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Chapter 1

Introduction

IMachine Learning (ML)|and [Deep Learning (DL)| methods are increasingly applied to
omics data to model complex relationships between molecular features and phenotypic
or functional outcomes. These approaches offer substantial flexibility and predictive
power, but they also introduce methodological and practical challenges, particularly in
settings characterized by high dimensionality, limited sample sizes, and heterogeneous
data sources. As a result, the reliability and interpretability of results in omics
depend not only on model choice, but also on evaluation protocols, training strategies,
a nd experimental organization.

This PhD thesis investigates how methods can be applied more reliably and
transparently to omics data analysis. The work focuses on two complementary aspects.
The first concerns methodological choices that affect model generalization, evaluation,
and interpretability, with emphasis on DL models trained in data-scarce regimes. The
second addresses applied and technical considerations arising in real-world omics
studies, including robust model design, explainability, and the organization of complex
experimental workflows.

The contributions of the thesis are developed through a combination of method-
ological analyses and applied case studies in foodomics and agronomy. Together, these
studies aim to clarify how sound experimental practices and appropriate tooling can
strengthen applied ML research in omics, supporting results that are both scientifically
meaningful and practically reusable.
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1.1 Background and Motivation

1.1.1 Machine Learning and Deep Learning

focuses on the development of computational models that learn patterns and
relationships directly from data. Instead of relying on explicitly programmed rules,
methods infer these relationships by optimizing model parameters with respect
to a given objective function. approaches are widely used for tasks such as
classification, regression, and clustering, and they have become central tools in data-
intensive research.

is a subfield of based on artificial Neural Networks (NNs)| with multiple
layers. These models learn hierarchical representations of the input data, where
successive layers capture increasingly abstract features. Deep have demonstrated
strong performance in domains characterized by complex, non-linear relationships,
such as computer vision and natural language processing.

From a modeling perspective, the strength of and methods lies in their
flexibility and capacity to model complex relationships. At the same time, this flex-
ibility introduces challenges related to model generalization, evaluation reliability,
interpretability, and reproducibility. These challenges are particularly pronounced
when and [DI]) models are applied to high-dimensional datasets with limited sample
sizes, a setting that is common in omics data analysis.

1.1.2 Omics Data as a Machine Learning Problem

Omics technologies, including genomics, transcriptomics, proteomics, and
metabolomics, enable the large-scale measurement of molecular features in biological
systems. These datasets are typically characterized by very high dimensionality, with
thousands to millions of features, while the number of available samples is often
limited due to experimental cost and practical constraints.

From a perspective, omics data present a challenging setting commonly de-
scribed as the “large p, small n” problem, where the number of features far exceeds the
number of observations. In addition, omics datasets are often affected by noise, batch
effects, missing values, and heterogeneous measurement conditions. These properties
complicate both model training and evaluation, and they limit the applicability of
many standard statistical assumptions.

Despite these challenges, omics data provide a rich source of information for pre-
dictive modeling and pattern discovery. and [DI] methods are therefore increasingly
adopted to model complex relationships between molecular features and phenotypic
or functional outcomes. However, the successful application of these methods requires
careful consideration of model design and evaluation strategies that are adapted to
the specific characteristics of omics data.
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1.1.3 Open Challenges in Omics Machine Learning

The application of ML and [DL|to omics data raises several open challenges that moti-
vate this thesis. One major issue concerns model generalization. In high-dimensional,
small-sample-size settings, models are prone to overfitting, achieving good perfor-
mance on training data while failing to generalize to unseen samples. This risk is
amplified for DI models, which often involve a large number of trainable parameters.

A second challenge relates to model evaluation. Performance estimates obtained
from limited data can be highly sensitive to data splitting strategies and experimental
design choices. Inadequate evaluation protocols may lead to optimistic or biased
results, making it difficult to assess the true predictive value of a model or to compare
results across studies.

Interpretability represents another important concern. While models can
capture complex relationships in omics data, their predictions are often difficult to
interpret. In many applications, understanding which features drive model predictions
is essential for gaining insight into the underlying system and for building trust in the
model outputs.

Finally, the increasing complexity of experiments introduces practical chal-
lenges related to experiment management and workflow organization. Variations
in data preprocessing, model configurations, and training procedures can influence
results and make systematic comparison across experiments difficult. As studies
grow in scale and complexity, managing these aspects using ad hoc scripts becomes
increasingly challenging.

While these challenges manifest in different ways, they are closely interconnected.
Issues related to generalization, evaluation, and interpretability are often compounded
by the increasing complexity of modern [MLjworkflows. Addressing these challenges re-
quires both sound methodological choices and well-organized experimental practices.
Together, these considerations motivate the methodological and applied contributions
developed in the following chapters of this thesis.

1.2 Contributions

The ideas, methods, figures, and results presented in this thesis have been published
in peer-reviewed scientific papers, which are listed at the end of the manuscript
(in Section [3.6). In summary, the main contributions of the thesis are organized as
follows.

Chapter 2. This chapter presents methodological contributions to for omics data.
It investigates evaluation and training practices for[DL] models in high-dimensional,
low-sample-size settings, with particular focus on the interaction between and



12 Introduction

In addition, it analyzes hybrid modeling approaches that combine data-driven
learning with mechanistic constraints, framing these models from a multitask learn-
ing perspective and examining how objective formulation and task balancing affect
training stability model behavior.

Chapter 3. This chapter focuses on applied and experimental practice in omics
research. It introduces an explainable framework for wheat [Single-Nucleotide|
IPolymorphism (SNP)|data analysis that achieves statistically significant improvements
over existing benchmarks. The chapter also investigates the use of Machine Learning|
Operations (MLOps)|frameworks to support research-stage [ML workflows, demonstrat-
ing how structured experiment management can improve reproducibility, transparency,
and organization in applied agronomic studies.




Chapter 2

Evaluation Strategies and Hybrid
Models for Omics Machine Learning

This chapter focuses on methodological aspects that affect the reliability of [DL models
applied to omics data. It addresses two related challenges: the design of sound
evaluation protocols for trained on small and high-dimensional datasets, and
the optimization of hybrid models that combine data-driven objectives with mecha-
nistic constraints. Through two complementary studies, the chapter highlights how
methodological choices in training, evaluation, and loss formulation influence model
performance, stability, and interpretability, and provides practical guidance for their
application in omics research.

2.1 Introduction

models applied to omics data operate in challenging regimes characterized by
high dimensionality and limited sample sizes. In these settings, methodological
choices related to model evaluation, training procedures, and objective formulation
can have a strong impact on the reliability and interpretability of results. As a
consequence, advances in methodology are often as important as improvements in
model architectures.

This chapter focuses on two methodological aspects that are particularly relevant
for DL in omics applications. The first concerns the design of reliable evaluation and
training strategies, with emphasis on the integration of and [ES| in models.
Although these techniques are widely used in practice, their combination is often
handled inconsistently, leading to biased performance estimates or unintended data
leakage.

The second aspect addresses learning under multiple objectives in hybrid mod-
eling settings. In several scientific domains, data-driven models are increasingly
combined with biological and mechanistic knowledge to improve generalization and

13



14 Evaluation Strategies and Hybrid Models for Omics Machine Learning

enforce consistency with known system constraints. In systems biology, (Genome-Scale|
IMetabolic Models (GEMs)| and [Flux Balance Analysis (FBA)| provide a structured
description of metabolic behavior, while offer flexibility in learning from data.
Hybrid approaches that combine these components introduce multi-objective opti-
mization problems, where data-driven and mechanistic objectives must be satisfied
simultaneously.

From a methodological perspective, hybrid models raise questions that go beyond
architectural design and concern how multiple optimization objectives should be
formulated, balanced, and evaluated during training. In this chapter, these questions
are examined through the lens of multitask learning, focusing on how competing ob-
jectives influence optimization dynamics, generalization behavior, and interpretability.
The chapter addresses these issues through two complementary studies: a system-
atic analysis of evaluation practices for in omics data, and an investigation of
multitask learning behavior in aMetabolic-Informed Neural Network (MINN)|

2.2 Methodological Background

Reliable modeling in omics data analysis depends on how evaluation strategies,
training procedures, and objective formulations are defined and applied in practice.
The following sections outline methodological considerations related to these aspects,
with particular emphasis on settings characterized by high dimensionality and limited
sample sizes.

2.2.1 Model Evaluation in High-Dimensional Settings

Evaluating the performance of ML| models in high-dimensional and small-sample-size
settings is inherently challenging. In such scenarios, performance estimates can exhibit
high variance and strong sensitivity to experimental design choices, including data
splitting strategies and hyper-parameter selection procedures.

is widely used to obtain more robust estimates of model performance by averag-
ing results across multiple data partitions. However, when applied to complex models
such as deep requires careful integration with other training components,
including model selection and Improper handling of validation data or reuse of test
data during model tuning can lead to data leakage and overly optimistic performance
estimates.

In practice, these evaluation challenges manifest through subtle interactions be-
tween data partitioning, model selection, and training control mechanisms. As a
result, evaluation protocols must be specified with precision, particularly when [CV]is
combined with [ES| or [Hyper-parameter Optimization (HPO)| These interactions form
the basis for the empirical analysis developed in the first study of this chapter.
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2.2.2 Training Strategies and Regularization

Training deep in high-dimensional settings requires strategies that balance model
flexibility with the risk of overfitting. Regularization techniques are commonly em-
ployed to constrain model complexity and improve generalization. These include
architectural choices, parameter penalization, and training procedures that limit
excessive adaptation to the training data.

is one such strategy, where training is halted based on performance on a
validation set to prevent degradation of generalization performance. While effective
in practice, [ES|introduces additional methodological considerations when combined
with [CV]or as it implicitly relies on data partitioning choices.

Beyond training strategies such as controlled model capacity, parameter shar-
ing, and task-related constraints can further influence generalization behavior. Select-
ing appropriate training and regularization mechanisms is therefore a key method-
ological decision, particularly in small-sample omics settings.

2.2.3 Hybrid and Mechanism-Informed Neural Networks

In several scientific domains, purely data-driven models are increasingly combined
with domain knowledge to improve generalization, robustness, and plausibility of
predictions. This has led to the development of hybrid or informed where prior
knowledge is embedded into the learning process through architectural constraints,
custom loss functions, or optimization procedures. A prominent example is repre-
sented by [Physics-Informed Neural Networks (PINNs)|, which incorporate physical
laws directly into training.

In the context of omics data analysis, similar challenges arise. Data-driven mod-
els can capture complex relationships between molecular features and system-level
outputs, but they often require large datasets and may produce solutions that are
inconsistent with known biological mechanisms. Conversely, mechanistic models
provide structured constraints but are limited by incomplete knowledge and restricted
flexibility. Hybrid approaches aim to combine these complementary strengths by
guiding learning with mechanistic principles while retaining the flexibility of

From a methodological standpoint, hybrid and informed introduce opti-
mization problems involving multiple loss components that reflect distinct modeling
objectives. These objectives typically correspond to data fidelity terms and constraint-
enforcing terms derived from mechanistic knowledge. Training such models therefore
requires explicit design choices regarding loss formulation, scaling, and interaction.

This setting can be formalized as a form of multitask learning in which a shared
representation is optimized with respect to heterogeneous objectives rather than
multiple prediction targets. Framing hybrid models in this way enables the analysis
of task interference, objective dominance, and training stability using established
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concepts from multitask learning theory. These considerations provide the conceptual
basis for the second study presented in this chapter.

2.3 Related Works

Prior work has explored a range of strategies for evaluating in data-scarce,
high-dimensional settings, as well as for integrating mechanistic knowledge into
data-driven models. The following review focuses on how these approaches have
been implemented in practice and on the methodological limitations that remain
unresolved.

2.3.1 Model Evaluation and Training Practices in Omics Machine
Learning

A substantial body of work has examined evaluation strategies for models in
data-scarce and high-dimensional settings, with |CV|emerging as a dominant approach
for performance estimation. In parallel, [ES|has been widely adopted as a practical
regularization mechanism in training.

Despite their widespread adoption, the interaction between and [ES| has re-
ceived limited systematic analysis in the context of DI [[19, 70, 154, [156]. In many
applied studies, when combined with is integrated in an ad hoc manner, often
without clear separation between training, validation, and test data. This can lead
to unintended data leakage or optimistic bias in reported results. Prior work has
highlighted that improper evaluation protocols can substantially affect performance
estimates and undermine the comparability of models across studies [23} 40, 83} [144].

In omics-focused applications, these issues are further exacerbated by limited
sample sizes and complex data preprocessing pipelines [78], (107, [126]. As a result,
methodological clarity regarding evaluation design is critical. However, in much of
the existing literature, the interaction between [CV] and [ES|in training is handled
implicitly, without explicit discussion of its methodological implications.

2.3.2 Hybrid and Mechanism-Informed Neural Network Models

Beyond purely data-driven approaches, there is growing interest in models that
incorporate prior knowledge or mechanistic constraints. In scientific computing and
engineering, have been proposed as a way to embed physical laws directly
into the training process through constrained loss functions. These approaches aim
to improve generalization and ensure that learned solutions remain consistent with
known system behavior.
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In systems biology, mechanistic models such as provide a structured repre-
sentation of metabolic processes, often analyzed through 25, [79], [111]. While
these models offer interpretability and biological consistency, they are limited in their
ability to incorporate heterogeneous omics data. To address this limitation, hybrid
modeling approaches have been proposed that combine [NNs| with mechanistic models,
allowing data-driven components to complement structured biological constraints.

From a perspective, these hybrid approaches introduce multi-objective opti-
mization problems [51}, 92} [157]], where different loss components reflect data fidelity
and mechanistic consistency. This setting can be interpreted as a form of multitask
learning, in which shared representations are optimized with respect to multiple, po-
tentially competing objectives. Prior work has shown that such interactions can lead
to optimization conflicts and training instability if not carefully handled [51} /56, [136].

Although hybrid and mechanism-informed have demonstrated promising
empirical results, their optimization behavior is still not fully understood. In particular,
interactions between heterogeneous loss components, task dominance effects, and
evaluation choices are often addressed on a case-by-case basis. These considerations
motivate the multitask learning perspective adopted in this chapter.

2.4 Integrating Cross-Validation and Early Stopping:
Pitfalls, Bias, and Practical Guidelines for Omics
Neural Networks

2.4.1 Introduction

have achieved strong performance across several mainstream machine learning
domains, particularly in areas where large, well-curated datasets are available, such
as computer vision and natural language processing. This success has encouraged
their adoption in a variety of scientific fields, including biomedical research and, more
recently, omics-based applications.

In biomedical contexts such as medical microbiology, the increasing availability of
data has supported the use of However, their performance has generally been
more modest than in data-rich benchmark domains [[71]]. This contrast is informative
for foodomics, where are still not widely adopted, largely due to the scarcity of
publicly available datasets [26, 33 [91].

Although have achieved notable successes, their use in small, high-
dimensional datasets remains challenging. In these settings, models are prone to
overfitting and may fail to generalize to unseen data. To mitigate these risks, a
range of regularization strategies has been proposed, including dropout [133]], batch
normalization [84]], and data augmentation. Among these, [ES|is widely recognized
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as a key component in the training of (44, 68| 85|, 130, 142, [156]], and is now
standard practice in domains where are predominant [55]].

Another crucial obstacle when working on small datasets is the performance
evaluation of ML models. This is vital to ensure model robustness and reliability on
unseen data. This issue is critical for model performance assessment on both unseen
test data and validation data, in the latter case, for model selection.

techniques are widely used in scenarios with limited data, as they can offer
more robust evaluations than the train, validation, and test splitting strategy [20), [78|,
113 [159]. k-fold |CV]is one of the most commonly used methods within the family
of [CV|techniques in the literature. By partitioning the data into several subsets and
systematically using different subsets for training and validation, k-fold offers
a robust framework for model evaluation. This approach is especially pertinent in
the biomedical [11} 12} 13} 14, 64, 65, 166, 107]] and foodomics [126] fields, where
the sample size can be limited, underscoring the need for robust model performance
evaluation to guide model selection.

Despite the widespread recognition of k-fold [CV|and [ES|as critical techniques in
there is a significant gap in the literature regarding guidelines or comprehensive
research on effectively combining these methodologies within models, especially
in foodomics. While both techniques have been extensively explored individually in
many methodological papers [[19} 70, 154, [156] and practical applications [55], their
integration remains largely unexplored. This lack of methodological clarity poses a
challenge in the foodomics field, where researchers seem to implicitly propose new
methods to combine these techniques that, however, lack theoretical or empirical
analysis and support from the previous literature [48, [125] [146].

These issues are not confined to foodomics. Comparable integration problems
have been observed in bioinformatics and medical AI, where k-fold |CV|and [ES| have
sometimes been combined in ways that blur the separation between monitoring and
evaluation, or reuse the same data across and testing [23] 40, 83], (144, [153].

Both k-fold |CV] and [ES| are particularly relevant in foodomics because datasets are
often small, noisy, and high-dimensional, conditions that make especially prone
to overfitting. k-fold |[CV|maximizes the use of limited samples for evaluation, while
prevents models from memorizing the training data by stopping at the optimal
epoch. However, their integration raises a central methodological challenge: the risk
of overlap between evaluation folds and [ES|monitoring data. When the same fold is
used for both purposes, the resulting estimates can become optimistically biased, and
this effect is amplified in small-sample omics contexts.

