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Abstract

The aquaculture sector has been progressively transitioning toward environmentally sus-
tainable feed production, with insect meals emerging as viable alternatives to fish meal
(FM); however, their effects on the microbiota of fish still remain insufficiently character-
ized. This study examined gut and skin microbiota in rainbow trout (Oncorhynchus mykiss)
following complete FM substitution with yellow mealworm (Tenebrio molitor, TM), utiliz-
ing machine learning (ML) to investigate diet-microbiota relationships. To this end, micro-
bial abundance data from a prior in vivo trial were analyzed by means of a structured ML
pipeline. On the one hand, classification models assessed the association between micro-
bial profiles and dietary regimens, while, on the other hand, regression models evaluated
the predictive capacity of feed ingredient variations on microbial abundance shifts. Within
this processing framework, feature selection identified informative taxa across taxonomic
levels, enhancing model generalizability and reducing overfitting. Several classification
algorithms attained optimal accuracy, whereas regression models showed moderate perfor-
mance, with error values decreasing from higher to lower taxonomic ranks. In particular,
feature selection and explainability analyses identified both diet- and tissue-associated indi-
cators: Cutibacterium, Enhydrobacter, and Lactobacillus in the gut; Chryseobacterium,
Flectobacillus, and Sphingopyxis in the skin. The occurrence of Deefgea in both tissue
types suggested potential water-fish microbial exchange. In conclusion, despite conven-
tional analyses showing only limited dietary modulation, ML models effectively detected
diet- and tissue-specific indicators in rainbow trout following FM substitution with TM,
ultimately underscoring the potential of integrating Al-driven techniques with next-gen-
eration sequencing to uncover ecological patterns across fish tissue types and taxonomic
levels.
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Introduction

The longstanding reliance of aquafeed production on marine-derived resources, particu-
larly fish meal (FM) and fish oil (FO), has contributed to the depletion of oceanic resources,
resulting in increasing disruption of food webs and heightened pressure on marine stocks,
with 64.5% being fished within biologically sustainable levels and 35.5% being classified
as severely overfished (Sharma et al. 2025). Such resource degradation has imposed con-
siderable pressures on other intensive production systems, particularly livestock sectors,
aggravating existing sustainability issues and intensifying competition with human food
supply chains (Hua et al. 2019; Olsen and Hasan 2012). As one of the most rapidly expand-
ing sectors within global food production, aquaculture must confront both environmen-
tal (e.g., climate change) and anthropogenic (e.g., population growth, ethical production
standards, responsible consumption) challenges to secure long-term sustainable production
(D’Abramo 2021). To this end, ongoing research initiatives are investigating viable alterna-
tive ingredients to reduce feed reliance on FM and FO while maintaining optimal growth
performance and health outcomes in cultured species. Indeed, sustainable feed formula-
tion is gradually redefining the notion of essential ingredient in terms of complementarity
rather than substitution to meet nutritional requirements, guarantee food security, promote
economic growth, and safeguard natural ecosystems (Turchini et al. 2019).

When designing alternative aquafeeds, manufacturers should adhere to holistic princi-
ples prioritizing ingredient sustainability. Indeed, according to aquafeed stage definitions
proposed by Eroldogan et al. (2023), the transition from Aquafeed 1.0 (marine-based) to
Aquafeed 2.0 (animal- and plant-based) has introduced several challenges related to feed,
including contamination risks of animal-derived meals as well as the environmental foot-
print of crop-based ingredients. To address these issues and further reduce reliance on fish-
meal (FM) and fish oil (FO), researchers have increasingly evaluated microorganisms and
macroorganisms as promising alternative resources (Glencross et al. 2020), even though
formulating effective feeds remains more difficult for carnivorous species (Turchini et al.
2019). In the case of macroorganisms, in particular, insects have exhibited significant
potential due to advantageous traits, including minimal environmental footprint, favorable
nutritional composition, elevated feed conversion efficiency, commercial-level produc-
tion scalability, and non-competition with human food production (Colombo and Turchini
2021). In an effort to complete the transition to Aquafeed 3.0 (biocircular-based), manufac-
turers have thus progressively shifted toward alternative resources, enhancing production
efficiency and economic resilience while simultaneously minimizing environmental impact
and progressing sustainability objectives (Colombo and Turchini 2021). Studies have dem-
onstrated the sustainable and regenerative capacity of biocircular ingredients, encompass-
ing the use of more environmentally sustainable organisms, the valorization of cross-sector
by-products, and the remediation of nutrient discharges (Eroldogan et al. 2023). Neverthe-
less, future feeds are expected to consist of multi-ingredient formulations, with biocircular
ingredients as the core and other sustainable sources as blend to achieve nutritional com-
pleteness and economic viability.

Alongside the nutritional and environmental advancements characterizing the transition
to Aquafeed 3.0, the aquaculture production system is undergoing a profound technologi-
cal revolution, as marked by the paradigm shift from Aquaculture 3.0 to Aquaculture 4.0.
This transformation is hallmarked by the seamless integration of smart technologies and
cyber-physical systems, although ensuring system reliability remains a critical issue (Biazi
and Marques 2023). Therefore, these interconnected network architectures are expected to
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facilitate the implementation of intelligent automated systems capable of real-time moni-
toring and evidence-based decision-making across the entire production chain, from water
quality control and feeding frequency management to microbiota analysis, thereby mini-
mizing external biases linked to human intervention. Within this emerging technological
landscape, precision fish farming offers a robust framework to implement predictive mod-
els through artificial intelligence (AI) for the investigation of microbiota dynamics.

Currently recognized as an emerging protein source for aquafeed formulation, the yellow
mealworm (Zenebrio molitor, TM) represents a promising candidate for FM replacement
thanks to nutritionally advantageous properties marking both developmental stages (larva,
pupa, and adult) and by-products (exuviae and excreta). Notably, the larval form exhibits a
composition especially well suited for feed formulation (Noyens et al. 2024; Gkinali et al.
2022). As demonstrated by rearing trials conducted under controlled laboratory conditions
(Ravzanaadii et al. 2012), TM larvae possess both high protein content (46%), with a bal-
anced amino acid profile, and high lipid content (33%), with a predominance of oleic acid,
linoleic acid, and palmitic acid. Moreover, as documented by Jankauskiené et al. (2024),
TM larvae showed comparatively higher energy values when fed with plant-based feed com-
binations using wheat bran (W), brewer’s yeast (Y), potatoes (P), and carrots (C). While
substrate combinations WYP and WYC contained 179.58 kcal and 168.71 kcal respectively,
TM larvae achieved 701.64 kcal and 708.26 kcal when fed with WYP and WYC, compared
to 689.27 kcal in the WY-based agar—agar control group. Nevertheless, elevated protein
and lipid levels have been found in other developmental stages and by-products, indicat-
ing potential for broader utilization in subsequent recycling processes. In light of the pos-
sibility of modulating nutritional composition through substrate manipulation, TM meal has
been incorporated into fish diets at different FM replacement levels, showing no significant
reduction in growth performance in both freshwater and marine species. In this regard, note-
worthy trials include rainbow trout (Oncorhynchus mykiss) at 20%, 30%, 60%, and 100%
replacement (Rema et al. 2019); red sea bream (Pagrus major) at 38%, 60%, and 100%
replacement (Ido et al. 2019); and African sharptooth catfish (Clarias gariepinus) at 20%,
40%, 60%, and 80% replacement (Ng et al. 2001). However, in rainbow trout, despite good
tolerance of FM replacement levels with respect to growth performance, the fatty acid pro-
file has been shown to change markedly, with C16:0, C18:1n9, and C18:2n6 levels increas-
ing, and eicosapentaenoic acid (EPA) and docosahexaenoic acid (DHA) levels decreasing in
response to higher levels of TM inclusion (Iaconisi et al. 2018).

