield diverse bioactive substances with proven antioxidant, antimicrobial, 
and immunomodulatory properties. [20] The presence of these enzymes in probiotics is associated 
with a high affinity between the microorganism and the host organism, thereby characterizing the 
probiotic as potent. [51] In addition, features such as cell wall, membrane, envelope biogenesis, 
carbohydrate transport, and metabolism. They appear to be of similar importance, demonstrating 
that cellular structure and biochemistry are also involved in this process. 

The stability of the category hierarchy reflected in the SHAP values for this label suggests that 
the model identified a robust phenotype less susceptible to sampling variation. This consistency is 
highlighted when observing the F1-score values achieved by the best models in each scenario, where, 
in the train-test split and cross-evaluation settings, the values were 0.70 and 0.92, respectively. These 
values validate the effectiveness of the machine learning approach in identifying probiotic 
microorganisms with antioxidant capacity based on their genetic content. 
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4.7. Antiproliferative 

For the antiproliferative label, the feature importance analysis revealed one of the most stable 
profiles among all the labels evaluated. In the category Lipid transport and metabolism, it played an 
absolute leading role, suggesting a link between lipid composition and/or the ability to secrete 
derived metabolites and the inhibition of cell proliferation (Figure 1g). This indication aligns with the 
literature, which demonstrates that the conversion of dietary fatty acids into conjugated linoleic acid 
(CLA) by probiotic bacteria is a primary mechanism for inducing apoptosis and cell-cycle arrest in 
cancerous cells. [52] This effect is also achieved through modulation of lipid transport, in which 
probiotics and their derivatives regulate lipid accumulation in the membranes of tumor cells and 
pathogenic microorganisms. [53] Furthermore, the antiproliferative response can be achieved using 
structural or intracellular components, such as cytoplasmic and cell wall extracts (Figure 2g) [54]. 
Reinforcing the compatibility of the most important categories presented by the models with the 
literature. 

In general, SHAP results showed stable importance distributions across categories. However, 
despite maintaining the logic across the selected categories, there was a discrepancy in the 
importance value for the lipid transport and metabolism category, indicating potential sensitivity of 
the model in this scenario (Figure 1g). It is worth noting that among the labels studied in this article, 
antiproliferative activity was the most imbalanced, with only 4.4% of the data as true (Table 1), and 
that the best model for the train-test split was selected without balancing (Table 4). In other words, 
since there was no balance between the classes, the hypothesis is that the model identified this 
characteristic as a robust predictor capable of recognizing the minority class without the need to 
expand the data synthetically. 

5. Conclusions 

This study demonstrates that integrating machine learning algorithms with functional genomic 
analysis provides a capable and scalable strategy for predicting complex probiotic phenotypes 
directly from sequence data. The developed models exhibited high predictive performance, 
particularly for antioxidant and antiproliferative activities, achieving superior accuracy and F1-score. 
Using SHAP explainability analysis, specific metabolic signatures and shared functional categories 
were identified for each probiotic trait, offering deeper insights into the underlying biological 
mechanisms. 

The present study contributes to the understanding of genomic data, suggesting that these data 
can be used efficiently for the screening and selection of new probiotic strains, thereby reducing 
exclusive reliance on experimental assays and accelerating the prospection of new microorganisms. 
Despite the promising results, the predictions should be experimentally validated to confirm the 
association between genomic data and probiotic phenotypes. From a future perspective, the data and 
models developed in this study serve as a basis for building software that predicts probiotic 
characteristics from genomic data. Furthermore, integrating machine learning tools and functional 
analyses into software is expected to assist in the screening, selection, and prospecting of new 
microbial strains with probiotic and biotechnological potential. 
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