By reviewing the recent literature, this review does not only summarize how k-fold
and [ES|have been applied in foodomics, but also highlights the critical methodolog-
ical issues that arise when combining them. We analyze recurrent problems such as
the overlap between evaluation folds and [ES| monitoring data, the use of suboptimal
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validation strategies, or the reuse of the same data across and evaluation stages.
Building on this analysis, we propose a recommended approach that addresses these
challenges and reduces risks of bias or leakage.

While our proposal cannot yet replace the need for stronger theoretical and
empirical validation, it provides a practical framework to guide future studies and
move toward more standardized practices in the field.

2.4.2 Review Methodology

This work should be considered a methodological scoping review. We followed some
systematic principles (clear query, inclusion and exclusion criteria), but the main goal
was not to cover every single study. Instead, we focused on comparing how k-fold
and [ES|were applied in Foodomics research.

We searched the literature using Google Scholarﬂ as the main database. This choice
was made because it allows full-text searches, which was important since in many
papers the use of [CV] or [ES]is not mentioned in the abstract. We only included studies
published from 2000 onward to capture recent trends.

The query used was:
food OR cheese OR wine "neural network" OR NN OR "deep learning" "early stopping"
omics OR genomic OR microbial OR bacterial OR strain OR biological "cross-validation"
OR "cross validation" OR kfold OR "k-fold"

We also checked the references of review papers on food applications and included
some additional studies from there.

The criteria were the following:

* Excluded: studies not related to food applications; studies not using genomic,
metabolomic, or proteomic data; review papers (these were only used to expand
our pool and are discussed in the Introduction Section [2.4.1)).

* Included: studies that either used k-fold or [Leave-One-Out (LOO)|[CV]or applied
in training, with the main focus on the ones that integrated both
methods.

After applying these rules, we selected 22 studies that we analyzed in detail in this
review. Rather than aiming to cover the entire field, we focused on a representative
set of works that clearly show how k-fold |CV] and [ES| have been applied in Foodomics.
This allowed us to compare the different strategies in depth and highlight common
issues and open challenges.

http://scholar.google.com/
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2.4.3 Background

This section outlines the key concepts and techniques relevant to the integration of
and k-fold |CV]in training. The focus is on how these methods are applied in the
context of foodomics, with particular attention to data characteristics, model architec-
tures, and evaluation strategies. The aim is to provide the necessary background for
understanding the methodological choices discussed in the following sections.

Omics Data

In the past two decades, high-throughput omics technologies have significantly ad-
vanced various molecular domains, including genomics, transcriptomics, proteomics,
and metabolomics. However, the omics datasets generated in these research fields
are characterized by high dimensionality and complexity, coupled with the challenge
of often limited sample sizes. These characteristics present several challenges for
computational analysis, driving the need for innovative approaches.

Foodomics Foodomics is at the intersection of these technological advancements and
the field of nutrition science, employing omics technologies to explore the molecular
characteristics of food components and their implications for health and disease. This
holistic approach goes beyond traditional food science and nutrition by complementing
it with omics analysis to enhance our understanding of food quality, safety, and
nutritional value [26].

Machine learning and deep learning

While, in recent years advanced models have been introduced, such as attention-
based transformers [140] and generative adversarial networks [57], because omics
datasets, and especially foodomics, are often small in size, simpler architectures
like [Multi-Layer Perceptrons (MLPs)|and |Convolutional Neural Networks (CNNs)| are
still the most commonly used.

are feedforward networks made up of multiple layers of neurons, as pre-
sented in Figure Each neuron processes the inputs by applying weights and a
non-linear function. This structure makes especially suitable for tabular data,
where the relationships between features are not spatial or sequential [118].

are designed to capture spatial patterns in the data and are most known for
their use in image analysis [[75]]. They apply filters to the input data to detect local
features. Although [CNNs| were originally built for image processing, they have also
been used for one-dimensional data such as spectra or sequences, making them useful
in the field of foodomics.
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Quiput layer

Input layer

Hidden layer

Figure 2.1: Structure of a[MLP|with one hidden layer. Each circle represents a neuron,
and arrows indicate the direction of data flow in this feedforward architecture.
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IRecurrent Neural Networks (RNNs)|differ from [MLPs and [CNNs| because they are
designed to handle sequential data. They include a memory component that allows
the network to consider the order of inputs over time [[131]. This makes a good
choice for time series or natural language processing. Few applications are present in
the foodomics literature [89, [120], where [MLPs| and |[CNNs| are more common choices.

Cross-Validation Techniques

These techniques are used to divide the datasets into partitions with different scopes
of training the model and evaluating it. Often, two partitions, one to train the model
and one to evaluate its generalizability to new data, are not enough, as during the
design of the model, multiple parameters and models have to be evaluated to estimate
their performance on unseen data [138]]. For this reason, generally the dataset is
partitioned into 3 disjoint sets: one for training the model, one for evaluating its
performance during model selection or hyper-parameter tuning, and a final one for
evaluating the model on unseen data.

Several techniques have been proposed in the literature for generating these
partitions. Iterative techniques, which we will present further in this section, have
been proposed for generating validation partitions from the training data; so after
an initial split of the dataset into training and testing partitions. But, as we will see
in this review, these splitting methods have also been used to generate testing splits
from the whole dataset.

Train, Validation and Test Splits In this setup the dataset is first split into training
and testing splits, and then the training split is split further into training and validation
splits (Figure[2.2). The training split is used for model training, the validation split to
assess the performance of the model for hyper parameter tuning, model selection and
in the case of the use of an [ES|mechanism is used to monitor NN|model’s performance
and halt the training process before reaching the stage of overfitting, finally, the test
split is devoted to the final model evaluation on unseen data [[154].

This data splitting strategy is often used when training on large datasets, as
on the one hand, the size of the dataset guarantees a robust evaluation, and on the
other hand, it presents a lower computation cost when compared to the iterative
techniques that will be introduced in the following subsections [54].

However, when dealing with a limited sample size, the assessment of model
performance becomes unstable due to the small size of the test and validation splits
[154] and as the training phase generally takes much shorter time, |CV| techniques are
more indicated to improve the stability of evaluations [152].
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each fold is used once as a test set, and where k equals the sample size.
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Monte Carlo Cross-Validation The simplest improvement to the train, validation,
and test splitting method is the Monte Carlo which consists of sampling the
evaluation partition repeatedly, which can be used to generate test splits if used on the
whole dataset, or to generate validation splits if applied on the training partition after
separating the testing partition from the dataset. In this setup, the model is trained
and evaluated multiple times on different train and evaluation splits (Figure [2.2)).
So, it becomes possible to evaluate the robustness of the model across the different
evaluation splits.

k-fold Cross-Validation K-fold|CV|is an improvement of the Monte Carlo [CV|method
as it guarantees that any sample of the dataset takes part to the model assessment
once. This is generally used for[HPO|] and model selection, so applied on the training
data after excluding the testing partition upstream. During k-fold the dataset
is divided into k subsets; the model training and evaluation are then repeated for
k iterations, with each of the k subsets serving as the validation set once and the
remaining subsets forming the training set (Figure [2.2). The evaluation metrics are
then averaged across the k independent evaluations, and the standard deviation
quantifies the robustness of the model [154]]. In some setups, this evaluation process
is used to evaluate the model [48|,[144]; in these cases, the validation folds serve as
test splits, and no train-test split is done upstream. This setup improves the robustness
of model evaluation on unseen data, as k-fold reduces variability by averaging
results across multiple, systematically varied test partitions.

Leave-One-Out Cross-Validation represents an exhaustive variation of
k-fold where the number of folds, £, is set to equal the number of samples. In
this approach, each observation is isolated as the evaluation set, with the rest of the
dataset serving as the training set, and the training and evaluation are repeated for
each observation of the dataset (Figure[2.2). Despite its thoroughness, is
rarely applied in practice, primarily due to its intensive computational cost.

Nested K-Fold Cross-Validation Nested |CV|extends k-fold by introducing two
loops that decouple model evaluation from In this setup, the dataset is split into
kouter folds; at each outer iteration, one fold serves as the test split for final evaluation,
while the remaining folds form the outer training split. Within this outer training
split, an inner kjyne-fold [CV]is performed for The selected configuration is then
retrained on the full outer training split and evaluated once on the outer test fold [28].
It should be noted that the computational cost of this procedure is very high, as the
model goes through kinner times and is then trained and evaluated kqyeer times.
Indeed, it can become easily impractical for large datasets or models with intensive
training.
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Early Stopping

As are highly flexible models, a crucial issue is to avoid overfitting to preserve
the model’s generalizability to new data. This issue is fundamental in the context of
small datasets, where these models can easily go to a stage of overfitting where they
learn irrelevant noise patterns from the train data split, with a consequent dramatic
degradation of generalizability [39].

In this context, among many proposed methods, validation-based generally re-
ferred to as [ES| is widely considered a crucial technique to avoid overfitting when
training [NNs| [44, [55] 168, (70, (85, 98], 130, [142].

In this setup, a portion of the dataset, disjoint from the train and test splits, is moni-
tored during the training process. The training is halted once the model’s performance
on the validation set ceases to improve, preventing the model from learning noise
or irrelevant patterns in the training data. This technique is crucial for as it
anticipates, with the validation set performance, when the model’s performance would
start to degrade on unseen data.

Regarding the [ES| mechanism, an active branch of research proposes advanced meth-
ods to trigger the stopping mechanism [[130, [142].

2.4.4 Applications in Food Omics Research

Researchers in the foodomics literature have proposed various ways to combine
and k-fold probably due to the lack of clear guidelines. However, some aspects of
these methods diverge from the best practices in the broader literature on[ML] and
(10} [70, 154].

Moreover, Figure shows that, despite more than two decades of published re-

search, there is no clear convergence or stratification of practices, with heterogeneous
strategies continuing to appear across years.

This underscores the urgent need for guidelines for integrating these techniques.

In this section, we explore these diverse techniques and give a brief analysis in
light of the available literature. First, we will present the approaches that best align
with the literature on [ES|and [CV|with: Section [2.4.4| with approaches that used k-fold
but did not use [ES] then Section [2.4.4] with studies that used [ES|but did not use
techniques, and then Section with approaches that tried to merge the two
techniques. Then, in Section |[2.4.4/ more unconventional strategies to integrate the
and k-fold |CV|techniques are presented.

For clarity, Table|2.1| provides an overview of all the reviewed studies, summarizing
their [CV] methods, [ES] strategies, integration choices, and main issues.



26 Evaluation Strategies and Hybrid Models for Omics Machine Learning

Use of ES/KFold Integration Approaches by Year
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Figure 2.3: Timeline of approaches combining and |CV]in foodomics studies. Each bar
shows the number of studies per year adopting a given integration strategy.

K-Fold Cross-Validation without Early Stopping

A portion of the literature has not employed the [ES|mechanism based on validation
data, but has proposed alternative strategies to halt the training process. These
approaches have the advantage of being often more straightforward to implement;
however, they are generally considered suboptimal in the literature as they expose
the model to the risk of overfitting the training data and are generally considered
suboptimal techniques compared to the [ES|based on a separated validation set [[70,
98].

In the case of [120], where and were trained to identify umami
peptides, k-fold was used to find optimal hyper-parameters, and the number
of training epochs was included as a parameter in this search. Then, the optimal
hyper-parameters were used to define the model to be evaluated on the test set.

In the study [89], [CNN| was used for bacterial identification from genome sequenc-
ing data. The dataset was initially partitioned into train, validation, and test splits.
However, the authors did not use the [ES|technique. Instead, the validation learning
curve was manually analyzed to determine the optimal number of epochs. Then this
number of epochs was fixed as a stopping criterion for the k-fold |[CV| evaluation on
the entire dataset to measure the generalizability of the model on unseen data. It
is worth considering that the data used to determine the optimal number of epochs
has also been included in the test sets generated during the k-fold iterations, which
could bias model evaluation. Lastly, utilized a shallow [NN], comprising only input
and output layers, trained over a fixed number of epochs to regress the trichothecene
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content in wheat.

Although alternative techniques to online [ES|based on validation data, such as
setting a fixed number of epochs, analyzing the learning curve across the entire
dataset, or defining the stopping point as a hyper parameter are generally easier to
implement, they are considered suboptimal in the literature [98]]. Fixing the number
of epochs in advance carries a high risk of overfitting, as the optimal stopping point
can vary significantly across different data splits, even when informed by prior model
runs. Furthermore, treating the number of epochs as a hyper-parameter can affect
the apparent performance of certain configurations during as differences in
training duration may confound the evaluation of the actual model architecture or
parameter choices. This may introduce noise into the optimization process and hinder
the identification of genuinely optimal settings.

Train, Validation, and Test Split with ES

Another branch of the literature opted for the train, validation, and test splitting
strategy instead of the k-fold Performance evaluation begins with the validation
set to estimate the model’s generalization capability for the purpose of and
model selection, then the best models are evaluated on the test set to assess their
performance on unseen data. In this setup, the mechanism is applied to the
validation set, which is also utilized for performance measurement. Generally, this
approach is favored in scenarios where data is plentiful, such as in computer vision
and natural language processing domains; on the other hand, it is considered unstable
in scenarios where data is limited [[154].

Among the studies implementing the train, validation and test splitting, [135]]
presented a data-driven approach for classifying food safety alerts related to chemical
and microbial contaminants in dairy products. This work utilized k-fold |[CV]for the
for the classical ML models (e.g., k-nearest neighbors and SVM) but did not
implement k-fold [CV] and for the model. Instead, the training data was
partitioned in train and validation splits, and the latter was used for the [ES|mechanism.

Similarly, [160] explored the fermentation processes of penicillin and 1-lysine using
the model. The dataset was divided into train, test, and validation splits instead
of the k-fold Also in this case, the validation set was used for [ES|monitoring. This
approach was also replicated in [4]], where the dataset was segmented into three
splits, with the validation segment serving, this time, the dual purpose of [ES| and
model selection.

Additionally, [112] employed this methodology to train an [MLP| model with a
single hidden layer for predicting various food products’ cooking stages. The dataset
was divided into training, validation, and test sets for employing the [ES| mechanism.
Notably, the authors reported that the model trained without [ES| yielded comparable
results; this could be partially due to the significant portion of the training samples
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(50%) designated for

The use of the train, validation, and test splitting strategy in conjunction with
the dynamic [ES|mechanism effectively maintains the benefits of the [ES|technique to
avoid overfitting, but, on the other hand, gives up the robustness of the k-fold
evaluation. A robust evaluation such as the one with k-fold [CV] becomes crucial when
dealing with small datasets, which is often the case in the foodomics literature, as
model evaluations can be unstable across different data splits. Moreover, the small
sample size attenuates the computational cost introduced with the k-fold

Early Stopping on the Test Data split Notably, in the literature a study employed
the [ES] technique on the test split. In the study [116], an model with one hidden
layer was used to model the pH curves of cheese products. In this setting, the dataset
is divided into only train and test splits, with the [ES| mechanism applied directly to
the test data. Monitoring test data to halt the training of the model introduces a
considerable risk of data leakage [85]], as the model is stopped when it achieves the
best fit on the test set, biasing its assessment on that data.

k-fold Cross-Validation and Early Stopping

Some studies in the foodomics literature explored the integration of both the
technique and the k-fold [CV| method. However, this integration is not straightforward,
and the lack of clear guidelines in the literature has led to the development of diverse
approaches, each implementing these techniques in different ways.

The study by [109] models the antioxidant properties of peptides using

Here, the [ES| mechanism was exclusively integrated during the k-fold training
phase. In this implementation, the [ES| mechanism in the k-fold |CV] evaluation was
based on the validation fold, which was also used to evaluate the model’s performance
for model selection.
On the other hand, when the model parametrized with the best hyper-parameters was
trained on the entire training set for the evaluation on the test set, the [ES|mechanism
was not utilized, and training was halted at the 400" epoch (as shown in Figure [2.4));
which is generally advised against in the literature [55], [130] as it can easily produce
overfitted or underfitted models.

In [147], for the identification of spoilage bacteria in milk, after dividing the data
into train and test splits, the training data was used for [HPO| with [LOO|[CV] The best
hyper-parameters were then used to build the and models for training on the
whole training set and evaluating on the test set. In this case, when training the
models with the best hyper-parameters, [ES|was employed to halt the training, but the
stopping mechanism monitored the loss on the test data split (which was then used
for model evaluation on unseen data).
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Figure 2.4: Workflow used to combine k-fold |CV|and [ES|in [[109]]. The dataset is split
into training and test sets, and k-fold |CV|is applied on the training set.

Also [150], in the analysis of fermentation liquids, the dataset was initially split
into train and test, with the first used with k-fold |CV]| for feature selection. Later, the
model was trained on the training set (using the best features) and evaluated on
the test split, similarly to [[147], the testing data was also used for the [ES|mechanism.

Using the test data for [ES| monitoring undermines the fundamental principle of
keeping test sets unseen. This approach invalidates the test evaluation and compro-
mises the credibility of the model results.

K-Fold Cross-Validation for Test Splits and Early Stopping Monitoring In certain
scenarios, k-fold |[CV|has been employed to generate test splits, an alternative to the
widely used train-test splitting setup, where the validation folds of the k-fold
function as test folds in the different k-fold iterations. This strategy produces a more
robust assessment by testing the model’s generalizability across the multiple disjoint
test splits generated by the k-fold |CV|method. However, in the study [144], the k-fold
folds were used for both: evaluating the model on unseen data and for the
mechanism (Figure [2.5). This practice diverges from established guidelines in the
literature, such as those suggested by [|68], as the test data is also used to influence
the model’s training and leads to optimistic evaluations.
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Figure 2.5: In this setup, the dataset goes through a k-fold where the evaluation
folds function as test partitions in the k iterations. In this case, the evaluation of model
performance and monitoring of the [ES|mechanism was done on the test fold.