Compared to traditional sources that have characterized Aquafeed 1.0 and Aquafeed
2.0, biocircular ingredients, particularly insects, have introduced novel biochemical com-
ponents, which are generally absent in other meals (e.g., chitin and unique fatty acids), and
greater composition variability, which is influenced by rearing substrate dependence and
meal processing procedures. Given the influence of such factors on microbial communities,
insect incorporation into aquaculture feeds has necessitated further analysis to assess fish
microbiota responses, host health implications, and nutritional outcome consistency. The
need for such characterization breadth has resulted in the generation of substantial data vol-
umes, primarily through metabarcoding and metagenomics sequencing. However, in con-
trast to human and livestock microbiome research, in which both machine learning (ML)
and deep learning (DL) have been extensively leveraged as analytical tools, these computa-
tional approaches have seen limited use in elucidating the intricate dynamics of fish micro-
biota. Indeed, existing literature on ML applications in fish microbiome studies is restricted
to the investigations of microbiota composition in relation to various environmental vari-
ables (Turner et al. 2022; Zhang et al. 2024) and to network interaction modeling between
microbial taxa and biotic/abiotic parameters associated with rearing system conditions
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(Soriano et al. 2023). Additionally, research efforts have been disproportionately skewed
toward intestinal microbial communities, often overlooking other anatomical regions such
as the skin, whose microbiota remains substantially unmapped (Gomez and Primm 2021).
Despite fish microbiome analysis lagging behind human and livestock research, Al models
have been successfully applied in other aquaculture contexts, encompassing both image-
based (Barbedo 2022; Gladju et al. 2022; Yang et al. 2021) and non-image-based (Gladju
et al. 2022) implementations, with a particular emphasis on feeding frequency optimization
(Budaev et al. 2025; Huang et al. 2025; Saad et al. 2024). Given the significant growth in
computational power and the increasing accessibility of programming interfaces, the pre-
sent juncture offers a compelling opportunity to advance our understanding of fish micro-
biota through AI methodologies.

To the best of our knowledge, at the time this study was conducted, no papers had been
published on the application of artificial intelligence, especially machine learning, to inves-
tigate the relationship between fish microbiota and aquafeed composition, despite grow-
ing scientific interest in ML-driven design of environmentally efficient aquafeeds (Cooney
et al. 2021), in light of the recent successes in livestock feeds (Garcia-Launay et al. 2018).
In the companion article to the present study (Terova et al. 2021), FM substitution with
insect meal derived from partially defatted yellow mealworm did not produce significant
alterations in bacterial richness and diversity in skin and gut microbiota from rainbow
trout, aside from minor dietary modulation effects on bacterial communities. Nevertheless,
we hypothesized the existence of underlying correlation patterns between microbial abun-
dance and dietary regime (TMO, no FM-TM substitution, TM 100, full FM-TM substitu-
tion). Accordingly, we used ML techniques to examine the relationship between microbial
abundance and feed composition, and thus address the following research questions (RQs):
RQI, is there a minimal subset of microbial taxa that could act as biomarkers for FM-TM
substitution?; RQ2, can a given microbial composition, expressed as abundance counts,
be reliably associated with a particular dietary regime?; RQ3, can shifts in feed ingredient
quantities result in statistically significant variations in microbial abundance? Addressing
these research questions is anticipated to generate fundamental insights into fish biology,
with particular emphasis on the integrated functioning of fish and their microbial com-
munities as a metaorganism. Moreover, the resulting findings could guide the development
of microbiome-driven strategies to enhance productivity in the aquaculture industry at
both regional and global scales, while, at the same time, fostering environmentally respon-
sible practices to mitigate the escalating challenges posed by climate change. However,
the machine-learning outputs in this study should be considered preliminary observations
rather than generalizable biological patterns, due to the limited sample size.

Materials and methods

In Terova et al. (2021), two extruded diets were formulated: a control diet (TMO, 0% FM
replacement) and an experimental diet (TM100, 100% FM replacement). The experimental
protocol complied with European Directive 86/609/EEC and Italian law (D.L. 116/92) and
was approved by DISAFA Ethical Committee (Protocol 143811). Rainbow trout (mean ini-
tial weight 78.3 + 6.24 g) were reared for 22 weeks in 6 400-L flow-through tanks (3 tanks
per diet, 21 fish per tank) under stable water conditions (water temperature 13 + 1 °C; water
inflow 8 L/min; dissolved oxygen 7.6-8.7 mg/L; pH 7.5-7.6). Fish were fed twice daily, 6
days per week, at 1.6% biomass for 8 weeks, then reduced to 1.4%; they were weighed
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biweekly and mortality was monitored daily. At trial end, 6 fish per diet were sacrificed
(MS-222, 500 mg/L) for microbiota sampling from gut mucosa (whole intestine, excluding
pyloric caeca) and skin mucus. DNA was extracted with the DNeasy PowerSoil Kit, quan-
tified, and stored at—20 °C. 16S rRNA gene libraries targeting the V3—V4 variable region
(primers Pro341F and Pro805R) were prepared with Platinum Taq High Fidelity, indexed
with Nextera XT adapters, quality-checked by qPCR, pooled equimolarly, and sequenced
on the Illumina MiSeq platform. Sequencing data were deposited in the European Nucle-
otide Archive (ENA) under accession code PRIEB38845. Raw reads were processed in
QIIME2 2018.8 (Bolyen et al. 2019) by an external service: barcode sequences and prim-
ers were removed with Cutadapt; sequences were quality-filtered (Q>30), trimmed,
and merged with DADAZ2; high-quality reads were dereplicated, chimeras removed, and
sequences clustered into operational taxonomic units (OTUs) at 99% similarity, filtered at
0.005% frequency; rarefaction was performed to normalize samples. Taxonomic assign-
ment utilized Greengenes 13.8 (DeSantis et al. 2006), excluding chloroplast and mitochon-
drial reads. The use of the Greengenes 13.8 database may limit taxonomic resolution and
therefore requires cautious interpretation of some model outputs. Although Greengenes
13.8 is no longer maintained, it was the only fully integrated database available at the time
the companion study (Terova et al. 2021) was conducted. Alpha diversity (observed OTUs,
Shannon, Pielou’s evenness, Faith’s PD) and beta diversity (weighted/unweighted UniFrac)
were computed, together with statistical tests including Kruskal-Wallis, Adonis, and analy-
sis of similarity (ANOSIM).