Alternative Methods for Integrating Early Stopping and K-Fold Cross-Validation

Surprisingly, the majority of the literature explored new and unconventional strategies
for integrating the and k-fold methods in their studies. These approaches,
introduced and solely utilized by the originating researchers, stand in contrast to the
more widely adopted strategies discussed previously. By showing these approaches,
we aim to present the more unconventional solutions brought forward and highlight
advantages and discrepancies with the literature recommendations.

One Fold for Test and One for Validation This approach consists of modifying the
k-fold [CV] by allocating not only one of the £ folds for the model evaluation but also
one further fold to trigger the [ES|mechanism. The study that presented this approach
investigated the drying kinetics of sliced carrots using an [48]. The authors
implemented a pipeline where the 25% of the dataset was used for[HPO|with a 10-fold
where an additional fold served for monitoring the loss for the [ES| leaving the eight
remaining folds for training. Subsequently, another round of k-fold |CV|was conducted
to evaluate the model initialized with the best hyper-parameters found during
This time, the k-fold’s validation folds function as test splits, and the k-fold evaluation
is performed on the whole dataset, with 8 folds (Figure[2.6). A similar methodology
was also applied in a previous study by the author in modeling the drying kinetics
of the Echinacea angustifolia root [47]. In this study, a feed-forward with one
hidden layer was first evaluated on 25% of the dataset for the purpose of with a
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Figure 2.6: Alternative use of k-fold |CV|with a separate fold for |ES|monitoring. A 25%
subsample is used for and the selected hyperparameters are later evaluated using

k-fold

10-Fold [CV], where one fold was used for evaluation and another for [ES| (Figure [2.6)).
Then the best hyper-parameters configuration was used for evaluating the network on
the whole dataset, this time by using a train, validation and test splitting, where the
latter two were used respectively for [ES| monitoring and final model evaluation.

Even though this approach is unique in the foodomics literature and at least rare
in the broader field of applications, it presents some advantages: the use of
one fold for the [ES| procedure and a separate one for evaluating the model during
k-fold |CV] avoids data leakage between the split used for model evaluation and the
one for monitoring. Such unconventional designs, where monitoring and
evaluation are assigned to distinct folds, explicitly separate model selection from
model assessment. This separation helps reduce the risk of information leakage
between training, monitoring, and evaluation, thereby strengthening the validity of
the reported performance estimates.

On the other hand, the pipeline that features first an [HPO|with k-fold [CV] (on 25%
of the dataset) and then a second evaluation (in the first case with k-fold and in
the second with train, val, test splits) that involves the data used in the suggests
a risk of data leakage [22].

Inner Validation Split for Early Stopping A conceptually similar approach to the
one described in Section [2.4.4|was adopted in a series of studies on wheat breeding
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Figure 2.7: Use of an inner validation split for |[ES|during k-fold @ A portion of the
training data is reserved for [ES|monitoring while the remaining data are used for model

fitting.

using [MLPs|and [CNNs| [[125] 126, [127]. The dataset was first partitioned into training
and testing splits, and then the training samples were used for [HPO|with k-fold
Uniquely, here a portion of the training folds was allocated for [ES| monitoring, while
the validation fold was used for performance evaluation (Figure [2.7). However, in
[125, [126], a strict maximum number of epochs was also set as a hyper-parameter,
with values of 200 and 150, which may have led to potential conflicts with the
mechanism, like in the case of [88]], highlighted previously in Section [2.4.4

A comparable strategy was adopted by [121] for leaf disease classification with
CNNs|, where the validation fold, rather than the training folds, was split into two
parts: one for [ES|monitoring and the other for model evaluation.

Both these approaches present the advantage of avoiding optimistic biases given
by the [ES|based on the validation folds, as in the case of the approach in Section

Early Stopping on the Train Data Split In [155], the study aimed to classify wines
and liquors by analyzing sensor data. Here, [ES| monitoring was uniquely based on
the training data split. However, using the train data for both fitting the models and
monitoring of the [ES|is not advised in the literature; [ES|is ideally based on a distinct
data split other than the training one. Using [ES|on the training split is likely to lead to
overfitting [68]] and, eventually, expose to the risk of memorization of the training
samples [139].
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Figure 2.8: Selection of the stopping epoch from validation loss curves during k-fold
The epoch chosen from the validation curves is later used as a fixed stopping point when
retraining the model.

Best Epoch Manually Selected from Validation Curves In this study [104] about
predicting food adulteration through |[CNNs| the NN| model underwent [ES| based on
the validation fold during k-fold However, for subsequent training on the entire
dataset aimed at evaluating on a test set, the stopping epoch was predetermined based
on the intersection of training and validation loss curves observed during the prior
k-fold training iterations (Figure |2.8]).

Basing the [ES| of the training on the point where the training and validation loss
curves intersected diverges from the typical [ES|approach, which only considers the
trend of the validation loss [70]. Moreover, in the evaluation of a test set, the [ES|was
based on the k-fold |CV]iterations, which might not represent well this second learning
process.

Evaluation of All the K-Fold Cross-Validation Models on Test Lastly, in the study
by [146],[NNmodels were trained using k-fold [CV]with the [ES|mechanisms monitoring
the validation fold. In this setup, all the k£ models trained during the k-fold [CV]were
evaluated on the test set, which was previously separated from the data used for k-fold
and their metrics were then averaged (Figure [2.9). This approach was motivated
by the observation that the |CV| performances did not align with the performance on
the test split.

This approach was also followed in the study from [88]. Here, a feed-forward
with a single hidden layer is trained to determine the firmness of apple fruits through
spectral scattering imagery. The dataset was split into train and test partitions, and the
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Figure 2.9: Evaluation of all models trained during k-fold|CV|on the held-out test set.
Performance metrics from the k models are averaged.

train was used for[HPQO|with k-fold[CV] The [ES/mechanism was based on the validation
fold of the k-fold [CV| split; thus, this fold served the dual purpose of stopping the [NN[s
training with the [ES|mechanism and simultaneously assessing model performance for
the Then, the & models trained during [CV}, with the best hyper-parameters, were
evaluated on the test partition.

This approach seems to implicitly propose an ensemble model that recalls a
variation of the Bagging (bootstrap aggregating) technique. Although in this case,
the performance metrics are averaged across the 10 different models, instead of the
model predictions. Regarding the [ES| mechanism during the k-fold the use of the
validation folds for both triggering the [ES|and evaluating the model has exposed the
process to the risk of data leakage [68]].

2.4.5 Recommended Approach

As highlighted in Table many of the analyzed studies show recurrent risks such as
data leakage, biased performance estimates, or suboptimal use of This motivates
the need for clearer methodological guidelines for combining k-fold |(CV|and
Instead of the many possible implementations found in the literature, the strategy
that most consistently aligns with best practices, and doesn’t expose to the data
leakage risk, is to allocate a dedicated validation split for [ES| monitoring. This can
be done either by further partitioning the training data, as in [125} (126} [127], by
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Algorithm 1: K-Fold [CV] with inner split for

Input :Dataset D; number of folds K; ES patience P.
Output : Cross-validated performance estimate.
Partition D into K folds {F;}X_;

for k =1to K do

Dtrain ~ D \ ~7:k§

Dtest — fk;

Split Dai" into Dfit and DFS;

Train model on Dfi* with ES monitored on DES;
Restore best weights and evaluate on D'

Store test score si;

Report mean =+ std of {sx};

partitioning the validation data as in [121] (see Section [2.4.4), or by designating one
of the training folds, as in [48] (see Section |2.4.4]).

This ensures that [ES|monitoring does not overlap with the evaluation data, pre-
serving the integrity of the |[CV|estimates. It is also essential not to set overly restrictive
epoch limits, as these may conflict with

Instead, we recommend against using the validation fold of k-fold both for
monitoring and for performance evaluation (Section [2.4.4). While simpler and
commonly adopted in practice, this strategy risks optimistic bias, since the same fold
is reused for both stopping and evaluation.

To facilitate reproducibility, Algorithm[1] presents pseudocode for the recommended
approach (k-fold [CV]with an inner split for [ES]). This pseudocode block specify the
sequence of data splits, training, monitoring, weight restoration, and evaluation, and
can serve as a template for future studies.

Further theoretical and empirical work is still needed to validate these practices
in foodomics contexts. Nonetheless, adopting the outlined strategies can substan-
tially reduce risks of leakage and bias, and provide more reliable and reproducible
performance estimates.

2.4.6 Future Directions

There is still a notable gap in the literature when it comes to practical guidelines
for integrating k-fold [CV] and Future studies should not introduce additional
ad-hoc variants, but rather evaluate the approaches already used, identifying in which
settings they are effective and where they expose models to risks such as leakage
or biased estimates. This will require both theoretical analyses of their statistical
properties and empirical validation across datasets of different sizes, dimensionalities,
and noise levels.
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Moreover, similar concerns emerge in adjacent fields. In plant genomics, disease
resistance, and cancer diagnosis, for example, k-fold has been used to generate
test splits, but without specifying how [ES| monitoring was performed [50), (83 [144].
In antimicrobial resistance prediction, a conventional train, validation, and test split
with [ES|on the validation partition was adopted [153], a reasonable solution but one
that can be fragile when the data is limited. In viral genome prediction, two-stage
pipelines have been applied on the same data for both and evaluation [40], a
strategy that mirrors the leakage risks already observed in foodomics (Section [2.4.4).
Instead, [23]] applied Monte Carlo [CV]with an independent split for [ES|monitoring,
which avoids leakage but is generally regarded as less robust than k-fold Taken
together, these examples confirm that the risks of leakage or reliance on suboptimal
validation strategies are not specific to foodomics, and that clearer guidelines are
needed across several data-scarce domains.

The ultimate goal of future work should be to provide researchers with clear
and reliable tools for model evaluation, grounded in solid theoretical bases and
consistent empirical evidence. Establishing such standards would make it easier to
compare results across studies, reduce the risk of misleading conclusions, and promote
reproducibility. Over time, this could help foodomics move toward well-established
practices, similar to how the train, validation, and test split became a reference
standard in data-rich domains [138]].

2.4.7 Limitations

This review is partly limited by the fact that the reconstruction of how k-fold
and, in particular, the [ES|mechanism were applied is based only on the descriptions
provided in the papers. While these were sufficient to infer the methodological choices,
without access to implementation code a residual risk of partial misinterpretation
or oversimplification remains. Nevertheless, the approaches analyzed still provide
valuable insight, both in highlighting good practices and in revealing common pitfalls
that can guide new practitioners in designing more robust evaluation pipelines.

In addition, this review does not aim to cover every study in the wider field.
Instead, we focused on a representative set of works that met our inclusion criteria.
This choice allowed us to analyze the methodologies in depth and to identify recurring
issues and open challenges, rather than aiming for a superficial overview of the entire
literature.
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2.4.8 Conclusion

Our review of recent publications applying NNs in foodomics has revealed a landscape
rich with experimentation but lacking a unified direction. Each study we examined
has navigated the integration of k-fold [CV]and [ES|with a distinct strategy, underscoring
the field’s experimental approach toward method integration. While showcasing
the adaptability of researchers, this diversity also highlights a significant gap in the
literature: the absence of comprehensive guidelines and established approaches to
effectively combine these methodologies.

Notably, the chronological progression of the reviewed studies does not show a
clear trend toward improvement or convergence (as shown in Figure [2.3). Instead,
most of the different approaches appear to have been used uniformly in recent years,
with no dominant practice emerging. This highlights the need for common standards
and a careful review of the methods being used.

As the analysis has shown, several practices carry recurrent risks, such as data
leakage between [ES|monitoring and evaluation folds, the reuse of the same data for
and testing, or the reliance on validation strategies that are weaker than k-fold
At the same time, we highlighted approaches that offer more robust alternatives,
and we proposed a recommended implementation that minimizes these risks by
combining k-fold |CV|with an inner split for [ES| monitoring. This framework does not
replace the need for theoretical justification and broader empirical validation, but it
offers a practical starting point for future work.

Establishing clearer guidelines and validation protocols will be essential as the field
evolves. They will provide researchers with more reliable tools for evaluation, reduce
the risk of misleading conclusions, and support comparability and reproducibility
across studies. In the longer term, such standards could help foodomics converge
toward shared and stable methodological practices, improving the reliability and
comparability of studies in data-limited settings.

2.5 Hybrid Neural Networks as Multi-Objective Sys-
tems: Balancing Data Fidelity and Mechanistic Con-
straints

2.5.1 Introduction

The phenotype of a cell is a complex interplay between its metabolic network, consist-
ing of thousands of biochemical reactions, and the regulatory mechanisms controlling
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Table 2.1: Summary of reviewed studies with details on [CV] integration strategies,
and reported issues.

Reference CV method ES applied Integration strategy Issues / Notes
[120] k-fold for + separate N — epochs as hyper- Epochs tuned within k- Risk of over/underfitting
test parameter fold best config
evaluated on test set
11891 k-fold + separate test N — manual epoch selec- Epochs fixed by inspect- Possible bias: data used
tion ing validation curve be- for epoch selection also
fore k-fold @ then ap- reused in test folds
plied to all folds
[95]] k-fold + separate test N - fixed epochs Model trained for a prede-  Risk of over/underfitting
fined number of epochs
[135]] Hold-out (train/val/test) Y — on validation split train/val/test with DL models not benefitting
classical k-fold from k-fold; less robust
on small datasets
[160] Hold-out (train/val/test) Y — on validation split  Train/val/test with[ESfon ~ Unstable on small
validation set datasets
4] Hold-out (train/val/test) Y — on validation split ~ Validation split used both  Dual use of validation
for [ES] and model selec- may reduce robustness
tion
[112] Hold-out (train/val/test) Y — on validation split applied on validation =~ Reduced training size,
split; large validation por-  obtained similar results
tion (50%) without[ES]
[116] Hold-out (train/test) Y — on test split Training halted using test  Severe data leakage: stop-
data performance ping on test biases evalu-
ation
[109] k-fold + separate test Y - during k-fold only [ES|applied on validation  Final training without|ES}
fold during k-fold fi-  risk of over/underfitting
nal training on full train
set fixed at 400 epochs
1471 [LOOJCV[for[HPO[ + sepa- Y —[ES]on test split After[HPO[|[NN|trained on ~ Severe data leakage: test
rate test full train set with [ESlon  data influences training
test split
[150] k-fold for feature selec- Y—IEIOH test split After feature selection, Severe dataleakage: stop-
tion + separate test [MLP] trained on train set  ping on test biases evalu-
with[ES|on test split ation
[144] k-fold used to generate Y—on test folds Test folds used both for  Data leakage: optimistic
test splits evaluation and [ES|moni- evaluation due to test-
toring driven stopping
1471 k-fold + separate test Y- separatefold [HPOl on 25% data with ~ [ES}/eval separation avoids
k-fold: one fold for eval, leakage, but data
one for final assess- reused downstream (risk
ment with train/val/test of leakage)
48] Two-stage k-fold Y- separatefold First: [HPO[ on 25% data  [ES'test separation avoids

with k-fold, then: k-fold
eval on whole dataset. In
both cases, one fold for
eval and one for [ES)]

leakage, but data
reused downstream (risk

of leakage)

(125,126, 1271

k-fold on training + sepa-
rate test

Y - inner split from train-
ing folds

Part of train reserved
for[ES| monitoring within
each training fold, max
epochs included in[FPQ|

Clear separation avoids
leakage, [ES| may conflict
with fixed max epochs

[121]

k-fold used to generate
test splits

Y - inner split from vali-
dation fold

Validation folds subdi-
vided: one part for
one for evaluation

Clear separation between
[ES] and eval avoids leak-
age

[155]

k-fold for model evalua-
tion

N -[ES]on training split

[ES|monitored on training
loss

High risk of overfitting
and memorization

[104]

k-fold + separate test

N - intersection-based

During k-fold, stopped
at train/val loss intersec-
tion; final training with-
out [ES] fixed epochs

Final training without|ES}
risk of over/underfitting

(188 11461

k-fold + separate test

Y —|ES|on validation folds

k models trained with[ES]
during k-fold; all evalu-
ated on test split; metrics
averaged

Ensemble like model, but
metrics instead of predic-
tions averaged
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diverse cellular functions. Mechanistic models, such as provide a structured
framework to integrate and connect available biological knowledge and to study
emergent properties of cellular systems. mathematically represent cellular
metabolism, summarizing known biochemical processes within an organism. One
common approach to simulate cellular behavior using |(GEMs|is |Constraint-Based Mod
Among these methods, is particularly notable. applies linear
programming to optimize the distribution of metabolic fluxes, typically maximizing
an objective such as biomass production under stoichiometric and environmental
constraints. However, the predictive power of mechanistic models like is limited
by the completeness of current biological knowledge. Moreover, often admits
multiple feasible solutions. In such cases, parsimonious Flux Balance Analysis (pFBA)|
is commonly used to select the solution with the lowest overall flux, based on the
assumption that cells minimize enzyme usage [[79]. While effective in many scenarios,
this assumption represents a simplification that does not fully capture the complexity
of cellular regulation.

On the other hand, data-driven models can extract patterns from high-
dimensional datasets, such as multi-omics data, without requiring explicit mechanistic
assumptions. These models often demonstrate strong predictive performance, but
their application in biology is limited by the scarcity of large, well-annotated datasets,
due to experimental cost and complexity. In recent years, approaches have been
explored for metabolic flux prediction using multi-omics data. Although remains
the standard mechanistic framework for this task, integrating omics information into
pipelines remains challenging [92]]. Notably, recent work has shown that purely
[ML}based models trained on omics data can outperform [FBAtbased approaches in flux
prediction [56].

Given the complementary strengths and limitations of mechanistic and data-driven
approaches, there has been growing interest in combining [ML| with (GEMIbased model-
ing [157]. Hybrid models aim to integrate mechanistic knowledge into learning-based
frameworks, leveraging biological constraints to guide model predictions. Recently,
[51] introduced artificial metabolic networks, a [NN|framework embedding con-
straints into the learning process, and demonstrated its effectiveness in predicting
microbial growth rates from environmental conditions.

In this work, we build upon this line of research by adopting one of the hybrid
configurations proposed by [51]] and extending it to integrate multi-omics data as
input. The resulting architecture, referred to here as a combines a data-driven
[NN|with a mechanistic layer enforcing constraints. The focus of this study is not
on proposing a new hybrid architecture per se, but on addressing a central challenge
that arises when training such models: the coexistence of competing optimization
objectives.

In particular, when experimental flux measurements are not fully consistent with
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the solution space defined by constraints, the optimization of data-driven ac-
curacy and mechanistic feasibility can become conflicting. Naively optimizing both
objectives simultaneously may lead to unstable training dynamics or biased solutions.
In this context, we frame the learning problem as a multitask setting, where fitting
experimental data and satisfying mechanistic constraints are treated as distinct but
coupled learning objectives.

To address this challenge, we investigate training strategies that dynamically
balance these objectives during learning. Rather than assigning fixed weights to
the data-driven and mechanistic losses, we explore multitask learning approaches
in which training is initially guided toward mechanistic feasibility and progressively
shifts toward data-driven accuracy. This curriculum-style optimization allows the
model to first converge to biologically plausible solutions before refining predictions
based on experimental data.

We evaluate this approach using the dataset analyzed by [56], which characterizes
the metabolic behavior of Escherichia coli under different growth rates and single-gene
knockouts [67]. As previously observed, experimentally measured fluxes may lie
outside the feasible space of the exacerbating the conflict between mechanistic
and data-driven objectives [136]]. We therefore investigate several strategies to
mitigate this conflict within the multitask training framework.

To summarize, in this work:

* We study the training of hybrid mechanistic—data-driven models from a multitask
learning perspective, focusing on the dynamic balancing of mechanistic and
data-driven objectives.

* We implement and evaluate a [MINN]| architecture with multi-omics integration
using an early concatenation strategy.

* We benchmark the predictive performance of the proposed approaches against
pure [ML] methods on the dataset from [67].

* We investigate the impact of inconsistencies between experimental flux data and
the solution space.

* We explore and compare different hybrid optimization strategies to manage
conflicts between learning objectives.

Through these analyses, we provide a methodological perspective on how hybrid
models can be trained effectively when mechanistic and data-driven objec-
tives compete. The results highlight the importance of training strategies in hybrid
modeling and demonstrate how multitask optimization can improve both predictive
accuracy and biological plausibility. In addition, this work aims to serve as a practical
guide for selecting suitable configurations depending on the specific modeling
objective.
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2.5.2 Related Works
Genome-Scale Metabolic Models and Flux Balance Analysis

GEMs| are comprehensive reconstructions of an organism’s metabolic network, rep-
resenting the set of biochemical reactions encoded by its genome. They provide a
structured and formalized representation of metabolism by integrating information on
genes, enzymes, metabolites, and reactions [[100, [114]. have been developed
primarily for microorganisms, but reconstructions also exist for more complex systems,
including multicellular organisms.

A typical microbial includes hundreds to thousands of reactions and metabo-
lites, with increasing complexity in multicompartment organisms such as yeast [132].
To analyze such large-scale networks, approaches are commonly employed.
Among these, is one of the most widely used methods. relies on the steady-
state assumption, under which metabolite concentrations are assumed to remain
constant over time, and metabolic fluxes are constrained by stoichiometry and reac-
tion bounds [125, 111].

Under this formulation, metabolism can be expressed as a linear programming
problem, where a feasible flux distribution is obtained by optimizing a predefined
objective function, most commonly biomass production or the yield of a specific
metabolite. While this formulation enables efficient simulation of metabolic behavior,
stoichiometric constraints alone are often insufficient to identify biologically realistic
flux distributions. As a result, solutions are typically refined by incorporating
additional context-specific constraints, such as nutrient availability or measured
exchange fluxes, derived from experimental data or prior assumptions [115].

Despite its success, often admits multiple feasible solutions that satisfy the
same constraints and objective. To address this ambiguity, is frequently adopted
to select solutions with minimal overall flux, based on the assumption that cells tend
to minimize enzyme usage. While this assumption has proven effective in many
applications, it represents a simplified view of cellular regulation and may fail to
capture more complex metabolic strategies under certain conditions.

Integrating FBA and ML for Enhanced Metabolic Predictions

As discussed above, provides a powerful framework to exploit the information
encoded in for predicting cellular metabolic behavior. However, it presents
several limitations. First, its predictive accuracy strongly depends on the availability
of experimentally measured exchange fluxes. Second, the integration of multi-omics
data is challenging, as measurements must be translated into flux constraints through
iterative and often manually curated procedures. Third, [GEM}based approaches
focus exclusively on metabolism and typically do not capture the broader cellular
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state. Finally, solutions often favor high-yield metabolic strategies, potentially
failing to represent alternative phenotypes characterized by high-rate, low-yield flux
distributions [46, [139].

In parallel, approaches have gained attention as an alternative for metabolic
prediction tasks, driven by their ability to extract patterns from high-dimensional data
without explicit mechanistic assumptions [7, 56, [151]. While models can achieve
strong predictive performance, their application in microbial physiology is limited
by the small size of available datasets and by their black-box nature, which hampers
mechanistic interpretability. At the same time, this flexibility makes models well
suited for integrating heterogeneous data sources, including omics layers that cannot
be directly incorporated into

Motivated by the complementary strengths of mechanistic and data-driven ap-
proaches, several studies have explored their integration. As reviewed in [[124] and
[157], most existing methods rely on loose couplings, where is used either to
generate inputs for [38],173,[103] or to post-process outputs [36], 93]]. While
effective in specific settings, these approaches do not fully integrate mechanistic
constraints within the learning process.

To date, only a limited number of works have proposed hybrid models that tightly
couple and [51] introduced Artificial Metabolic which embed
constraints directly into a through a mechanistic layer and a custom loss function,
following the paradigm of knowledge-informed such as [37]. More
recently, [60] proposed FlowGAT, which combines structure and solutions
within a graph to predict gene essentiality.

The models considered in this work build upon the AMN framework and
represent a tightly integrated hybrid approach that combines constraints with
multi-omics inputs for flux prediction. In this study, we further develop this framework
by focusing on the optimization challenges that arise when data-driven objectives and
mechanistic constraints are not fully aligned, and by exploring different strategies to
mitigate conflicts between these competing objectives during training.

Multi-Task Learning and Multi-Objective Optimization

Multi-task learning (MTL) refers to the joint optimization of multiple learning ob-
jectives using a shared model representation [27]]. By leveraging common structure
across tasks, MTL can improve generalization and robustness compared to training
separate models for each objective. In many practical applications, however, different
tasks may not be fully aligned and can introduce competing optimization pressures
during training.

A common approach to MTL consists of minimizing a weighted sum of task-specific
loss functions. While simple to implement, this strategy implicitly assumes that tasks
are compatible and that fixed loss weights can adequately balance their contributions.
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When tasks compete, static weighting schemes may lead to unstable training dynamics
or solutions that overly favor one objective at the expense of others.

To address these limitations, several works have framed multi-task learning as
a multi-objective optimization problem, where each task corresponds to a distinct
objective [129]. In this formulation, the goal is not to minimize a single scalar loss, but
to identify solutions that achieve a suitable trade-off between competing objectives,
often characterized through Pareto-optimality. This perspective has motivated the
development of dynamic task-balancing strategies, including gradient-based methods
[30], uncertainty-driven weighting [32], and scheduling approaches that adapt task
importance during training.

This framework is particularly relevant for hybrid mechanistic—data-driven models.
In such settings, mechanistic constraints introduce objectives that may conflict with
data-driven predictive accuracy, especially when experimental observations are not
fully consistent with the underlying mechanistic assumptions. Treating these objectives
as separate tasks provides a principled way to analyze and manage their interaction
during optimization.

In the context of the framework, fitting experimental flux measurements
and enforcing [FBA| constraints naturally define two competing learning objectives. The
hybrid optimization strategies explored in this work - such as dynamic loss weighting
and scheduled emphasis on mechanistic consistency - can therefore be interpreted as
multi-task learning mechanisms. These approaches guide the training process toward
mechanistically feasible solutions in early stages, before progressively shifting the
focus toward improving data-driven predictive performance.

2.5.3 Methods

Dataset

The dataset analyzed in this work was originally published by [67]] and consists of
29 chemostat experiments, in which E. coli was grown in glucose minimal medium.
Wild-type strain K-12 was grown at 5 different dilution rates (D = 0.1, 0.2, 0.4, 0.5,
and 0.7 hfl), while 24 different single-knockout mutant strains were cultivated at
fixed dilution rate (D = 0.2 h™'). The same dataset was already used by [56] to test
traditional ML) for the prediction of metabolic fluxes from multi-omics data.
The dataset includes transcriptomic, proteomic, and fluxomic measurements. Tran-
script levels of 79 genes were measured using microarrays, while LC-MS/MS quan-
titative proteomics was used to quantify 60 proteins. *C-labeled metabolomics
experiments were analyzed with MFA to estimate 47 metabolic fluxes: 37 reactions
of the central carbon metabolism, 9 exchange fluxes (production or consumption of
external metabolites) and biomass growth.

The metabolic model used by [[67] to perform MFA is a core model that mainly rep-
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resents the central carbon metabolism of E. coli and how it connects to the measured
external metabolites. This model is much smaller and less complete than the
[52] integrated in the For this reason, the fluxomics data from [67] lie outside
the solution space [[136]. In most of our analyses we used the original fluxomics
data, to highlight the ability of the to reconcile MFA fluxomics data with the
structure of the full-size However, to investigate the impact of this discrepancy,
we repeated some of the analyses with a second set of fluxes, now residing in the
solution space. This second set of fluxomics data is composed of the fluxes with the
minimum Euclidean distance from the original ones, following an approach detailed
in the supplementary material of [92]] and we refer to it as fit data.

GEM preparation

In this section we describe all the genome-scale metabolic reconstructions utilized to
build the [MINNEk. The most recent [GEM] available for E. coli K-12 is iMLJ1515 [101],
but we opted for iAF1260 [52]]. The two differ mainly for the more comprehensive
coverage of accessory pathways of {MLj1515, which are relevant in complex environ-
ments like the human gut, but not for growth on minimal medium. On the other hand,
the size of the can heavily affect the complexity of the MINN}: using a smaller
[GEM]would improve the efficiency of our hybrid model by reducing the computational
resources required for training. iAF1260 is reasonably smaller than MLj1515 (2382
reactions vs. 2712) and is also the same model used by [56] in their analyses.

We applied two reduction strategies to decrease model complexity. First, Flux
Variability Analysis (FVA) was used to remove reactions with zero flux under glucose
minimal medium conditions, yielding the FVA-reduced Second, following [51],
we generated 2000 [FBA|simulations under randomized glucose uptake rates and single-
gene knockouts, and removed reactions consistently carrying zero flux, obtaining the
[FBAtreduced To investigate the impact of an extreme decrease in the genome-
scale reconstruction size, we also built a using the e coli_core model [110], a
manually reduced focused on central carbon metabolism, which is the smallest
model available in the BiGG database.

In Table 2.2l we summarize the dimensions of each [GEMl The [GEMs were down-
loaded from the BiGG database ([74]) and handled/modified using CBMPy 0.8.4
([108]). In each model, reversible reactions were split into a forward and a reverse re-
action using the built-in CBMPy function cbmpy .CBTools.splitReversibleReactions.

MINN architecture

This study introduces a [MINN]| architecture designed to predict multiple fluxes us-
ing multi-omics data, which provide key insights for metabolic predictions but are
challenging to integrate with ([92]). Figure illustrates the structure of our
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GEMs
GEM name original splitted reactions reduced and splitted reactions
iAF1260 2957 NA
iAF1260 FVA-reduced 2957 1873
iAF1260 FBA-reduced 2957 587
e coli_core 115 NA

Table 2.2: Dimensions of all the used in this analysis

architecture, built to predict fluxes measured in the dataset from [67] using
proteomics, transcriptomics, and the measurements of two exchange fluxes, namely
(R_EX glc D e, R EX 02 e). The data are integrated using an early concatenation
strategy [3]], where the three omics datasets are combined into a single matrix that is

fed into the

NN layer ]

®

Vo

r

Mechanistic Layer

TN T

V=V+W
V
Vout
v
[ custom Loss }

Figure 2.10: Schematic representation of the architecture. Multi-omics inputs
(proteomics, transcriptomics, and exchange fluxes) are concatenated and passed through a
feed-forward|NN|to produce an initial flux estimate, which is then refined in a mechanistic
layer to obtain the final flux distribution.

The first component in Figure is a feed-forward [NN|whose input dimension
equals the number of data features d;,, and whose output dimension equals the number
of reactions in the doui-The output V; represents the [NNJs initial guess for the flux
distribution. The second component, the mechanistic layer in Figure [2.10}, consists of
a gradient descent optimization loop. The mechanistic layer refines V{, by performing
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a gradient-descent step on the loss Lrpa, producing the final prediction V,,;. The
INN| weights are trained using a standard back-propagation algorithm and a custom
loss function that considers both the data error and the constraints Lynn.

To formalize this, let the input data be X € RV*d» where N is the mini-batch
dimension in the back-propagation algorithm and d;, is the number of features of X.
The first[NN] part can be expressed as:

‘/0 — O'(XWh +bh)WOUt _’_bout (21)

with ¢ the ReLU activation function, W € R%n*dn ph ¢ RIxdn Jout ¢ RInxdout
bout € RIxdout | the weights matrices and the biases of the input and hidden layer
respectively, where d,, is the hidden layer dimension and d,,; is the output dimension,
which coincides with the dimension of the flux distribution. Then, Vj, is refined in the
mechanistic layer through a gradient descent optimization. For simplicity, the notation
refers to the simple case when the loop has one iteration:

aLFBA

‘/out:‘/_lr oV

(2.2)

1 1 1
Lypa = —|SV > + —|ReLU(PyV — Vi)|> + —|ReLU(=V)|?
m Nin n

The first element represents the steady-state constraint of with S as the
stoichiometric matrix of the The term m denotes the number of metabolites
and serves as the normalization term. The second element represents the upper-
bound constraint on the vector of fluxes V;,. Here, P,, represents the projection
matrix that projects the flux distribution vector V' into the dimension of V,,, while
the normalization term n,, stands for the number of bounded fluxes. Lastly, the last
element symbolizes the lower bound constraint, which is required since the is
built to ensure that all the fluxes are positive.

The custom loss used to train the weights of the is:

Prev %e
= WPl =Vl Ly L Rerupay - v+ LRetui- v @)
re Nin

where V,.; is the vector W1th the measured fluxes and P,.; a projection matrix
that projects V' to the dimension of V,.;; while the other elements represent the
constraints and are the same of Lyp4.

In [51], the authors used [Mean Squared Error (MSE)|as L; because they wanted to
predict a single flux, specifically the growth rate. In our work, we use the Normalized
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Error (NE) [56] to have a scale-invariant L; when predicting multiple fluxes in order
to avoid favoring reactions with higher flux values.

In addition, during our analysis a conflict between the data-driven and mechanistic
losses emerged. In order to mitigate this issue, we multiply L1 with a constant c,
which allow us to adjust the balance between the two losses:

LyiinN-balanced = €+ L1 + Lo + L3 + Ly (2.4)

The ¢ constant becomes a hyper-parameter of the model, tuned using k-fold
and the optimized value determines the best balance between L; and (L, + L3 + Ly).

Hybrid Optimization Strategies for Data-Driven and Mechanistic Integration
Equation [2.3| shows that the training objective is composed of two competing
components: a data-driven loss, L;, which promotes agreement with measured fluxes,
and a mechanistic loss, Lrp4, which penalizes violations of flux balance constraints.
In Equation [2.4], we introduced a coefficient ¢ to control the relative importance of
these two objectives, either through manual tuning or [HPO|

While this static weighting provides a first level of control, it treats the optimization
as a single-objective problem and assumes that a fixed trade-off between data-driven
accuracy and mechanistic consistency is optimal throughout training. In practice,
however, these objectives are often in conflict and operate at different scales, making
a fixed weighting suboptimal across training stages.

We therefore frame training as a multi-objective optimization problem and
introduce three complementary strategies to dynamically balance the data-driven and
mechanistic objectives during training. These approaches are designed to manage
the trade-off between predictive accuracy and mechanistic fidelity, while explicitly
accounting for differences in loss scale and learning dynamics.