Building on the obtained results, we analyzed skin and gut microbiota of rainbow trout
following FM replacement with TM, using machine learning on microbial abundance data
derived from 16S rRNA gene sequencing. In particular, the reference study targeted the
V3-V4 region for metabarcoding, as it provides an optimal balance between taxonomic
resolution and community-level diversity comparisons relative to other single- or paired-
region targets (Abellan-Schneyder et al. 2021). OTU taxonomic classifications were used
without further modification or subset pooling. While microbial counts were available
at various taxonomic resolutions (phylum, class, order, family, genus, and species), we
focused on lower levels (family, genus, and species) so as to enhance specificity as well as
biological relevance (Wakita et al. 2018). Given the limited resolution achieved at the spe-
cies level, however, ML analyses carried out at this resolution were considered primarily
indicative, and manual amplicon-to-species assignment verification was deemed unneces-
sary in light of the known limitations of the [llumina MiSeq platform in resolving closely
related microbial species from metabarcoding-derived reads due to insufficient unique
sequence variation (Biada et al. 2025; Buetas et al. 2024).

To implement our analytical pipeline, we selected Python 3.13.3 as reference programming
language due to its extensive library support for data analysis. Our approach leveraged the
following libraries: Pandas 2.2.3 (McKinney 2010), SciPy 1.15.2 (Virtanen et al. 2020), Mat-
plotlib 3.10.1 (Hunter 2007), Seaborn 0.13.2 (Waskom 2021), scikit-learn 1.6.1 (Pedregosa
et al. 2011), XGBoost 3.0.0 (Chen and Guestrin 2016), CatBoost 1.2.8 (Prokhorenkova et al.
2018), SHAP 0.46.0 (Lundberg and Lee 2017). Given the limited sample size (12 fish, 6 fish
per diet), we made use of leave-one-out cross-validation (LOOCV) to maximize information
utilization as well as minimize prediction biases, despite the high dimensionality of micro-
bial variables across taxonomic levels (46 families, 63 genera, 80 species for gut microbiota;
112 families, 206 genera, 279 species for skin microbiota). Because LOOCV evaluates mod-
els using only one sample per iteration, it can increase estimate variance in small datasets;
therefore, the resulting performance metrics should be interpreted with caution. For model
performance assessment throughout the pipeline, we applied evaluation metrics appropriate
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for balanced datasets: for classification, accuracy (ACC) and Matthews correlation coef-
ficient (MCC); for regression, the coefficient of determination (R%), the mean absolute error
(MAE), which assigns equal weight to all errors, and the root mean squared error (RMSE),
which assigns greater weight to larger discrepancies. In light of the exploratory character of
this study, we opted to determine the highest performing model through a general comparison
of performance metrics rather than inferential statistics. In particular, accuracy was prioritized
for classification tasks, while R was prioritized for regression tasks, as both are widely recog-
nized indicators of predictive reliability. This strategy allowed for the identification of prom-
ising modeling approaches while avoiding additional statistical analyses, acknowledging that
more rigorous statistical validation would be required in future confirmatory studies. Finally,
prior to performing predictive modeling, we preprocessed the dataset to address missing val-
ues, null columns, and other data inconsistences, thus ensuring data integrity and reliability.
Within this methodological framework, we addressed the research questions as outlined below.

RQ1

As a fundamental stage in data preprocessing, we performed feature selection to determine
the most influential microbial features, enhancing generalizability and mitigating overfit-
ting. For RQ2, we used recursive feature elimination (RFE) with tree-based, ensemble-
based, and generalized linear models as estimators. To ensure balanced selection between
permissive and conservative algorithms, we retained microbial taxa with the highest over-
lap across estimators, under the constraint that, given » as the number of features and m as
the number of samples, 1 < n < m. For RO3, we identified statistically significant micro-
bial taxa exhibiting moderate-to-high correlation with the dietary regime through point-
biserial correlation by imposing threshold criteria of |r| > 0.5 and p < 0.05. In both cases,
any non-microbial contaminants or ambiguous taxa were manually removed.

RQ2-RQ3

Both research questions were addressed using a common three-stage pipeline, which was
adjusted to meet task-specific needs. In the first stage, models were evaluated on the full
dataset using default implementations to define baseline performance. In the second stage,
the dataset was reduced to include microbial taxa identified during feature selection, and
models were evaluated using default implementations to assess overfitting. Given the lim-
ited sample size, these pipeline stages used cross-validation (CV) instead of traditional
train-test splitting to reduce variance in performance estimates caused by different split
proportions. In the third stage, models were evaluated on the reduced dataset following
nested cross-validation (NCV), which allowed for unbiased performance evaluation while,
at the same time, performing hyperparameter tuning. Importantly, due to the current una-
vailability of a suitable external dataset, we used the same dataset to internally validate
the ML models. While both research objectives share a common framework, task-specific
implementation requirements were also taken into consideration. In the case of RQ2, SHAP
analysis was performed to visualize the individual contribution of the selected features in
the highest-performing model identified with NCV. In the case of RQ3, regression analysis
required extending the dataset to incorporate the respective quantities of the dietary formu-
lation ingredients reported in Terova et al. (2021).
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Since most algorithms have been designed to handle both classification and regression,
we leveraged a diverse set of algorithmic families, each with distinct underlying mecha-
nisms: tree-based (decision trees, DTs), ensemble-based (random forests, RFs; extra trees,
ETs; gradient boosting, GB; extreme gradient boosting, XGB; categorical boosting, CB),
margin-based (support vector machines, SVMs), probability-based (Naive Bayes, NB),
distance-based (k-nearest neighbors, k-NNs), neural-network-based (multilayer percep-
trons, MLPs), and generalized linear models (GLMs). In the case of RQ2, as a classifica-
tion task, we selected the following algorithms: DT classifier (DTC), RF classifier (RFC),
ET classifier (ETC), GB classifier (GBC), XGB classifier (XGBC), CB classifier (CBC),
multinomial NB (MNB), SVM classifier (SVC), k-NN classifier (KNC), logistic regres-
sion (LOGREG), and MLP classifier (MLPC). In the case of RQ3, instead, as a regres-
sion task, we used the following algorithms: DT regressor (DTR), RF regressor (RFR), ET
regressor (ETR), GB regressor (GBR), XGB regressor (XGBR), SVM regressor (SVR),
k-NN regressor (KNR), and MLP regressor (MLPR). In both cases, when using SVM-
based algorithms, we assessed model performance across different kernel functions (linear,
LK; polynomial, PK; radial basis function, RK; sigmoid, SK) during the first two pipeline
stages. However, in the final stage, LK was preferred due to higher model generalizability,
effectively mitigating the overfitting risks associated with PK and RK as well as the unsta-
ble behavior of SK. Ultimately, to guarantee proper learning and unbiased performance,
datasets were standardized with StandardScaler from scikit-learn when using scale-sensi-
tive algorithms; in particular, StandardScaler applies z-score normalization independently
to each feature, ensuring balanced contributions across features as well as improving con-
vergence speed and model performance.