Bound on Mechanistic Loss The first strategy introduces a bound on the mecha-
nistic loss to prevent the model from excessively violating flux balance constraints in
pursuit of improved data-driven performance. A fixed threshold is defined for Lyp4,
and when this threshold is exceeded, a multiplicative penalty is applied to amplify the
contribution of the mechanistic loss.

This approach softly constrains the optimization within a feasible region defined
by the mechanistic model, discouraging solutions that diverge too far from biologically
plausible flux distributions. Figure provides a graphical illustration of this
mechanism, showing how the loss function transitions from a linear regime to a
steeper penalty once the threshold is crossed.
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Loss Medification with Bound=1.0 and Multiplicative Factor=10
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Figure 2.11: Illustration of the mechanistic loss bound. The original loss (blue dashed
line) increases linearly, while the modified loss (orange line) grows more rapidly once
the mechanistic loss exceeds a predefined threshold (red vertical line). This mechanism
penalizes excessive violations of flux balance constraints during training.

Loss Balancing To address differences in scale between the data-driven and
mechanistic losses, we also employed a loss balancing strategy inspired by [62]. In
this approach, each loss term is normalized by the exponential moving average of its
recent values. This normalization ensures that both objectives contribute comparably
to gradient updates, preventing one loss from dominating the optimization due to
scale alone.

By dynamically adjusting the relative magnitude of each loss, this strategy promotes
more stable training and allows the model to jointly optimize both objectives without
requiring manual tuning of fixed weights.

Loss Weight Scheduler Finally, we implemented a dynamic loss weight sched-
uler to explicitly control the relative importance of the mechanistic and data-driven
objectives over the course of training. In the initial phase, the scheduler assigns greater
weight to the mechanistic loss, guiding the model toward solutions that satisfy flux
balance constraints. As training progresses, the scheduler gradually shifts emphasis
toward the data-driven loss, allowing the model to improve predictive accuracy once
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it has converged to a mechanistically plausible region of the solution space.

This curriculum-style optimization strategy reflects the sequential priorities of
the learning process and provides a practical way to manage competing objectives.
Figure illustrates the evolution of loss weights over training epochs.

0.4

Iterations

-~ =

—— Data Mecha
driven stic

Figure 2.12: Dynamic loss weight scheduling strategy. Training begins with a stronger
emphasis on the mechanistic objective and progressively shifts toward the data-driven
objective, allowing the model to first align with flux balance constraints before focusing
on predictive performance.

Together, these strategies provide a structured framework for balancing predictive
accuracy and mechanistic fidelity in hybrid models, enabling controlled exploration of
trade-offs between data-driven learning and constraint enforcement.

Computational setup

We adopted the same evaluation pipeline for all our MINN]| configurations to evaluate
the performance and have a fair comparison with the results obtained by [56].
It consists of a dual-loop [CV] process. The outer loop is a leave-one-out, and in each
train loop, there is an inner loop of a k-fold with £ = 5 to tune the hyper-parameters.
The tuning concerns the dimension of the first hidden layer, the learning rate of the
the intensity of dropout and L2 regularization, and the ¢ constant for the L; loss
in the case of the MINN-c-balanced. For a consistent comparison with the work of
[56], we employed identical metrics to evaluate all our experiments: the regression
coefficient R?, the Mean Absolute Error (MAE)| the Root Mean Squared Error (RMSE)|
and the normalized error (NE). As described later, in some of our results, we also
report the L, as a metric to measure the quality of the predicted flux distribution.
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2.5.4 Results and Discussion

This work investigates how mechanistic constraints and data-driven objectives can
be jointly optimized in hybrid neural-mechanistic models. While we report standard
performance comparisons against pure approaches and mechanistic baselines such
as the primary focus of this analysis is on understanding and controlling the
trade-off between predictive accuracy and mechanistic consistency within the
framework.

For clarity, we organize the results into three complementary groups. The first
group (Table [2.3) establishes a performance baseline by comparing against
pure methods reported in [56], evaluating predictive accuracy on the 45 refer-
ence fluxes measured in the dataset. The second group (Table addresses the
core methodological contribution of this work by comparing different strategies for
mitigating conflicts between data-driven and mechanistic objectives, assessing both
flux prediction accuracy and the quality of the inferred flux distributions using L, as a
proxy for mechanistic consistency.

MINN to predict measured fluxes

In the first group, as a baseline, we used the architecture with an [MSE) as
L, (MINN-MSE-base), as in [51]. As shown in Table the results are already
comparable with a Random Forest (RF), the best method in [56], and better than
the approach. To avoid potential bias from the large discrepancies (up to two
orders in magnitude) between the values of the fluxes we are predicting, we replaced
the in L, with a NE. As detailed in the Section we multiply Z; with a
constant ¢, optimized during the This method, incorporating the ¢ parameter,
is referred to as MINN-c-balanced, while the one without this adjustment as MINN-
unbalanced. Although the change from to NE ensures a scale-invariant L, it
also reduces its magnitude, amplifying the conflict between losses as the mechanistic
constraints gain more influence. For this reason, the MINN-unbalanced obtained
worse results w.r.t. the MINN-MSE-base, but the MINN-c-balanced shows the best
results, achieving comparable or better performance than the RF in three out of four
metric averages.

Moreover, the MINN-c-balanced shows a marked reduction in standard deviation
across splits. This suggests that the inclusion of biological constraints stabilizes
the learning process, reduces overfitting, and leads to more robust and consistent
predictions across the 29 leave-one-out evaluations.

Overall, these results indicate that the achieves predictive performance
comparable to, and in some cases exceeding, that of pure ML methods such as random
forests and purely mechanistic approaches such as In addition to predicting
individual flux values, the infers complete flux distributions, similarly to
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Dataset from [67]]

Model R? MAE RMSE NE

pFBA* 0.823 = 0.156 0.692+£0.733 1.058 £1.029 0.381 +0.185
NN* 0.967 = 0.036 0.652+£0.945 0.936 =1.314 0.338 &+ 0.338
RF* 0.970 £ 0.037 0.507 £0.804 0.729+£1.105 0.2714+0.347
MINN-MSE-base 0.950 £ 0.060 0.5254+0.525 0.736 =0.703 0.287 4+ 0.282
MINN-unbalanced 0.951 +0.051 0.563 £0.739 0.814 4+ 1.067 0.325 4 0.442
MINN-c-balanced 0.950 +0.055 0.473 +£0.480 0.678 £ 0.653 0.272 4 0.280

Table 2.3: Comparison of predictive performance between our proposed MINN-based
approaches and purely mechanistic and methods from [56]]. Metrics average and
standard deviation over 29 leave-one-out splits.

*results from [|56]

based simulations.

The challenge of predicting multiple fluxes with heterogeneous magnitudes was
effectively addressed by replacing the with the normalized error (NE) in the
data-driven loss term and introducing the balancing coefficient ¢ to control the relative
contribution of data-driven and mechanistic objectives. This design choice mitigates
scale-induced imbalances between losses and improves both predictive accuracy and
training stability.

Together, these results establish the as a strong baseline relative to both pure
and purely mechanistic approaches. Importantly, they provide the reference point
for the analyses that follow, where the focus shifts to understanding how different
optimization strategies influence the trade-off between data-driven performance and
adherence to mechanistic constraints.

Balancing data-driven accuracy and mechanistic consistency

In this section, we analyze how different design and optimization choices affect
the balance between predictive accuracy and adherence to mechanistic constraints
in the In particular, we focus on the issue of conflicting objectives arising
from the joint optimization of data-driven and mechanistic losses, as introduced in
Section

We investigate this problem from two complementary perspectives. First, we
examine the impact of inconsistencies between the reference flux data and the feasible
solution space of assessing how alignment with mechanistic constraints influences
the quality of the predicted flux distributions. Second, we study how different
hybrid optimization strategies explicitly control the trade-off between data-driven
performance and mechanistic consistency during training.
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Unless stated otherwise, all comparisons use the MINN-c-balanced configuration
as a baseline, as it provides the best overall predictive performance among the tested
models.

In the first case, we compare it with a configuration of the same MINN-c-balanced
which uses different fluxes data, recalculated to be in the solution space of FBAl We
described this process in section. As shown in the first section of Table this
approach, named MINN-c-balanced fit, does not reduce the quality of the fluxes
prediction, represented by the four metrics, but it improves thel, by reducing its
value by a third.

The results show that maintains strong predictive performance even when
the flux data are not in the solution space. This suggests that its data-driven
component can compensate for deviations from mechanistic constraints. However,
using flux data that aligns with the solution space improves the quality of the
predicted flux distribution. This correction makes the optimization process easier by
alleviating the issue of conflicting losses.

Regarding the hybrid optimization strategies, we compare the MINN-c-balanced
with three other methods previously introduced in Section [2.5.3} MINN-bound, which
penalizes violations of the mechanistic loss that exceed a threshold; MINN-scheduler,
which gradually shifts the focus from mechanistic to data-driven loss during training;
and MINN-scheduler-bound, which combines both approaches. From the second section
of the table, we observe that the MINN-c-balanced model achieves the lowest
indicating the best performance on the data-driven task. However, this comes at the
cost of a higher L,, suggesting a trade-off where improved performance is achieved
at the expense of mechanistic fidelity. On the other hand, the models incorporating
a mechanistic bound, such as MINN-bound and MINN-scheduler-bound, show a small
increase in and a modest reduction in L., suggesting a limited effect on
improving the trade-off between mechanistic accuracy and data-driven performance.
Interestingly, the MINN-scheduler model finds a better compromise between these
objectives: at the cost of a moderate RMSE worsening, it achieves the lowest L, by a
consistent margin. This demonstrates the strength of dynamic scheduling in keeping
the solution close to the feasible space, without heavily impacting data-driven
performance.

Figure provides a visual comparison of the performance of these methods,
focusing on the trade-offs between mechanistic fit and data-driven task performance.
The MINN-scheduler model demonstrates a balanced performance across both objec-
tives, with a moderate decline in data-driven accuracy but a substantial reduction
in mechanistic loss, positioning it much closer to the feasible solution. On the
other hand, the models incorporating a mechanistic bound (MINN-bound and MINN-
scheduler-bound) show improvements in mechanistic fit but at a comparable cost in
terms of data-driven performance.
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Figure 2.13: Comparison of different methods based on data-driven task performance
and mechanistic fit (L, loss), highlighting the trade-off between the two objec-
tives.

These results highlight a clear trade-off between optimizing for mechanistic fidelity
and predictive accuracy. While the MINN-c-balanced method achieves the lowest
RMSE] indicating better performance on the data-driven task, its high mechanistic loss
shows that the model prioritizes predictive accuracy over adherence to mechanistic
constraints. The models imposing a bound on the mechanistic loss, MINN-bound
and MINN-scheduler-bound, show a even more evident trade-off between these
objectives. While they slightly improve the mechanistic fit, this comes at the cost of
data-driven performance. In contrast, the MINN-scheduler method effectively reduces
the mechanistic loss, with only a marginal increase in RMSE

Overall, these results highlight an inherent trade-off between predictive accuracy
and mechanistic consistency in hybrid neural-mechanistic models. While static loss
balancing can optimize data-driven performance, it does not fully resolve conflicts
between objectives. Mechanistic bounds offer limited improvements, whereas dynamic
scheduling provides a principled and effective way to navigate this trade-off.

In applications where mechanistic plausibility of the full flux distribution is critical,
dynamic optimization strategies such as MINN-scheduler represent a robust solution,
enabling controlled transitions between mechanistic alignment and data-driven re-
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finement during training.

Finally, we evaluate a purely data-driven variant of the model, referred to as MINN-
divided loss, in which the mechanistic component is entirely removed (Lymw = L1).
As shown in the third part of Table this configuration yields only marginal
improvements in predictive performance, while causing a dramatic increase in the L,
loss by several orders of magnitude.

This result confirms that the regularization effect responsible for producing biolog-
ically coherent flux distributions arises exclusively from the mechanistic layer. While a
purely data-driven loss may suffice for pointwise flux prediction, explicit mechanis-
tic constraints are essential to recover meaningful and qualitatively consistent flux
distributions.

2.5.5 Conclusion

This work builds upon the hybrid neural-mechanistic framework introduced by [51],
which integrates a genome-scale metabolic model within a to predict E. coli
growth rates. We extend this approach by formulating a that incorporates multi-
omics data and addresses a more demanding prediction task: estimating intracellular
metabolic fluxes across multiple E. coli single-gene knockout strains grown under
minimal glucose conditions.

Our results show that the achieves predictive performance comparable to,
or better than, traditional approaches, while benefiting from a regularizing effect
induced by mechanistic constraints. Beyond performance, we systematically analyzed
how different architectural components and training choices influence both prediction
accuracy and consistency with flux balance assumptions.

A central contribution of this study is the analysis of optimization conflicts that
arise when data-driven objectives and mechanistic constraints are not fully aligned.
By explicitly framing this setting as a multi-objective optimization problem, we in-
vestigated how different hybrid optimization strategies affect the trade-off between
predictive accuracy and mechanistic fidelity. The proposed strategies provide practical
mechanisms to control this balance during training, rather than relying on fixed or
implicit assumptions.

For multi-omics integration, we adopted an early concatenation strategy. While this
choice enabled a clear assessment of the hybrid learning dynamics, more advanced
integration schemes may further improve predictive performance, as suggested in
recent work [24]]. Future extensions of the framework could therefore explore
mixed or hierarchical integration strategies.

Assessing the interpretability and biological plausibility of predicted flux distribu-
tions remains an open challenge. As an initial step, we monitored the L, distance to
flux balance constraints as a proxy for mechanistic consistency, providing a quantita-
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tive measure of how closely predictions adhere to [FBA|assumptions.

The framework was evaluated exclusively on E. coli, a well-studied model organism.
Extending this approach to other microorganisms and to scenarios involving more
complex or secondary metabolic pathways represents an important direction for future
work, where the complementary role of mechanistic knowledge may become even
more pronounced.

Overall, this work provides practical guidance for selecting configurations
based on modeling objectives. When predictive accuracy is the primary goal, the
standard configuration is sufficient. When improved mechanistic consistency
is required, the hybrid optimization strategies proposed here can be used to reduce
constraint violations while preserving good predictive performance.

2.6 Discussion and concluding remarks

The contributions presented here focus on methodological aspects of model training
and evaluation, including loss formulation and optimization strategies, and show
how these choices critically shape the reliability and interpretability of [DL|results in
high-dimensional, small-sample omics settings.

The first study highlighted how widely adopted practices such as k-fold and
can interact in unintended ways when applied to By systematically review-
ing existing literature and common implementations, we showed that inconsistent
integration of these techniques can introduce bias, data leakage, or overly optimistic
performance estimates. The proposed evaluation framework provides a practical
guideline to mitigate these risks and establishes a clearer methodological baseline for
future studies.

The second study explored methodological issues that emerge in hybrid and
mechanism-informed models, where data-driven objectives coexist with mecha-
nistic constraints. By framing these models as multi-objective learning systems, we
analyzed how conflicts between objectives influence training dynamics, predictive
performance, and adherence to mechanistic consistency. The proposed optimization
strategies illustrate how explicit control of loss interactions can be used to navigate
trade-offs between accuracy and constraint satisfaction.

Taken together, the two studies demonstrate that methodological rigor in both
evaluation and optimization is central to the successful application of [ML] in omics
research. Evaluation bias and objective conflict are distinct but related manifestations
of a common issue: the interaction between multiple components of the learning
pipeline. Addressing these interactions explicitly is essential for building models that
are not only accurate, but also reliable, interpretable, and comparable across studies.

The methodological insights developed in this chapter provide a foundation for
the applied analyses presented in the following chapters, where these principles are
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leveraged to study real-world foodomics problems and [MIL] workflows in more complex
experimental settings.

The author of this PhD thesis is responsible for the following contributions pre-
sented in this chapter:

II/1. Systematic analysis of how k-fold[CV]and [ES|are combined in[NN|models applied
to omics data, including identification of recurrent methodological pitfalls such
as data leakage and biased performance estimation.

I1I/2. Proposal of a practical and reproducible evaluation framework for integrating
k-fold [CV] and [ES]in small-sample, high-dimensional omics settings.

II/3. Development and analysis of multi-objective optimization strategies for
mechanism-informed models, with a focus on balancing data-driven
accuracy and mechanistic consistency.

II/4. Design and implementation of dynamic loss balancing strategies in a MINN|to
control trade-offs between competing optimization objectives.
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Chapter 3

Applied Machine Learning,
Explainability, and Workflow
Engineering in Foodomics

This chapter focuses on the application of ML| methods to omics data, with particular
attention to model performance, robustness, and experimental practice. It addresses
two related challenges: the development of explainable [DLj models for wheat
data, and the management of complex experimental workflows arising in applied
research. Through two complementary studies, the chapter illustrates how applied
modeling choices and structured experimentation jointly contribute to reliable and
interpretable omics data analysis.

3.1 Introduction

Applied models for omics data analysis operate in settings characterized by
high-dimensional input spaces, limited sample sizes, and heterogeneous sources
of variability. In these conditions, the practical application of methods raises
challenges that go beyond model architecture design, and concern both the robustness
of learned models and the reliability of the experimental process used to develop
them.

From an applied perspective, two aspects are particularly critical. The first concerns
the use of DLj models for genotype-to-phenotype prediction, where achieving strong
predictive performance must be balanced with stability across experimental settings
and interpretability of model behavior. In omics-based applications, such as foodomics
and crop science, models are often evaluated on limited data, making them sensitive
to training choices, regularization strategies, and sources of noise in the input data.

The second aspect concerns the organization and management of applied
experiments. studies in omics typically involve complex workflows, including mul-
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tiple preprocessing variants, model configurations, procedures, and evaluation
protocols. When these elements are handled in an ad hoc manner, it becomes difficult
to compare results systematically, trace modeling decisions, or build upon previous
experiments in a transparent way.

From a research practice perspective, these challenges motivate the adoption
of structured approaches to experimentation that support systematic exploration,
comparison, and analysis of applied models. Rather than focusing on deployment,
such approaches aim to improve how experiments are conducted during the research
phase, enabling clearer insights into model behavior and design choices.

The contributions presented in this chapter address these applied challenges
through two complementary studies. The first presents an applied analysis of
wheat data, showing that the integration of modern training practices, robustness-
oriented strategies, and explainability methods leads to consistent performance im-
provements over previously reported results on the same dataset. The second investi-

gates frameworks as a means to structure and support experimental workflows
in scientific

3.2 Background

Applied research in foodomics and related omics domains is shaped by practical
constraints that differ from those typically encountered in benchmark-driven
studies. These constraints include limited data availability, high-dimensional feature
spaces, challenges related to model robustness and interpretability, and the need to
manage increasingly complex experimental workflows.

The following sections provide background on the use of DI} models in applied
omics problems, discuss strategies to improve model robustness through training and
optimization choices, introduce explainability considerations, and outline practical
issues related to experiment management. Together, these aspects motivate the
applied studies and technical contributions presented in this chapter.

3.2.1 Deep Learning for Applied Omics Problems

DI] models are increasingly applied to omics data in applied domains such as
foodomics, agronomy, and crop science. Compared to traditional approaches, [NN§|
can model complex non-linear relationships between a large number of molecular
features and phenotypic traits, making them suitable for genotype-to-phenotype
prediction and related tasks.

However, applied omics problems differ substantially from standard bench-
marks. Datasets often contain tens of thousands of input features, such as [SNP
markers, while the number of samples is limited. In addition, the data are noisy
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and heterogeneous, and measurements may be affected by technical variability and
uncertainty. These characteristics make [DLj models prone to overfitting and unstable
performance if not carefully designed and trained.

For this reason, applied omics studies frequently rely on simple architectures,
such as and focus mainly on predictive accuracy. In many cases, less emphasis
is placed on systematic training protocols and on assessing how models behave
across different data splits or experimental conditions. Strengthening these aspects is
crucial for improving the robustness and and reliability of [DL) models in applied omics
research.

3.2.2 Model Robustness Through Data Augmentation and Hyper-
Parameter Optimization

Improving the robustness of [DLj models is particularly important in applied omics
studies, where limited data amplify the risk of overfitting. Two complementary
strategies to address this issue are data augmentation and systematic

While data augmentation is widely used in domains such as computer vision
and natural language processing, it remains largely unexplored in omics-based
In this context, augmentation cannot rely on semantic transformations, but it can
be designed to reflect realistic sources of noise in biological measurements, such
as missing values, genotyping errors, or uncertainty introduced during imputation.
Introducing controlled perturbations to the input features can encourage models to
learn more stable representations and reduce sensitivity to individual features.

In parallel, the choice of hyper-parameters plays a critical role in determining
model performance and generalization. In many applied omics studies, hyper-
parameters are selected manually or through simple grid search, which may be
inefficient and incomplete. Bayesian [105] offers a principled alternative by
modeling the relationship between hyper-parameters and model performance, al-
lowing the search process to focus on promising regions of the configuration space.
Integrating these strategies offers a systematic way to improve model robustness while
making efficient use of limited computational and data resources.

3.2.3 Explainable Deep Learning for Omics Applications

Despite their predictive power, models are often criticized for their lack of in-
terpretability. This limitation is particularly relevant in omics applications, where
understanding which molecular features drive model predictions is essential for bio-
logical insight and downstream analysis.

I[Explainable Artificial Intelligence (XAI)| methods aim to address this issue by
providing post hoc interpretations of model behavior. In the context of omics data,
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explainability techniques can be used to identify influential features, such as [SNP|
markers, and to assess whether model predictions rely on biologically plausible
patterns rather than spurious correlations.

Although explainability has gained attention in other application domains, it is still
rarely integrated into DL studies in foodomics. Most existing works focus exclusively
on predictive performance, without analyzing how models arrive at their predictions.
Incorporating explainability methods into applied omics studies can therefore improve
transparency, support model validation, and help bridge the gap between predictive
modeling and domain-specific interpretation.

3.2.4 Experiment Management in Applied Omics Studies

Applied DL studies in omics often involve complex experimental workflows, including
multiple preprocessing steps, model configurations, training runs, and evaluation
protocols. As the number of experiments increases, managing these components using
ad hoc scripts becomes difficult and error-prone.

Poor experiment organization can hinder systematic comparison between models,
obscure the impact of individual design choices, and limit the reuse of results in follow-
up studies. These challenges affect not only reproducibility, but also the efficiency and
clarity of applied research.

Structured approaches to experiment management play an important role in
enabling reliable and extensible research workflows, particularly in settings where
extensive model exploration is required. These considerations align with emerging
practices aimed at supporting systematic experimentation in scientific

3.3 Related Works

Prior work relevant to this chapter spans two main areas: the application of
models to omics-based prediction tasks, with particular attention to robustness and
interpretability, and the organization of experimental workflows in scientific

through practices.

3.3.1 Applied Deep Learning for Omics and Genotype-to-
Phenotype Prediction

models have been increasingly adopted for omics-based prediction tasks, including
genotype-to-phenotype modeling in agriculture and crop science. In this context,
artificial and related architectures have been applied to predict agronomic
traits from high-dimensional molecular inputs such as markers [102] 125 [126].
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These approaches demonstrate the potential of [DL] to capture complex non-linear
relationships that are difficult to model using traditional statistical techniques.

Despite these advances, applied omics studies commonly operate under severe data
constraints, where the number of features greatly exceeds the number of available
samples. As a result, models are particularly sensitive to overfitting and perfor-
mance instability across data splits. While standard regularization techniques such as
dropout, weight decay, and learning rate scheduling are well established in the
literature, their systematic adoption in foodomics and agronomic applications remains
limited [4, 53} 182, 116]]. Hyper-parameter selection is often performed using manual
tuning or simple grid search strategies, despite the availability of more principled
optimization methods [22, [105].

In parallel, explainability has emerged as an important consideration in applied
particularly in domains where model outputs must be interpreted and validated
by domain experts. methods, such as feature attribution techniques, have been
applied in selected agricultural and plant science studies to identify relevant genomic
regions or assess model behavior [[106, [145]. However, the integration of explainabil-
ity into [DL}based omics studies remains inconsistent, and many works continue to
focus primarily on predictive accuracy without analyzing the mechanisms underlying
model predictions [47, 109, 126].

Together, these limitations highlight the need for applied studies in omics
that combine careful training and optimization strategies with systematic robustness
analysis and interpretability considerations.

3.3.2 Experiment Management and MLOps in Scientific Machine
Learning

As models and experimental pipelines grow in complexity, the management of
experiments has become an increasingly important aspect of applied research. In
scientific settings, experiments often involve multiple datasets, preprocessing variants,
model architectures, and hyper-parameter configurations, making it difficult to track
results and compare design choices when workflows are managed in an ad hoc
manner.

frameworks have been proposed to address these challenges by supporting
experiment tracking, dataset versioning, pipeline orchestration, and result visualiza-
tion [45] 96, [148]. While these frameworks are widely discussed in the context of
industrial deployment and production systems, their adoption in research-oriented
applications remains limited. In agronomy and foodomics, most published studies
do not report the use of established tools such as MLflow [41]], DVC [77],
ClearML [134], Weights & Biases [21]], even when experiments involve extensive model
exploration [122] [126].
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Recent work has begun to argue that practices can be beneficial even
before deployment, by improving transparency, reproducibility, and experimental
insight during the research phase [18]]. In this perspective, frameworks are
not viewed primarily as production infrastructure, but as tools to support systematic
experimentation and informed model design. However, empirical studies showing
how these frameworks can be integrated into applied omics workflows remain scarce,
which limits our understanding of their benefits in scientific[ML|and motivates further
investigation.

3.4 Explainable Deep Learning for Wheat SNP Predic-
tion: Robust Training, Evaluation, and Feature In-
terpretation

3.4.1 Introduction

models have been increasingly explored for omics-based prediction tasks, including
genotype-to-phenotype modeling in crop science and foodomics. These applications
involve high-dimensional molecular inputs, such as [SNP| markers, combined with
limited numbers of samples and heterogeneous sources of noise. In this setting,
predictive performance is highly sensitive to training strategies, regularization choices,
and data variability, making robust model design a central challenge for applied
in omics.

Within the broader omics landscape, foodomics [26] has emerged as a domain
that studies food and nutrition through integrated omics data and advanced analytical
techniques. While artificial have been successfully applied in various biomedical
contexts, their adoption in foodomics and related agronomic applications remains
comparatively limited. Existing studies have explored the use of for tasks such as
food quality assessment, chromatographic analysis, and microbial identification, as
well as for genomic prediction in crop breeding [42, 53] 102} 125] [141]]. These works
demonstrate the potential of [DL| models to capture complex non-linear relationships
in omics data, but they also highlight the challenges associated with low-sample,
high-dimensional settings.

A common characteristic of many existing foodomics and agronomic DL studies
is the reliance on relatively simple training pipelines, with primary emphasis placed
on predictive accuracy. Standard techniques from the DL} literature-such as dropout,
batch normalization, learning rate scheduling, and systematic[HPO}are often absent
or only partially explored [53, /82, [116]. This is notable because such methods are
particularly relevant in omics applications, where models are prone to overfitting and
performance instability due to data scarcity.
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Similarly, data augmentation strategies, which are widely used in other domains
to improve robustness and generalization, have received little attention in [SNP}based
DL studies. Although augmentation in omics cannot rely on semantic transformations
as in computer vision or natural language processing, controlled perturbations that
reflect realistic sources of measurement noise or uncertainty may still provide a useful
mechanism to stabilize model training. The limited exploration of these approaches
suggests that the potential of modern DL practices has not yet been fully leveraged in
foodomics.

Beyond predictive performance, interpretability represents a critical requirement
for omics-based modeling. Understanding which molecular features drive model
predictions is essential for model validation and for generating biologically meaningful
hypotheses. While methods have been applied in selected agricultural and plant
science studies, their integration into [DLj models for foodomics remains inconsistent
[106, [145]. Many NN}based studies report aggregate error metrics without analyzing
the contribution of individual markers, limiting insight into model behavior.

In this work, we address these limitations through an applied [DL| study on wheat
data. By combining modern training practices with data augmentation, sys-
tematic and post hoc explainability methods, we demonstrate that[NNjmodels
can achieve consistent and statistically significant performance improvements over
previously reported results on a publicly available wheat dataset. In addition to
improved predictive accuracy, the proposed approach provides feature-level insights
into model predictions, supporting a more transparent and informed application of
to [SNP}based trait prediction in foodomics.

Objectives and Contributions

This study advances the application of to data analysis in foodomics by
addressing both predictive performance and interpretability under realistic data
constraints. The main contributions are as follows:

* Statistically significant performance improvements: The proposed model
establishes new reference results on the wheat [SNP|dataset introduced in [126],
consistently outperforming the previously reported and strong traditional
baselines, including Random Forest, XGBoost, LASSO, and Ridge regression.

* Adoption of modern deep learning practices: The study applies training
strategies that are standard in [DL| but largely absent from prior foodomics work,
including model-level regularization (dropout, batch normalization), training
control (learning rate scheduling), data-level augmentation, and Bayesian
[105].
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* Explainability of NN predictions: Model interpretability is enhanced using
ISHapley Additive exPlanations (SHAP)|[90] to identify influential markers,
enabling analysis of feature relevance and supporting biological interpretation
of model predictions.

* Support for reproducible experimentation: To facilitate reuse and extension
of the results, the study adopts reproducible research practices, including code
and data sharing and controlled experimental configurations.

3.4.2 Methods
Dataset, Preprocessing, and Evaluation Scheme

Dataset Cleaning and Preprocessing The dataset used in this study is a nested
association mapping (NAM) population described in [[126]. It consists of genotypic
and phenotypic data for 650 recombinant inbred lines from 26 NAM families, provided
by Kansas State University. These lines were evaluated for five agronomic traits: grain
yield, grain protein content, heading date, plant height, and test weight, measured in
three growing seasons in 2014, 2015, and 2016.

In preprocessing of the dataset we mostly adhered to the preprocessing steps
from [126], with the exception that we moved the scaling of the features and targets
between 0 and 1 after splitting the dataset into training, validation, and testing sets.
This ensures the scaler module is fitted only on the training data, as shown in the
schema in Figure For the data cleaning, we removed RILs with missing phenotypic
information and filtered markers with more than 20% missing data, a minor
allele frequency of < 0.10, and RILs with > 10% missing genotypic data.

Evaluation Schema To assess the robustness of the model, we used 10 disjoint data
splits via k-fold shown on the left side of Figure The models were trained on
their respective training folds, which were further divided into training and validation
sets for [ES|purposes when training[NN]models (as shown in Figure [3.1)), and evaluated
on the test fold acting as test data split for that iteration. The metrics from these
independent evaluations were then aggregated to compute the final metrics of the
k-fold [CVland their standard deviations.

Furthermore, to have robust model selection and we employed a nested
10-fold [CV] on the training folds of the first iteration of the outer k-fold shown
on the right side of Figure Although extending this procedure to all the outer
k-fold [CV]iterations would give more accurate evaluations, it would be much more
computationally demanding and prohibitive for the procedure. In this context,
the scaling between 0 and 1 of features and targets was performed after nested
k-fold splitting and subsequent splitting of training data into training and validation
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sets, adhering to the schema in Figure Since no clear multimodal patterns were
observed in the agronomic traits distributions, we did not apply stratification when
performing the k-fold

The dataset comprises five agronomic traits, each measured in three growing
seasons; therefore, the models were trained and evaluated independently on each
trait and growing season, resulting in a total of 15 model evaluations for each model.

Neural Network Model Design

We designed an model to link data with phenotypic traits, introducing
several mechanisms that, while common in to our knowledge, are novel in the
foodomics field.

We implemented a learning rate scheduler to adaptively reduce the learning
rate when the validation loss plateaued, facilitating better convergence toward local
minima. Additionally, we introduced dropout within the architecture to improve
generalization. We further explored the use of batch normalization and applied
two forms of data augmentation: (1) flipping a portion of each sample’s features
independently (switching Os to 1s and vice versa) and (2) suppressing a subset of
features by assigning them a value of 0, regardless of their original state. These are
not meant to simulate real genetic mutations, but rather the type of noise you can
find in data. Flipping features can be seen as small genotyping errors or allele
miscalls, while masking mimics missing values or dropout during sequencing. In
this way, the model learns to handle the same kind of uncertainty that also happens
during genotype imputation, especially with rare variants or lower-density data, where
accuracy is known to be lower [[72,94].

Moreover, to optimize hyper-parameters efficiently, we employed Bayesian opti-
mization [[105], which leverages a probabilistic model to guide the search process,
enabling an effective exploration of the hyper-parameter space.

Baseline Models

As points of comparison, we implemented four baseline methods commonly adopted
in the omics literature [63], 186, 87, [134]]: RF, XGBoost, LASSO, and ridge regression.
These baselines range from tree-based ensemble learners to linear penalized regressors,
and are often used as reference models in genomic prediction.

To ensure compatibility across the methods, all baseline models were trained
following the same evaluation scheme as the models (Section |3.4.2), with the
exception that the training folds were not further split into training and validation
subsets, since no [ES| mechanism was required (Figure [3.1). Moreover, was
carried out analogously to the experiments: an inner k-fold [CV|was performed on
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the 2016 data from the first outer [CV]iteration, and the best configuration identified
for each trait was subsequently applied to all other folds and growing seasons.

Implementation of Prior Work

To compare the results of our model with those from [126], we used the implemen-
tation made available by the authors. We initialized the model with the best
hyper-parameters reported in the study for the respective traits, and we trained and
evaluated the models with the evaluation schema detailed in Section to have
the results on the same data splits.

Moreover, to enable a direct comparison with the study from [[126]], we also report
the correlation between model predictions and target values (which was initially
reported in [126]]). Although we recommend considering the m metric for model
evaluation as, contrary to correlation, it is sensitive to shifts and dispersion, providing
a more accurate assessment of the performance of the regression models. [69].

Statistical Tests

To assess the statistical significance of the performance differences between our model,
the from [126]], and the baseline models introduced in Section [3.4.2] we applied
the paired Wilcoxon signed-rank test [149].

This non-parametric test evaluates whether the median of the differences
between two models deviates significantly from zero, without requiring distributional
assumptions. The paired ¢-test, a common parametric alternative, is not appropriate
here because k-fold evaluations are not independent [43]]. To compute the test
statistic, we aggregated the k-fold evaluations per trait, yielding 30 evaluations per
model per trait, and then calculated the pairwise differences in between our
model and each alternative. For each model-trait comparison, we thus obtained both
the median difference (negative values indicating superior performance of our
model) and the associated p-value from the Wilcoxon test.