Results

To systematically characterize microbiota composition, we performed task-specific feature
selection and applied a structured three-stage pipeline across taxonomic levels (family,
genus, species) using microbial count data from skin and gut microbiota. For conciseness,
we present results from the final pipeline stage, in which selected models underwent full
optimization. The high accuracy values may reflect a close fit to the current dataset and do
not necessarily indicate a confirmed biological distinction. Detailed assessments of earlier
stages, such as baseline performance and overfitting probing, are provided as supplemen-
tary materials (Online Resource 1 and Online Resource 5 for classification and regression
on gut microbiota; Online Resource 3 and Online Resource 6 for classification and regres-
sion on skin microbiota). In order to better contextualize ML-derived results, we sum-
marize the main findings from traditional microbiota analyses, as detailed in Terova et al.
(2021). This preliminary overview provides a necessary reference framework for interpret-
ing the outcomes obtained from ML-based approaches.

Results from previous microbiota analysis

As reported in our parallel study article, when limited to the most representative taxa,
gut microbiota consisted of 6 families and 2 genera. However, when assessing diet-
related effects on taxa abundance variation, Neisseriaceae showed statistical significance
(» = 0.033), as observed in higher taxonomic levels (Neisseriales, p = 0.033; Betaproteo-
bacteria, p = 0.012; Proteobacteria, p = 0.047), with no statistical significance detectable
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at the genus level. In relation to microbial diversity, alpha diversity indices revealed no
statistically significant variation in response to diet, while beta diversity analyses indicated
significant differences between microbial communities in gut mucosa in function of diet for
weighted UniFrac analysis (Adonis, p = 0.025; ANOSIM, p = 0.038), but no effect on the
microbial communities associated with skin mucus was found. For further information on
the statistical analyses performed, we advise to refer to the reference study (Terova et al.
2021).

In contrast, skin microbiota, which is usually characterized by greater bacterial richness
and diversity, consisted of 25 families and 20 genera. In this context, diet effect on micro-
bial abundance variation was statistically significant for Deefgea (p = 0.017), with analo-
gous significance detected at higher taxonomic levels (Neisseriaceae, p = 0.013; Neisseri-
ales, p = 0.013); additionally, Clostridiaceae abundance exhibited significant association
with diet (p = 0.013). On the other hand, with regard to microbial diversity, alpha diversity
indices showed no statistically significant difference in response to diet, with beta diversity
analyses equally showing no diet effect on skin microbiota composition.

Inferring dietary regimes from microbial abundance
Classification modeling of gut microbiota

Integrating RFE-based feature selection with nested cross-validation resulted in optimal
classification performance across taxonomic levels (Table 1). In terms of average perfor-
mance, MNB consistently outperformed other models, with KNC and MLPC emerging as
strong competitors at the genus level. Among the highest-performing models, ensemble-
based (RFC, ETC, GBC, CBC) and distance-based (KNC) approaches achieved perfect
classification; in addition, margin-based (SVC-LK) and neural-network-based (MLPC)
models demonstrated comparable accuracy at the genus levels. However, these values
should be viewed as exploratory given the limited dataset size.

The elevated model accuracy was primarily attributable to the selective power of the
RFE procedure, which effectively distilled influential microbial features into minimal
subsets across taxonomic ranks (Table 2), enabling more nuanced interpretation through
SHAP analysis. At the family level, separate groupings were identified: Chitinibacteraceae
and Clostridiaceae, representing high-importance taxa; Lactobacillaceae and Neisse-
riaceae, representing low-importance taxa (Fig. 1a). At the genus level, although the high
number of microbial features introduced interpretational complexities, sufficiently stable
patterns emerged, with Clostridium and Deefgea exerting notable influence, and Cutibac-
terium consistently ranking among the least impactful taxa (Fig. 1b). At the species level,
importance-based feature evaluation did not yield additional interpretative value, besides
highlighting the relatively low contribution of Lactobacillus aviarius (Fig. 1c). For com-
prehensive information on the magnitude of feature impact at single-sample resolution
across taxonomic levels, refer to Online Resource 2. However, these values should be inter-
preted as exploratory due to the limited dataset size and the potential for model overfitting.

Classification modeling of skin microbiota

Applying the same methodology used for gut microbiota, consistently high performance
was achieved on skin microbiota (Table 3). Regarding overall reliability, KNC proved
most effective at genus and species levels, while ETC, CBC, MLPC, and LOGREG
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Fig. 1 Categorical parallel coordinate plot illustrating variation in feature importance across multiple classi-
fication models for rainbow trout gut microbiota (n = 12) under FM-based (TMO0) and TM-based (TM100)
diets. Each panel presents a summarized visualization derived from SHAP beeswarm plots, showing overall
variation in feature importance among microbial taxa selected through feature selection across taxonomic
levels (a family; b genus; ¢ species). The x-axis indicates classification models, whereas the y-axis ranks
microbial features in descending order of importance, with higher-importance ones at the top and lower-
importance ones at the bottom (DTC, decision tree classifier; RFC, random forest classifier; ETC, extra tree
classifier; GBC, gradient boosting classifier; XGBC, extreme gradient boosting classifier; CBC, categorical
boosting classifier; MNB, multinomial Naive Bayes; SVC-LK, support vector machine classifier using the
linear kernel; KNC, k-nearest neighbor classifier; LOGREG, logistic regression; MLPC, multilayer percep-
tron classifier)

demonstrated superior accuracy at the family level. Among top-performing models,
ensemble-based approaches (RFC, ETC, GBC, XGBC, CBC) achieved perfect accuracy
at genus and species levels; however, at the family level, ensemble-based (RFC, GBC) and
distance-based (KNC) methods performed equally well. However, accuracy values should
be viewed as exploratory and may overrepresent model fit given the small sample size.

Although the skin microbiota remains largely unmapped in fish species, the RFE pro-
cedure enabled the identification of interesting feature subsets across taxonomic levels
(Table 4). However, these taxa should be interpreted cautiously due to the limited dataset
and potential variance in small-sample feature selection.

At the family level, Clostridiaceae and Streptococcaceae showed balanced contribution
to sample classification (Fig. 2a). At the genus level, when compared to the gut microbi-
ota, the lower number of microbial features facilitated interpretability, revealing two major
groups: Sphingopyxis emerged as the most influential, whereas Clostridium and Deefgea
were characterized by lower importance scores (Fig. 2b). For detailed insights into the
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Table 4 RFE-selected microbial taxa across taxonomic levels in rainbow trout skin microbiota (n = 12)
under FM-based (TMO) and TM-based (TM100) diets. The table columns contain the following informa-
tion: (i) the taxonomic level; (ii) the number of OTU-related features before feature selection; (iii) the num-
ber of OTU-related features after feature selection; (iv) the name of the microbial taxa retained after feature
selection

Taxonomic level Total features Selected Feature name
features
Family 112 2 Clostridiaceae, Streptococcaceae
Genus 206 3 Clostridium sensu stricto 1, Deefgea, Sphingopyxis
Species 279 2 unknown Clostridium, unknown Sphingopyxis
a
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Fig.2 Categorical parallel coordinate plot illustrating variation in feature importance across multiple classi-
fication models for rainbow trout skin microbiota (n = 12) under FM-based (TMO0) and TM-based (TM100)
diets. Each panel presents a summarized visualization derived from SHAP beeswarm plots, showing overall
variation in feature importance among microbial taxa selected through feature selection across taxonomic
levels (a family; b genus; ¢ species). The x-axis indicates classification models, whereas the y-axis ranks
microbial features in descending order of importance, with higher-importance ones at the top and lower-
importance ones at the bottom (DTC, decision tree classifier; RFC, random forest classifier; ETC, extra tree
classifier; GBC, gradient boosting classifier; XGBC, extreme gradient boosting classifier; CBC; categorical
boosting classifier; MNB, multinomial Naive Bayes; SVC-LK, support vector machine classifier using the
linear kernel; KNC, k-nearest neighbor classifier; LOGREG, logistic regression; MLPC, multilayer percep-
tron classifier)
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magnitude of feature influence at single-sample resolution across taxonomic levels, refer to
Online Resource 4.

Predicting microbial variations based on feed composition changes
Regression modeling of gut microbiota

The integration of point-biserial correlation with nested cross-validation produced compa-
rable results across taxonomic levels (Table 5). On average, most regression models dem-
onstrated a moderate fit, whereas SVR-LK and MLPR consistently demonstrated the low-
est performance, which is marked by the negative values of the R? metric, indicating that
both models provide a poorer fit to the data than the baseline least-squares predictor, which
relies solely on the mean estimate. In this regard, it should be noted that regression algo-
rithms utilized the diet type as an intermediate variable for taxa selection via point-biserial
correlation before replacing it with the feed ingredient quantities defined in Terova et al.
(2021) for regression. In the case of gut microbiota, correlation analysis consistently identi-
fied hierarchically related taxa across taxonomic levels (Table 6). When evaluating correla-
tion estimations and model performance metrics, despite suboptimal goodness of fit, error
metrics remained elevated, particularly for Clostridium-related taxa, while error values
were comparatively more acceptable for Mycoplasma-related ones. However, all estimates
should be regarded as exploratory and not indicative of confirmed predictive relationships.

Regression modeling of skin microbiota

When using the same regression strategy applied to gut microbiota, similar outcomes were
obtained for skin microbiota, with SVR-LK and MLPR continuously yielding the poorest
performance (Table 7). In this case, point-biserial correlation analysis identified a broader
array of microbial taxa, driven by the pronounced increase in variables across taxonomic
levels, when compared to gut microbiota; nonetheless, taxa affiliated with Chitinibacte-
raceae and Enterobacteriaceae were frequently detected (Table 8). When combining cor-
relation estimates and model performance metrics, R> values showed suboptimal predictive
power, comparable to that observed for gut microbiota, although error metrics were notice-
ably reduced, with a marked decline observed when moving from family to species level.
Despite this encouraging trend, error values remained relatively high for most taxa, except
for those belonging to Chitinibacteraceae, which exhibited the highest recorded abundance.
However, these associations should be considered exploratory and require confirmation in
larger datasets.

Overall performance of predictive models in classification and regression

Given that multiple algorithmic families were leveraged, it is important to provide a gen-
eral overview of their performance on microbiota data derived from different anatomical
regions. On the one hand, for classification analyses (Tables 1 and 3), the selected classi-
fiers exhibited broadly comparable performance when applied to data from both regions,
though some differences merit closer attention. Considering average performance, meas-
ured in terms of accuracy, classification tended to perform better for skin microbiota than
for gut microbiota. This trend was particularly evident for tree-based (DTC) and ensemble-
based (RFC, ETC, XGBC, CBC) models, and, to a lesser extent, for generalized linear
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Table 6 Microbial taxa selected through point-biserial correlation across taxonomic levels in rainbow trout
gut microbiota (n = 12) under FM-based (TMO) and TM-based (TM100) diets. The table columns contain
the following information: (i) the taxonomic level; (ii) the number of OTU-related features before feature
selection; (iii) the number of OTU-related features after feature selection; (iv) the name of the microbial
taxa retained after feature selection; (v) the Pearson correlation coefficient (or r value) returned by point-
biserial correlation for the selected feature; (vi) the p-value returned by point-biserial correlation for the
selected feature; (vii) the highest microbial count within the dataset for the selected feature

Taxonomic level Total features Selected Feature name rvalue pvalue Max value
features

Family 46 2 Clostridiaceae 0.581 0.047 83
Mycoplasmataceae 0.662  0.019 21,108

Genus 63 2 Clostridium sensu stricto 1~ 0.581 0.047 83
Mycoplasma 0.662  0.019 21,108

Species 80 2 unknown Clostridium 0.581 0.047 83
unknown Mycoplasma 0.662  0.019 21,108

(LOGREG) and neural-network-based (MLPC) models. A notable exception included
MNB, which achieved extremely similar accuracy across both anatomical sites. When
focusing on the best-performing classifier, each model reached very high accuracy on gut
and skin microbiota; however, ensemble-based models (RFC, ETC, GBC, CBC) attained
perfect accuracy in the majority of cases. On the other hand, for regression analyses
(Tables 5 and 7), when considering the R* of the best-performing model, regressors per-
formed similarly in both gut and skin microbiota, with SVR-LK and MLPR consistently
ranking as the lowest-performing ones.

These findings align with the advantages and disadvantages of the respective algorith-
mic families. Ensemble-based models consistently delivered better performance, particu-
larly in classification tasks, due to their ability to reduce overfitting and maintain robustness
to noise, albeit at the cost of greater computational requirements and reduced interpret-
ability compared to single-tree models. Probability-based (restricted to classification),
distance-based, and generalized linear models also performed well, offering fast training
and high interpretability, though they remain sensitive to correlated or irrelevant features.
While yielding acceptable results in classification, margin-based and neural-network-based
models consistently underperformed in regression. This outcome could be related to their
theoretical properties, as margin-based methods perform better in high-dimensional spaces
and neural networks generally require large datasets to achieve optimal training, leading to
reduced performance in smaller datasets such as the one analyzed in the present study.

Discussion

With aquafeed production progressively phasing out marine resources toward more envi-
ronmentally sustainable solutions, insects have emerged as a suitable alternative, support-
ing sustainable farming practices as well as maintaining fish health. In particular, yellow
mealworm has garnered particular attention due to its favorable nutritional profile and
minimal environmental footprint when compared to conventional animal- and plant-based
protein sources. In the context of aquaculture, the increasing integration of yellow meal-
worm in feeds has required a thorough assessment of FM-TM replacement diets. While the
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Table 8 Microbial taxa selected through point-biserial correlation across taxonomic levels in rainbow trout
skin microbiota (n = 12) under FM-based (TMO0) and TM-based (TM100) diets. The table columns contain
the following information: (i) the taxonomic level; (ii) the number of OTU-related features before feature
selection; (iii) the number of OTU-related features after feature selection; (iv) the name of the microbial
taxa retained after feature selection; (v) the Pearson correlation coefficient (or r value) returned by point-
biserial correlation for the selected feature; (vi) the p-value returned by point-biserial correlation for the
selected feature; (vii) the highest microbial count within the dataset for the selected feature

Taxonomic level Total features Selected Feature name rvalue pvalue Max value
features

Family 112 1 Chitinibacteraceae —-0.652 0.022 1426

Genus 206 3 Deefgea —-0.652 0.022 1426
Flectobacillus 0.603 0.038 17
unknown Enterobacteriaceae —0.648 0.023 207

Species 279 5 unknown Chryseobacterium  —0.594 0.042 39
unknown Deefgea —0.640 0.025 1370
unknown Enterobacteriaceae —0.648 0.023 207
unknown Flectobacillus 0.603 0.038 17
unknown Lactococcus —0.590 0.043 10

impact of such diets on growth performance has been extensively documented, their influ-
ence on host-associated microbiomes remains comparatively underexplored.