Finally, to account for the multiple comparisons performed, we controlled the
family-wise type I error rate using the Holm-Bonferroni correction [61]], and we
report significance based on the adjusted p-values.

Explainability Tools

One of the challenges with models is their black-box nature, which makes it
difficult to understand how they arrive at their predictions. This lack of transparency
can make the models less reliable for experts in the field. To enable the interpretation
of the prediction of the model, we integrated [90] in our study. This method
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provides insights into the contribution of each feature to the model’s predictions,
allowing us to determine the most influential features (mutations).

By calculating values for each in the dataset, we identified which
genetic variants had the most significant impact on the model output. This enhanced
the transparency of our model by showing which SNPs were driving the predictions
for specific agronomic traits, enabling the validation of the model’s understanding
and thus increasing trust in its predictions.

In addition, highlighting the most critical SNPs in predicting key agronomic traits
offers potential targets for genetic analysis in crop science. These SNPs can be sub-
sequently investigated through targeted genetic analyses to validate their functional
relevance, as demonstrated in studies linking SNPs to meiotic function through recom-
bination rate mapping [72].

Reproducibility

To ensure the reproducibility of our implementation, we took several measures:

* Seeding the Code: We set random seeds throughout the code to ensure consistent
results across different runs.

* Docker Containers: We used Docker to create a virtualized environment, making
our results repeatable and reproducible across different machines.

* ClearML Frameworkﬂ: We integrated ClearML, an open source framework, to
introduce practices; in this way enhancing reproducibility by tracking git
commits and managing datasets versioning.

» Dataset Publicly Available: We made the preprocessed dataset available in its
ready-to-use format for model training to facilitate future research.

These measures ensure that our results can easily be replicated by other researchers,
facilitating further advances in the field.

3.4.3 Results and Discussion
Hyper-Parameter Optimization

Data Splitting for Validation The assessment of model performance for was
conducted using a nested k-fold as detailed in Section and shown in Figure
Specifically, the outer k-fold [CV]was used for the final assessment of the model
on unseen data, while the train folds from its first iteration were used for the inner

!ClearML Team, “ClearML: Open-source MLOps framework.” Available: https://github.com/
clearml/clearml, 2024.
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10-fold to fine-tune the hyper-parameters. For each phenotypic trait, the
was performed once on the target of the growing season of 2016, and the best
hyper-parameters were then used when working on the other years for that trait.

Search Space for Hyper-Parameters The following search space was used for all
HPOs across the different phenotypic traits:

* Masking Augmentation: [0.1, no augmentation]
* Noising Augmentation: [0.1, no augmentation]

* Number of Layers: 1to 5

* First Layer Dimension: 64 to 512, in steps of 32
* Dropout Probability: 0.0 to 0.6

e Batch Normalization: [True, False]

* Weight Decay: 0.00001 to 0.001 (log-uniform)

* Optimizer: ["sgd", "adam"]

* Learning Rate: 0.000001 to 0.05 (log-uniform)

* Reduce Learning Rate on Plateau Scheduler: [True, False]

To have only two hyper-parameters defining the width of the whole model, the
dimensions of the hidden layers are calculated based on the number of layers and the
first layer’s dimension. The process involves making the last hidden layer one-fourth
of the first and setting the other hidden layers’ size equidistantly; so, for example, in
an with four hidden layers and the first layer of size 128, the last hidden layer
will count 32 neurons, and the three hidden layers will be 104, 80 and 56. The final
layer is then added after the last hidden layer to output a single value for regression.

Distribution of Experiments The distribution of the trials and their outcomes,
shown in Figure demonstrates the effectiveness of the Bayesian strategy for
Most of the experiments are concentrated in the lower part of the plot, indicating
lower inner k-fold loss values. This suggests that the Bayesian optimization efficiently
focused on the best combinations of hyper-parameters, achieving better results in less
time. Moreover, from the few trials with higher validation loss, we can deduce that
the strategy effectively explored the search space.
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Figure 3.3: trials and their loss values from the experiments on the yield trait. The
y-axis was limited to 0.4 to facilitate interpretation, excluding three trials with extremely
high loss values.

Analysis of Hyper-Parameter Importance The parallel coordinates plot in Figure
shows the influence of different hyper-parameters on the inner k-fold loss for
the yield trait. It does not appear that any single hyper-parameter consistently leads
to better results. Instead, complex combinations of several hyper-parameters likely
contributed to the improvement in performance.

Best Hyper-Parameter Sets The optimal hyper-parameter configurations for each
trait are detailed in Table The use of Masking Augmentation for traits such as
Grain Yield, Plant Height, and Days to Heading suggests its efficacy in enhancing
model generalization. The application of Dropout is particularly high for Days to
Heading, indicating the need to reduce overfitting. It is interesting to observe that
Batch Normalization was uniformly omitted, which might suggest its unsuitability
for this dataset, probably due to the discrete nature of the data or small batch size.
Instead, the First Layer Dimension shows significant variations across the different
traits, especially the larger size used for Days to Heading, suggesting the need for
more model capacity for specific traits (the hidden layers dimensions were derived as
detailed in Section [3.4.3). The choice of optimizer was more consistent, with Adam
only employed for Plant Height.

Results

In Table [3.2| and Figure [3.5]are the results in terms of RMSE] of our the one from
[126], and the baseline models.
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Num layers First layer dim Dropout prob Batch size Learning rate Weight decay Objective
5 512 0.59423 64 0.04984 0.0009995 0.044493

0-044 Objective

0.033
0.042

0.0325
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0,034 0.031
l0‘0305
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Figure 3.4: Parallel coordinates chart of the best-performing experiments in the
showing the influence of different hyper-parameters on the inner k-fold loss. To aid
interpretation, trials with a loss value below 0.033 are highlighted.

1 64 0.00349 16 0.000442 0.00002925 0.02949

A first observation is the clear separation between and traditional ap-
proaches. Across all traits, the ML baselines (RF, XGB, LASSO, ridge) perform at least
an order of magnitude worse than the [NN}based models, underlining their limitations
in handling high-dimensional data. Even for Grain Yield, where the baselines ob-
tain their best results compared to the other traits, performance remains substantially
below that of both [NN]implementations.

In addition, for Plant Height and Days to Heading, the baselines exhibit
extremely wide bootstrap confidence intervals (Figure [3.5), indicating unstable gen-
eralization and poor robustness across folds and years. By contrast, the models
yield much narrower intervals, showing more reliable predictive behavior.

The proposed achieved lower errors than the model from [126] on almost
all targets, with an average improvement of 0.017 from the of [126]
(corresponding to a 10.5% gain). When comparing the two approaches directly,
shown in Figure [3.6a), our model shows consistent improvements, expecially for the
protein content, test weight, and plant height traits where the reductions
ranges between 11-19% while for the grain yield and days to heading the there is
a performance gain of around 4.5%. Moreover the bootstrap confidence intervals
suggest that the results gap between the models isn’t much influenced by variations in
performance, as we will allso see in the next Section [3.4.3]

Although we recommend considering the RMSE| metric for model evaluation for
the reasons explained in Section We also report in Figure and Table[3.3|the
correlation between model predictions and target values (which was initially reported
in [[126]).
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Hyper-parameter Grain Yield Grain Pro- Test Weight  Plant Height Days to
tein Content Heading

Masking Augmentation True False False True True
Noising Augmentation True False False False False
Number of Layers 2 3 3 4 2
First Layer Dimension 96 320 224 96 416
Dropout Probability 0.1771 0.0488 0.0316 0.0366 0.4444
Batch Normalization False False False False False
Weight Decay 9.56x107%  1.82x107%* 9.90x10™% 3.40x107* 5.64x1074
Batch Size 16 16 16 64 16
Optimizer sgd sgd sgd adam sgd
Learning Rate 0.0485 0.0280 0.0258 0.0049 0.0436
Reduce LR on Plateau Scheduler  False False True True True

Table 3.1: Best hyper-parameter set found for each trait. As detailed in Section
the hyper-parameters were selected based on the training data of the first iteration of the
outer k-fold [CV]and used for all the other iterations.

Trait Year Ours Sandhu et al.
Grain Yield 2014 0.436 (0.128) 0.414 (0.134)
2015 0.369 (0.069) 0.244 (0.132)
2016 0.505 (0.093) 0.398 (0.196)
Grain Protein Content 2014 0.518 (0.098) 0.398 (0.105)
2015 0.489 (0.066) 0.332 (0.138)
2016 0.580 (0.063) 0.469 (0.098)
Test Weight 2014 0.552 (0.112) 0.264 (0.082)
2015 0.489 (0.114) 0.205 (0.125)
2016 0.410 (0.068) 0.210 (0.097)
Plant Height 2014 0.631 (0.094) 0.473 (0.084)
2015 0.521 (0.071) 0.167 (0.147)
2016 0.589 (0.097) 0.406 (0.191)
Days to Heading 2014 0.490 (0.096) 0.275 (0.174)
2015 0.222(0.146) 0.095 (0.149)
2016 0.426 (0.096) 0.163 (0.131)

Table 3.3: Comparison of our model and the model from [126] by year and trait, based

on the correlation between predictions and ground truths.

Statistical significance Table 3.4|reports the median differences between our
model and each alternative, together with the corresponding Wilcoxon test results
[149]. In all cases, the median differences are negative, indicating lower errors for
our model. After applying the Holm-Bonferroni correction [61]], all comparisons
remained significant at a = 0.05, allowing us to conclude that our model achieves
significantly better median performance than all alternatives across all traits.

It is worth noting that significance was obtained even for the smallest observed
differences, such as Grain Yield and Days to Heading against the from [[126],
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Figure 3.5: Comparison between our model and the one from [[126]], and the baselines
presented in Section |3.4.2| the RMSE|of the years and k-fold evaluations are averaged per
trait, and the lines represent the bootstrap confidence intervals. For a clearer comparison
between our model and the one from [[126]], refer to Figure

where median improvements were only a few thousandths in The ability to
detect significance in these cases reflects the stability of our improvements across
folds, in contrast with the much larger gaps observed against the baselines,
where differences reached one to three units depending on the trait. Taken
together, these results provide strong evidence that the proposed enhancements deliver
consistent and statistically reliable performance gains over both classical [ML] methods
and prior [NN| approaches.

Explainability

To interpret the model’s predictions, we analyzed the most important features using
[SHAP| values. The [SHAP| values were calculated based on the 10 test folds of the outer
k-fold [CV] (shown on the left of Figure that were aggregated to extract insights
from the whole dataset.

Figure shows the top 20 features ranked by importance. The position of
the dots, which are the test observations, with respect to the x-axis, indicates the
strength of each feature’s impact on the predictions. For instance, the first two
features, SpringWheatNAM tag 99945 and Kukri c12738 882, with high values
(homozygous mutations) lead to higher predictions of the test weight trait for 2015
while mutations on the SpringWheatNAM tag 82218 lead to a decrease in the
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(b) Comparison of the proposed @ and the model from [[126] in terms of
correlation between predictions and ground truth.

Figure 3.6: Performance comparison between the proposed[NN|and the model from [[126]
across and correlation metrics. The metrics of the years and k-fold evaluations are
averaged per trait, and the lines represent the bootstrap confidence intervals.
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Median Diff Wilcoxon Corrected

Trait Compared To (RMSE) p-value p-value Significance at 0.05
Grain Yield Sandhu et al. -0.005 4.97e-02  4.97e-02 Significant
Random Forest -0.144 1.86e-09  9.31e-09 Significant
XGBoost -0.141 1.86e-09 9.31e-09 Significant
LASSO -0.162 1.86e-09 9.31e-09 Significant
Ridge -0.143 1.86e-09  9.31e-09 Significant
Grain Protein Content  Sandhu et al. -0.017 4.42e-06  4.42e-06 Significant
Random Forest -0.858 1.86e-09  9.31e-09 Significant
XGBoost -0.874 1.86e-09 9.31e-09 Significant
LASSO -0.916 1.86e-09 9.31e-09 Significant
Ridge -0.848 1.86e-09  9.31e-09 Significant
Test Weight Sandhu et al. -0.03 3.73e-09 9.31e-09 Significant
Random Forest -1.423 1.86e-09  9.31e-09 Significant
XGBoost -1.45 1.86e-09 9.31e-09 Significant
LASSO -1.434 1.86e-09 9.31e-09 Significant
Ridge -1.345 1.86e-09  9.31e-09 Significant
Plant Height Sandhu et al. -0.019 8.33e-07  8.33e-07 Significant
Random Forest -2.838 1.86e-09  9.31e-09 Significant
XGBoost -2.67 1.86e-09  9.31e-09 Significant
LASSO -3.089 1.86e-09 9.31e-09 Significant
Ridge -2.99 1.86e-09  9.31e-09 Significant
Days to Heading Sandhu et al. -0.006 2.19e-03  2.19e-03 Significant
Random Forest -2.173 1.86e-09  9.31e-09 Significant
XGBoost -2.326 1.86e-09  9.31e-09 Significant
LASSO -2.209 1.86e-09 9.31e-09 Significant
Ridge -2.048 1.86e-09  9.31e-09 Significant

Table 3.4: Wilcoxon signed-rank test results comparing our method to the model from
[126]] and the baselines in terms of median difference, raw and Holm-Bonferroni
corrected p-values are reported, and the significance at o = 0.05 of the corrected p-values.

agronomic trait prediction, as the samples with mutations have negative [SHAP| values
and vice-versa for the ones without mutations. Furthermore, Figure presents the
feature importance as a bar plot, showing the importance in absolute terms.

For completeness, the list of the top 40 markers is reported in Table While
their functional annotation was beyond the scope of this study, these markers provide
a reproducible set of candidates that can guide future genomic analyses and biological
validation.

Given the high dimensionality of the dataset (approximately 44,000), understand-
ing the distribution of feature importance is crucial. The cumulative percentage of
absolute values in Figure [3.8] shows that, although the top features have the
greatest impact on model predictions, a substantial number of additional features also
make non-negligible contributions. Consistently, the distribution of values in
Figure indicates that while most features are of marginal importance, a subset
clearly stands out with significant influence. This suggests that, although some fea-
tures are pivotal for model predictions, a combination of several others might also
contribute meaningfully to the model predictions.

The [SHAP| values also allow us to assess the model’s robustness across different
iterations of k-fold |CV] by comparing the important features for the 10 models. Re-
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Figure 3.7: Top 20 features and their impact on the predictions of the test weight trait
for 2015. In Figure (a), the color indicates the feature value: high for homozygous
mutations (red), low for no mutations (blue), and medium for heterozygous mutations
(purple). The horizontal dispersion shows the impact on the model’s predictions: dots
further to the right indicate that the feature value pushed the prediction towards a higher
test weight for that sample.



Applied Machine Learning, Explainability, and Workflow Engineering in

80 Foodomics
Cumulative percentage of mean |SHAP| values Across Folds
Top 2000 features All features
17.5 100 - al
15.0
o 80
3
» 12,5
c
[
£
£ 100 601
©
£
s
o 71.51
& 40
[
2
2 50
£ Folds 20
v —— Foldl —— Fold6
2.5+ Fold 2 Fold 7
—— Fold 3 Fold 8
—— Fold 4 Fold 9
0.0 1 Fold 5 Fold 10 01
500 1000 1500 2000 0 5000 10000 15000 20000 25000 30000 35000 40000

Number of features

Number of features

Figure 3.8: Cumulative percentage of absolute @values per feature. The left panel
reports the cumulative contribution of the top 2000 features, while the right panel extends
the analysis to all features in the dataset (the red rectangle represents the area shown in
the left panel). Different colors correspond to the 10 folds of the [CV]performed on the
Test Weight trait for the 2015 season.
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Feature Feature
SpringWheatNAM tag 99945 SpringWheatNAM tag 46784
Kukri c12738_882 SpringWheatNAM tag 95802
SpringWheatNAM tag 82218 SpringWheatNAM tag 31634
wsnp_Ex ¢4942 8793029 SpringWheatNAM tag 102155

SpringWheatNAM tag 24286 Ku_c5938 4221
SpringWheatNAM tag 166937 SpringWheatNAM tag 8006
SpringWheatNAM tag 120453 SpringWheatNAM tag 190470
SpringWheatNAM tag 107556  Jagger c3646 235

RAC875 rep ¢72023 267 SpringWheatNAM tag 80159
SpringWheatNAM tag 189660 SpringWheatNAM tag 185592
SpringWheatNAM tag 104162 SpringWheatNAM tag 33944
SpringWheatNAM tag 89662 SpringWheatNAM tag 63233
SpringWheatNAM tag 68201:15 SpringWheatNAM tag 22164:67
SpringWheatNAM tag 121659 SpringWheatNAM tag 80706
SpringWheatNAM tag 32330 SpringWheatNAM tag 69283
Ku ¢5938 4231 SpringWheatNAM tag 26764
SpringWheatNAM tag 100149 Kukri_c40439 366
SpringWheatNAM tag 11683 SpringWheatNAM tag 60437
SpringWheatNAM tag 30955 SpringWheatNAM tag 163097
SpringWheatNAM tag 246111 BobWhite ¢4399 447

Table 3.5: Top 40 most important features for the test weight trait in 2015 (by

mean absolute value).

ferring again to Figure |3.7al we can observe that the aggregated samples from the
k-fold [CV] yielded similar results across different features. The dots of the same colors
consistently appear on the same side of the x-axis, indicating that the 10 models,
independently trained on different k-fold splits, consistently found the same direction
of the interpretation for the mutations of the top features. This is a noteworthy result,
given the extremely high number of features.