In our parallel study (Terova et al. 2021), we examined the dietary effects of FM-TM
replacement on rainbow trout microbiota composition, using 16S rRNA gene sequencing
and bioinformatic tools to characterize gut and skin microbial communities. While this
research demonstrated the suitability of yellow mealworm as protein source in aquacul-
ture feeds, the data showed only marginal effects of full substitution on bacterial richness
and diversity across both anatomical sites. In light of the limited diet-induced modulation
observed through conventional microbiome profiling, we conducted a more in-depth anal-
ysis of microbial abundance patterns through artificial intelligence, specifically machine
learning algorithms, to investigate the interrelationship between diet composition and host-
associated microbiota, as outlined in our research objectives.

While well established in human and animal microbiome research, where it has pro-
vided promising insights, artificial intelligence has not yet been fully leveraged to unravel
the intricacies of microbial communities characterizing the fish microbiota (Rizzi et al.
2025). Using a broad array of algorithmic families to perform classification (RQ2) and
regression (RQ3) tasks, our study produced noteworthy results. On the one hand, classifica-
tion analysis produced particularly encouraging results attributable to the binary nature of
the classification objective (TMO, TM100), which has significantly simplified predictive
modeling; indeed, in skin and gut microbiota, extremely favorable outcomes were achieved
across multiple algorithms, with several models attaining perfect classification accuracy.
On the other hand, regression analysis performance was generally suboptimal, with rela-
tively acceptable deviation values only for a limited number of taxa identified through fea-
ture selection. Despite these limitations, regression results demonstrated potential, under-
scoring the need for further investigation to enhance predictive capacity. In this regard,
understanding how variations in feed ingredient composition are able to influence micro-
bial abundance could enable the development of targeted dietary interventions. Such ingre-
dient-specific modulation strategies could in turn facilitate the deliberate manipulation
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of microbial communities toward a desired composition, advancing precision nutrition in
aquaculture.

Considering the promising outcomes observed for gut microbiota across both predic-
tive tasks, feature selection had a pivotal role in shaping these results while also mitigating
overfitting and enhancing generalizability. Indeed, when prioritizing family and genus as
the most informative taxonomic ranks, this procedure enabled the identification of micro-
bial taxa with high frequency (HF) as well as low frequency (LF), relative to those pre-
viously reported in Terova et al. (2021). At the family level, HF taxa (Aeromonadaceae,
Clostridiaceae, Enterobacteriaceae, Mycoplasmataceae, Neisseriaceae, and Ruminococ-
caceae) outnumbered LF ones (Chitinibacteraceae, Lactobacillaceae, Moraxellaceae, and
Propionibacteriaceae), albeit marginally. At the genus level, the distribution was more
balanced: HF taxa with exact (Deefgea) and approximate (Aeromonas, Clostridium, and
Mpycoplasma) frequency were equally represented alongside LF ones (Cutibacterium,
Enhydrobacter, Escherichia-Shigella, and Lactobacillus). Although ML analyses were
extended to the species level, taxonomic resolution was predictably low, with most species
still remaining unidentified, except for Lactobacillus aviarius. Despite the methodologi-
cal differences, ML-based results were nevertheless in agreement with those derived from
conventional microbiota analyses, which detected diet-associated statistical significance for
Neisseriaceae, one of the HF taxa identified through our feature selection procedure.

Although the skin is a distinct anatomical region exposed to ecological pressures differ-
ent from those of the intestinal environment, its associated microbial communities exhib-
ited a comparably structured compositional profile across taxonomic levels when microbial
taxa selected through feature selection methods were interpreted in light of the findings
reported in Terova et al. (2021). At the family level, taxa distribution was relatively bal-
anced, with LF families (Chitinibacteraceae, Sphingomonadaceae, Spirosomaceae, and
Streptococcaceae) nearly equaling HF ones (Clostridiaceae, Enterobacteriaceae, and Week-
sellaceae). At the genus level, HF genera (Chryseobacterium and Deefgea) were slightly
outnumbered by LF ones (Clostridium, Flectobacillus, Lactococcus, and Sphingopyxis).
Similar to the findings from gut microbiota, ML-derived results exhibited partial concord-
ance with previous microbiota analyses, which identified Deefgea and Clostridiaceae as
statistically significant features associated with dietary treatment.

Compared to the results presented in our parallel study (Terova et al. 2021), ML-based
outcomes show overall consistency across both microbial ecosystems. The robustness of
these results is further reaffirmed when compared with existing characterizations of the
core microbiota in rainbow trout, as reported for both anatomical levels (Drosdowech et al.
2025; Hines et al. 2023; Lowrey et al. 2015). Notably, more detailed insights emerge when
analyses are conducted at lower taxonomic ranks, with the genus level offering significant
informational value, especially on LF members.

The gut microbiota revealed microbial genera of ecological and functional relevance. Cuti-
bacterium (Propionibacteriaceae), which has been detected in aquatic environments such as
zebrafish housing systems, may enter aquaculture systems through human skin contact given
its role in the human skin microbiota and biofilm-forming capability (Ericsson et al. 2021).
Enhydrobacter (Moraxellaceae) is dominant in teleost skin microbiota (Sylvain et al. 2020)
but has also been reported in rainbow trout gut microbiota (Betiku et al. 2018), indicating
broader distribution. Lactobacillus (Lactobacillaceae) is recognized for its role in gastrointes-
tinal health and immune modulation, including the inhibition of pathogens (Govindaraj et al.
2021). In this study, taxonomic resolution also identified L. aviarius, a species originally
described in avian hosts but also reported in finfish gastrointestinal tracts (Ringg et al. 2018).
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The skin microbiota displayed notable ecological features. Flectobacillus (Spiroso-
maceae), detected on rainbow trout skin and gills (de Bruijn et al. 2018; Lowrey et al.
2015), frequently co-occurs with Flavobacterium, a genus connected to freshwater fish
pathologies (Lee et al. 2023; Wahli and Madsen 2018). Sphingopyxis (Sphingomona-
daceae), known for pollutant bioremediation in different aquatic habitats (Sharma et al.
2021), has also been reported in the skin microbiota of rainbow trout, zebrafish, and brook
char (Coetzer et al. 2021). Chryseobacterium (Weeksellaceae) is broadly distributed across
aquatic and terrestrial environments (Mwanza et al. 2022), frequently regarded as spoilage
organisms (El-Saadony et al. 2021), with C. shigense and C. piscicola regarded as potential
pathogens in rainbow trout (Zamora et al. 2012).

Among the observed similarities between gut and skin microbiota in rainbow trout, the
occurrence of Deefgea (Chitinibacteraceae) in both anatomical sites supports the hypoth-
esis of microbial exchange between host and aquatic environments, though further valida-
tion is needed (Bruno et al. 2023). Most species have been catalogued across fish hosts,
including D. salmonis and D. piscis in rainbow trout (Chen MQ et al. 2022; Takeuchi and
Sugahara 2025), D. rivuli in brown trout (Salmo trutta) (Carbajal-Gonzélez et al. 2011),
D. tanakiae in South Korean dark sleeper (Odontobutis platycephala) (Gim et al. 2022),
and D. chitinilytica in gold tench (Tinca tinca) and goldfish (Carassius auratus) (Jung and
Jung-Schroers 2011).

Methodological boundaries and future directions

While this study has deepened our understanding of gut and skin microbiota in rainbow
trout, certain limitations remain from computational and biological perspectives.

Computational considerations

This study was conducted on a small sample size (12 fish), which may have resulted in
findings that are restricted to this dataset. Although larger sample sizes are generally rec-
ommended to strengthen statistical robustness and improve diet-induced microbiome shift
detection (Johnson et al. 2020; Jarett et al. 2021), we implemented appropriate computa-
tional strategies to minimize dataset-specific bias, including feature selection (to reduce
dimensionality), NCV (to separate hyperparameter tuning from model evaluation), and
LOOCYV (to maximize data utilization) (Kirk et al. 2022).Furthermore, given the highly
structured nature of biological data, particularly microbial abundance, we decided against
data augmentation, as artificial manipulation may introduce biologically unrealistic distri-
butions that fail to reflect ecological relationships and disregard biological constrains (e.g.,
co-occurrence patterns and phylogenetic relationships). Nonetheless, ongoing research is
exploring specialized augmentation strategies to address these limitations, especially in
microbial datasets (Gordon-Rodriguez et al. 2022; Wen et al. 2023, 2024). However, it is
important to notice that existing microbiome studies in aquaculture have usually relied on
smaller sample sizes than those used in growth-related analyses (Ruiz et al. 2024; Chen X
et al. 2022; Turner et al. 2022), despite the definition of a suitable sample size for rep-
resentative inference in metabarcoding analyses remaining debated. Recent combinato-
rial studies on European sea bass (Dicentrarchus labrax) and gilthead sea bream (Sparus
aurata) indicate that nine specimens per dietary group may be sufficient to encompass
approximately 90% of observed bacterial species richness, thereby providing representa-
tive insights into diet-induced microbial shifts (Panteli et al. 2020). In the current study,
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while the sample size per diet (6 fish) was not sufficient for confirmatory results, consistent
with conclusions by Panteli et al. (2020) for microbiome studies with similar numbers of
biological samples (Cerezuela et al. 2013; Carda-Diéguez et al. 2014; Larsen et al. 2015),
it nevertheless appeared sufficient to yield preliminary insights into the feasible application
of our predictive pipeline. Small sample sizes have also been used in similar pilot studies
on livestock (Liu et al. 2022; Wang et al. 2018, 2019) and human (David et al. 2014; Zhou
et al. 2018) microbiome. Moreover, we acknowledge that conducting feature selection on
the entire dataset before modeling carries a risk of data leakage, whereby selected features
may be inadvertently biased toward the dataset from which they were derived. Although
such risk can be prevented by performing feature selection within each fold of nested
cross-validation, to obtain a common feature set across folds, we performed feature selec-
tion before model modeling, thus prioritizing interpretability and consistency. Given the
promising results obtained, future work could involve implementing fold-specific feature
selection to provide unbiased performance estimates, followed by consensus procedures to
produce a common feature set for interpretability. When dealing with larger datasets, fea-
ture selection may be restricted to a dedicated subset, given that such data volumes gener-
ally guarantee representativeness (Karwowska et al. 2025; Marcos-Zambrano et al. 2021).
Lastly, we acknowledge that the definition of a common feature set depends on feature
selection procedure implementation; indeed, alternative algorithms, selection functions,
and inclusion criteria may produce taxonomic profiles that differ from those reported in
this study.

In the context of small datasets, microbiome analyses often rely on statistical and bio-
informatic tools to identify and prioritize informative microbial features that differentiate
between sample groups. The Analysis of Compositions of Microbiomes with Bias Cor-
rection (ANCOM-BC) is a statistical method for differential abundance testing, allowing
for the identification of significantly varying taxa through the exclusion of non-significant
features and adjustment for sampling bias (Lin and Peddada 2020). Linear Discriminant
Analysis Effect Size (LEfSe) instead combines non-parametric statistical testing with
supervised machine learning to detect features that exhibit statistical significance and bio-
logical consistency across groups (Segata et al. 2011). This approach is especially effective
in discriminating among sample classes and facilitating biomarker discovery. For explora-
tory analyses, the Statistical Analysis of Metagenomic Profiles (STAMP) platform provides
a comprehensive suite of tools for the visualization and statistical testing of taxonomic and
functional profiles (Parks and Beiko 2010; Parks et al. 2014).

Although these tools are extensively used and provide interpretability through conven-
tional statistical metrics (e.g., p-values, confidence intervals, and effect sizes), they gener-
ally remain domain-specific and typically assess features independently. As a result, these
methodologies may fail to capture both interaction effects and co-occurrence patterns
among features, in addition to not being designed for predictive modeling tasks, thereby
limiting their applicability within supervised learning contexts. By contrast, ML algo-
rithms offer several advantages. For instance, they can consider all features jointly, cap-
turing complex interactions and nonlinear relationships that may be missed by univariate
methods. ML models also provide direct feature importance measures, which facilitate taxa
prioritization, and they are well suited to high-dimensional data handling, especially when
regularization and ensemble techniques are employed. Given our research objectives, we
selected ML models capable of jointly evaluating multiple features while integrating with
explanatory frameworks. This strategy was able to balance predictive capability with bio-
logical interpretability, offering a complementary perspective to conventional microbiome
analysis approaches.
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While the present study relied on general-purpose machine-learning models owing
to their suitability for predictive modeling, as supported by the noticeable shift in scien-
tific literature toward ML-based approaches in microbiome research, future investigations
may benefit from extending this framework into a hybrid analytical strategy that inte-
grates domain-specific methods with ML algorithms within a unified pipeline. This inte-
gration has already been exemplified in recent work on colorectal cancer, where LEfSe
and ANCOM-BC were applied to identify enriched taxa, followed by the application of
a Bayesian ML model to validate and refine findings (Han et al. 2025). In this context,
ML offers the scalability and flexibility required to manage and integrate high-dimensional
multi-omics datasets (Li et al. 2022), while domain-specific frameworks contribute bio-
logical insights grounded in transparent assumptions. For transdisciplinary knowledge
transfer, this hybrid implementation could be applied in aquaculture research to investigate
microbiota alterations in response to various dietary and rearing conditions. The results
obtained in this study offer preliminary support for the feasibility of ML-based approach,
and it is increasingly evident that the convergence of general-purpose ML with specialized
bioinformatic tools represents a promising paradigm in microbiome analytics. This hybrid
framework could extend the current work, especially if larger datasets derived from similar
experimental in vivo conditions become available.

Biological considerations

While gut microbiota interactions are comparatively well characterized, skin microbiota
composition is shaped by interactions with microbial communities colonizing the rearing
environment (Minich et al. 2020). These environmental communities commonly exhibit
greater microbial diversity than those associated with fish hosts (Duarte et al. 2019), yet
fish skin maintains distinct microbial profiles when compared to the surrounding water
(Berggren et al. 2022). Skin microbiota structure is also influenced by captivity status
(Uren Webster et al. 2020) as well as species-specific factors (Larsen et al. 2013). Spe-
cies specificity plays a critical role in structuring gut microbiota, as evidenced in our par-
allel study (Terova et al. 2021), which reported minor dietary effects of FM-TM substi-
tution on species richness and diversity in rainbow trout, with similar trends in sea trout
(Salmo trutta) (Mikotajczak et al. 2020), but contrasting ones in Siberian sturgeon (Aci-
penser baerii) (Jozefiak et al. 2019). At the same time, however, in rainbow trout gut, tech-
nical, environmental, and host-associated factor have been shown to influence alpha and
beta diversity, with technical factors (target hypervariable region and DNA extraction kit)
affecting beta diversity, and environmental (diet) and host-associated (initial fish weight)
factors affecting alpha diversity (Cao et al. 2024). Moreover, methodological variability in
16S rRNA gene sequencing may introduce bias, potentially altering microbial abundance
estimates and affecting accurate community diversity assessment. Because these biases
depend on context and environment, establishing standardized protocols in microbiome
analysis remains challenging, thus limiting knowledge transferability across studies. Rig-
orous experimental design and methodological consistency within individual studies are
hence essential to ensure the reliability and reproducibility of findings (Pollock et al. 2018).

When considering the validation of our model and, by extension, the feature subset
identified on an external dataset, it is important to note that, although rainbow trout is a
widely used model organism in aquaculture, research on the influence of yellow mealworm
on its microbiota is relatively recent, with few studies examining the effects of different
diet formulations on the rainbow trout microbiome. While similar studies have explored
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the impact of insect meals on microbial community composition, the present study specifi-
cally focused on the development of insect-specific predictive models. This design choice
enabled models to learn patterns unique to this specific diet; consequently, meaningful
external validation would require datasets derived from rainbow trout reared under similar
conditions and fed the same insect diet. Such an approach would thus ensure that the mod-
els learn and validate features attributable to TM-induced microbiota shifts, rather than
being confounded by differences arising from alternative insect diets, which could lead to
feature misattribution, reduced performance, or misleading conclusions. This considera-
tion is particularly relevant given that microbiota profiles can vary substantially between
insect species due to differences in their composition (e.g., chitin, fatty acids, and antimi-
crobial peptides). In future work, training on datasets encompassing multiple insect types
could account for inter-insect variability, thereby enhancing model generalizability. At pre-
sent, however, to the best of our knowledge, no datasets exist within our insect-specific
framework that originate from fish reared under the same experimental conditions as those
described in the original study.

Last but not least, it is important to acknowledge that the microbiology community has
not yet defined consensus naming practices, resulting in significant inconsistencies in spe-
cies identification. Indeed, the ongoing discovery of novel microbial diversity has outpaced
the capacity of existing taxonomic frameworks established by international organizations,
thereby contributing to persistent uncertainty that best practices adherence could mitigate
(Hugenholtz et al. 2021; Oren 2024; Sanford et al. 2021). Such an imbalance between the
rate of discovery and the pace of formal classification is particularly evident in taxonomic
assignment pipelines, which are dependent on sequence databases that may not be regu-
larly updated (Edgar 2017; Jeske and Gallert 2022). Our reference article (Terova et al.
2021) performed OTU assignment through Greengenes 13.8, which, despite representing
a commonly used reference database for 16S rRNA gene-based classification, is no longer
actively maintained. Many researchers have thus transitioned to alternative solutions such
as the Ribosomal Database Project (RDP), which provides curated rRNA sequence data,
user-friendly taxonomic classifiers, and robust tools for high-throughput analysis data, and
SILVA, which offers an extensive database covering all life domains, with high-quality
alignments and frequent updates enhancing the accuracy of taxonomic assignments. In
recent years, a completely redesigned and actively maintained version, Greengenes2, has
been released, integrating multiple sources in an effort to harmonize 16S rRNA gene and
shotgun metagenomic datasets and thus enhancing its versatility when compared to its pre-
decessor (McDonald et al. 2024).

The use of the original Greengenes platform carries important limitations (Ceccarani
and Severgnini 2023; Myer et al. 2020), including the absence of newly described taxa, mis-
annotations, and missing entries resulting from taxonomic reclassifications and renamings.
Compared to more recent databases such as SILVA or RDP, moreover, Greengenes offers
limited representation of environmental and host-associated microbes, often leading to low-
resolution assignments or OTUs classified only at the domain or phylum level. However,
even with modern databases, the pace of microbial discovery can easily surpass the capac-
ity of curators to maintain fully up-to-date taxonomies. To address this issue, an alterna-
tive dual nomenclature system for prokaryotes is currently in place: the International Code
of Nomenclature of Prokaryotes (ICNP), which continues to serve as primary reference,
and the Code of Nomenclature of Prokaryotes Described from Sequence Data (SeqCode),
which has been designed to accelerate the classification of uncultured taxa by relaxing the
stringent requirements imposed by the ICNP for official recognition. Although this dual
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approach represents a considerable step forward, its long-term effectiveness remains to be
demonstrated, given the potential risk of generating multiple valid names for the same taxa
(Hitch et al. 2024).

Conclusion

As aquafeed production progresses toward more environmentally sustainable solutions,
insect meals have emerged as viable alternative protein sources necessitating thorough
assessment of their effects on the fish microbiota. In this work, we applied machine
learning to elucidate gut and skin microbiota response in rainbow trout following full
substitution of fish meal with yellow mealworm. Despite the limited dietary modula-
tion detected by conventional bioinformatic analyses, ML models showed that micro-
bial composition could be consistently traced back to dietary regimens, while variations
in feed ingredient proportions could moderately predict shifts in microbial abundance.
The observed patterns were influenced by microbial feature subsets functioning as diet-
and tissue-specific indicators across taxonomic levels, although additional validation is
necessary to confirm their discriminative accuracy in real biological differentiation sce-
narios owing to the inherent independence of ML algorithms from biological assump-
tions and the potential overfitting of ML models to limited data (Wang et al. 2015).
While computational and biological limitations remain, as the first study, to our knowl-
edge, to explore microbial abundance and dietary regimens in rainbow trout microbiota
at gut and skin level using ML approaches, our findings, albeit still exploratory, offer
a proof-of-concept methodological framework for future research across fish species,
diet formulations, and aquaculture systems, thus underscoring the complementary value
of integrating Al-driven methodologies with conventional microbiological and bioinfor-
matic analyses.
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