3.4.4 Conclusion

In this study, we proposed an explainable model for[SNP|data analysis in wheat,
introducing regularization, optimization, and hyper-parameter search strategies that
are largely unexplored in foodomics. With the proposed incorporating data
augmentation, dropout, batch normalization, learning rate scheduling, and Bayesian
HPO| we advanced the use of in the field and established state-of-the-art results
on the dataset from [[126]. Our model consistently outperformed both the previously
published and strong baselines across almost all traits and growing seasons,
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Figure 3.9: Distribution of feature importance for the test weight trait in 2015, presented
as a logarithmic histogram. The x-axis shows the mean of the absolute [SHAP|values per
feature, and the y-axis shows the frequency on a log scale.

with improvements that were not only consistent but also statistically significant.

Beyond predictive performance, using the method for model explain-
ability allowed the identification of the most influential markers in predicting
phenotypic traits. This step adds transparency, increases trust in model predictions,
and provides insights that can support biological interpretation. While full functional
annotation of these markers was beyond the scope of this work, the ranked list we
provide offers a solid basis for future genomic studies and experimental validation.

Furthermore, with our efforts to ensure reproducibility through the integration of
frameworks and the adoption of best code and data management practices, we
facilitate researchers to use our work for future developments, fostering innovation in
agricultural genomics.

3.5 Research-Stage MLOps for Agronomy: Structur-
ing, Tracking, and Reproducing Machine Learning
Experiments

3.5.1 Introduction

MI] and [DLjmethods have been increasingly applied in agricultural research, supporting
a range of data-driven modeling tasks. Artificial in particular, have shown
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promising results due to their ability to model complex relationships in heterogeneous
data [16, 49, [76].

Complementing modeling approaches, refer to a set of practices and tools
designed to support the management of experiments and workflows. Despite
the ML literature stresses the importance of in ensuring the reproducibility,
scalability, and operational efficiency of [ML]applications, the adoption of these method-
ologies is still limited in both research and industrial applications [45] 96, 148]]. Only
a limited number of studies have examined in agronomy, and most of this
work has focused on industrial or production-oriented scenarios. particularly model
deployment, monitoring, and operational robustness. For example, [6} [35] propose
combinations of frameworks to support monitoring and deployment of models
in agricultural settings, while [119] introduces a web-based interface to facilitate
model accessibility in applied contexts. concepts have also been explored
in resource-constrained settings, such as for the development of cost-efficient smart
sensors [143].

Although these studies demonstrate the practical relevance of in applied
agronomic systems, their focus is largely on post-development phases, and provides
limited insight into how practices can support the research and experimen-
tation stages of [ML] workflows. methodologies can be beneficial even before
deployment, by structuring experimentation and improving traceability of modeling
decisions.

By documenting experiments through version control and data versioning,
practices can substantially improve reproducibility, particularly when combined with
virtualization tools such as Docker [97]. In addition, these frameworks facilitate sys-
tematic logging and visualization of training dynamics and outcomes, supporting
more informed model design decisions and the management of complex experimental
workflows.

Despite the potential practices, their adoption in the agronomic fields
remains limited. In our review of nearly 80 recent agronomic studies that developed
and [DLi models, with applications that spanned several objectives, including crop
yield prediction [2} 8, [126]], disease and stress detection [9} [99]], precision agriculture
[58,[137], greenhouse optimization [[17, 81]], automated fruit detection [15} 29} [123],
and plant growth modeling [5, [158]]; none of the studies mentioned any of the most
widely used frameworks, MLflow [41]], DVC [77], ClearML [34], Weights &
Biases [21]], Seldon [128], and TensorBoard [1]]. The scarce adoption of prac-
tices during the research process suggests the need for standardized protocols for [ML]
applications in agronomy and anticipates potential issues in experiment reproducibility
and informed model design in the field.

In this work, we address this gap by exploring the potential of to support
the research process in agronomy through a case study. Specifically, we integrate
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Figure 3.10: High-level overview of integrating the ClearML framework into the
study workflow. Existing scripts are wrapped as ClearML tasks and executed in Docker
containers. Tasks marked [D] handle data preparation and versioning, tasks marked [A]
orchestrate pipelines and hyperparameter tuning, and tasks marked [P] export trained
models and results.

ClearML, an open-source framework, into all stages of an [ML/{DL}based
agricultural study. Our goal is not only to demonstrate the benefits of but also
to derive practical guidelines for how such frameworks can be integrated into research
workflows. We focus on five core capabilities that frameworks are expected to
support in scientific [18,59]: experiment tracking, dataset management, pipeline
automation, result visualization, and production readiness. By incorporating these
practices across the life cycle, from preprocessing to workflow orchestration
(Figure [3.10]), we illustrate how [MLOps| can contribute to more reproducible, scalable,
and transparent research workflows.

3.5.2 Framework and Tools

Several frameworks are available to support the integration of practices into
projects. Among the most notable are ClearML [34], Weights & Biases [21]],
TensorBoard [[1], and MLflow [41], each offering different strengths and capabilities
tailored to different aspects of the research and development process.In this work, we
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adopted ClearML due to its modular and comprehensive support for all stages of the
ML) pipeline. The framework integrates key functionalities such as experiment tracking,
dataset versioning, pipeline orchestration, diagnostics, and model deployment within
a unified environment. In contrast to tools like DVC, which are primarily focused on
data and model versioning, TensorBoard, which is limited to visualization, or Weights
& Biases, which focuses mainly on experiment tracking and automation, ClearML
offers a more complete solution. Compared to other end-to-end frameworks such
as MLflow, it provides a flexible agent-based orchestration system and a solid data
versioning feature, all with a native Docker integration. These features aligned well
with the articulated pipeline implemented in this case study.

In this section, we give an overview of Docker first and then ClearML as those are
the two frameworks that were used in the case study in section [3.5.3]

Virtualization

Container-based virtualization provides a lightweight and efficient way to ensure a
consistent execution environment across different machines. Practices generally seen
in the literature, such as specifying the project dependencies in a ‘requirements.txt‘
file to improve reproducibility, do not take into account the configuration differences
between machines, leading to potential errors and inconsistencies when replicating
environments. These challenges are limited not only to the primary dependencies, but
also to the sub-packages that play a crucial role in the background but not generally
listed in the configuration file.

The Docker [97] virtualization framework addresses these issues by encapsulating
the entire application and its dependencies in Docker containers. These containers
provide a lightweight, isolated environment to run experiments. Containers can
be created from Docker images that are built based on instructions specified in a
Dockerfile. The advantage of using Docker images is that we can easily transfer
them between computers, ensuring fully reproducible environments for running the
experiments across multiple research centers.

MLOps Frameworks

frameworks are essential tools for integrating practices effectively and
efficiently in and projects. Some tools like Tensorboard [1]] or DVC [77] help in
integrating some MLOps|practices, while others like ClearML [34] and Wheight&Biases
[21] help in integrating all the main practices with a holistic approach.

The ClearML framework is structured around the concept of ’tasks’, which are
fundamental units of execution that represent a stage of an [ML] workflow, including:

* Data preprocessing
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Those tasks can log and track all the parameters, plots, and outputs of the running
experiment and register the details of the experiment and the configurations for
reproducibility, as exemplified in the schema in Figure In ClearML, tasks are
generally executed inside Docker containers, ensuring standardized environments for
running experiments.

Task Management Tasks in ClearML are fundamental units of execution that wrap
experiments or processing steps and enable a detailed logger that keeps track of the
configuration details, the parameters, the output metrics, and the plots the execution
generates while running.

Moreover, these tasks can be used either to summarize the details of an experiment
and its outputs or as a module in a workflow facilitating complex sequences through
automatic cloning and launching of tasks, for example, for the purpose of or
complex pipelines.
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Dataset Management ClearML also has a dataset versioning feature. This enables
precise tracking of dataset changes over time, allowing for the verification of specific
datasets and versions used for future tasks.

Hyper-parameter Optimization Agent The Agent in ClearML automates the
process of searching for the optimal set of values for the model’s hyper-parameters
from a predefined search space. This is done automatically by cloning the tasks and
assigning them new parameters. The agent also logs the results of the child tasks,
enabling the analysis of the effectiveness of the different hyper-parameters.

Pipelines The pipeline functionality of ClearML allows for the orchestration of com-
plex workflows, where tasks can be chained or executed in parallel (on different GPUs
if needed) based on dependencies and conditions. This feature enables the automation
of end-to-end processes, from data preprocessing to training and evaluation, where
different tasks can interact with each other by exchanging data.

Deployment in Production ClearML provides native support for model deployment
through its ClearML Serving component, which allows trained models to be exposed
via RESTful APIs. The models trained and evaluated from the previous tasks are saved,
so they are accessible for inference purposes. Moreover, the use of containerized
environments ensures a reproducible and portable setup, facilitating the integration of
the model in external systems for production use. Moreover, ClearML Serving includes
features for dynamic model updates and predictions monitoring, offering a scalable
and robust framework for handling model inference in real-time contexts.

3.5.3 Case Study Implementation
Description of the Study

To demonstrate the benefits of using[MLOps| frameworks for structuring applied
research in agronomy, we selected the study of [126]. This study was chosen not as a
performance benchmark, but as a representative example of an applied [DI] workflow
on publicly available foodomics data [31]], for which both code and data are accessible.

The work from [126] focuses on predicting five agronomic traits, namely grain
yield, grain protein content, heading date, plant height, and weight, from data
collected between 2014 and 2016. The predictions are based on the single nucleotide
polymorphisms (SNPs) markers of the different plant breeds. The authors presented
two [DL|algorithms in their study, [Multi-Layer Perceptron|and [Convolutional Neural
and compared their performance to a ridge regression model, the best linear
unbiased predictor.
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Initially, the dataset goes through a filtering process, followed by scaling and finally
standardization. Then the analysis proceeds with splitting the data into train-test splits
and training of the models with 200 replicates with different model initializations
to evaluate the robustness of the
Each of these 200 iterations involves through a grid search strategy [80] in
combination with k-fold [10] for each hyper-parameter combination. Ultimately,
the model parametrized with the best hyper-parameters is trained on the full train
data, and the evaluation is performed on the holdout test set.

To demonstrate the integration of practices, we focused on the model
and the Plant Height 2014 trait. For the purpose of showcasing the ClearML framework
and its core functionalities, it was not necessary to evaluate all model architectures
on every trait. Instead, selecting a representative model and trait was sufficient to
highlight the advantages and applicability of the proposed approach. The Plant
Height 2014 trait was selected because it showed the highest predictive performance
among the 15 traits and growing seasons of the datasets. Similarly, the was
chosen due to its superior performance in the original study and its compatibility with
key ClearML features, such as GPU execution and training diagnostics logging. In
contrast, as the implementation was based on Scikit-learn [[117], it does not
provide access to detailed training logs (e.g., learning curves) and lacks GPU support,
making it less suitable for integration with a framework like ClearML.

Virtualization Through Docker

The first step to integrate practices in the project was to develop a virtual
environment to ensure code reproducibility across machines. As in the study two
programming languages were used, Python for training the and R for filtering the
raw dataset, two Docker images were created, one for each programming language.

Dataset Preparation and Versioning

Once the environment was set up, the next step was to integrate the framework
into the dataset preprocessing and management workflow of the project. First, we
decided to exclude the dataset from the git version control to avoid overloading the
repository; so the dataset file was untracked and added to the .gitignore file. Then,
we integrated the ClearML data versioning by creating a dataset instance with the
dataset file. This dataset instance can be fetched with one line of code. If no version
is specified, the latest version will be downloaded locally and made available for
any further execution. Even if this simple operation may seem superfluous, in this
way, we have a copy of the dataset accessible in a read-only manner from different
possible executions, avoiding the risk of eventual manipulation from parallel runs,
which would lead to data corruption. Moreover, we also have the version of the
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dataset instance, which becomes very convenient when the data preprocessing step is
modified. When a modified dataset is uploaded under the same name, the old version
will not be overwritten, but a new version will be created. This not only ensures that
the previous version is available for further executions but also guarantees that each
past execution is documented with the version of the dataset used, as we will see next,
in Section

To fully exploit the capabilities of the dataset feature of ClearML, the preprocessing
was broken down into 6 steps, shown in the interactive schema in figure On
the right side of the figure, we can see the sequence of steps that generate a new
preprocessed dataset. Between the bottom two blocks ("Original Dataset", "Dataset
Filtered") the preprocessing was performed with the original R script, whereas to
execute the rest of the blocks, the data preprocessing pipeline of the original Python
script was broken in steps, to have a chain of dataset instances.

After filtering performed with the R script, the data was scaled with a min-max
scaler that brought both features and targets between 0 and 1. To map back the
model’s predictions, the scaling parameters for the target were saved in a file in the
dataset to be accessed later for results visualization. After scaling, the dataset was
split into train and test to create a holdout set for evaluating the performance of the
model on independent data, and the trait Plant Height of 2014 was selected. Finally,
the features of the dataset were standardized and ready for use in model training.
On the left side of the interactive dataset schema in figure the versions of the
dataset selected on the right side are displayed. Whenever this dataset is uploaded
(for instance, when running the processing with different parameters), a new dataset
version is generated instead of overwriting the dataset instance. The R script for the
initial step was executed within the Docker container designed to run the R language,
whereas the following steps were performed with the Docker container designed for
running Python code.

Experiment Tracking and Modularization of DL Workflows

With the dataset ready for the model training, we integrated the ClearML framework
into the training section. We decided to leverage the framework’s full capabilities
and showcase its extensive features. To do so, modifications to the original project’s
structure were necessary, but these adjustments did not alter the project’s fundamental
steps and logic, ensuring that the essence of the workflow remained intact.

The very first step was to add the initialization of the ClearML task. In this way,
the framework can keep track of all the information regarding the script, the current
git commit is reported as well as the uncommitted changes, the parameters of the
executed task, such as the seed and the hyper-parameters, and all the logs, such
as the console output and the plots generated during the execution.

Secondly, the data preprocessing was removed from the original script and sub-
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Figure 3.12: In this screenshot of the ClearML web interface, the dataset instances
generated during the integration of the framework in the preprocessing section of
the project are displayed. On the right side the different dataset entities, while on the left
the versions of the selected dataset entity are shown.
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stituted with the dataset fetching lines. As a reminder, the dataset preprocessing is
done separately in our workflow, and the preprocessed dataset is saved in ClearML.
Before training, the preprocessed dataset is downloaded from ClearML (if that dataset
instance is not already present) and used as is. In this way, the training task is bound
to the dataset used, and in the configuration, it is possible to track the dataset and its
version.

To exploit all the features of the framework, we had to break the authors’
original workflow into smaller ClearML tasks, like in the schema shown in figure
3.13. Each experiment was composed of two stages: an for finding the best
hyper-parameters, with a k-fold and then the evaluation on the holdout split.

1 MLP training
experiment MLP training
experiment

MLP training

experiment

Evaluation on

Cross validation b

MLP training
experiment

Cross validation

MLP training Cross validation
200 2
experiment \ \\ / /

Figure 3.13: Structure of the workflow designed by the authors in [[126]], each of the
200 experiment replicates feature first a with k-fold [CV] and then a training of
the model with the best hyper-parameters on the entire train set and evaluation on the
holdout set.

Training Diagnostics and Hyper-parameter Optimization The integration of
ClearML in the authors’ workflow started by implementing the task that evaluates
the model with the k-fold [CV} To accomplish this, it was sufficient to first isolate
the authors’ code related to model creation and KFlod evaluation; and then to
encapsulate this in a ClearML task by moving it to a separate script and initiating the
ClearML task at the beginning. To integrate this task with the agent, it was only
necessary to log the average metric obtained on the k iterations of the [CV]and the
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hyper-parameters of the model.

As soon as the execution of the code is encapsulated within a task, it becomes
simpler to log further information and keep track of the results of a specific execution
by simply reporting the plots and tables through the ClearML methods. These results
are uploaded and become visible on the ClearML web interface. Moreover, diagnostics
and results such as loss curves of the model (figure [3.16)), results across the
iterations (table[3.7)), and predictions for a few samples (figure are linked to
the corresponding task and accessible on the same web page.

in ClearML is performed by the ClearML agent. To set up the agent, we
first defined the search space and then specified the base task, which performs
the training and evaluation of the model in the framework. This way, the
agent has all the information to perform the by spawning clones of the given
task, using different combinations of the hyper-parameters, and collecting their results.

This approach meticulously replicates the authors’ workflow and offers multiple
advantages, particularly in terms of transparency and the multi-level analysis of the
results. Before integrating this framework, the information retrievable from the
was the performance of the models trained with the different hyper-parameter
combinations. To derive meaningful insights about the NNs hyper-parameters, one
would need to manually link this performance data with the specific hyper-parameters
employed. The ClearML agent streamlines this process by reporting such figures
automatically and in real time. As illustrated in figure the dynamic parallel
coordinate plot enables a direct correlation between the hyper-parameters and the
scores achieved during

The examination of the parallel coordinate plot can bring important insights
and lead to alternative choices in the design of the For instance, it seems
that most executions yield similar results, indicating that certain hyper-parameters
have a marginal impact on the model’s performance, suggesting potential benefits of
expanding the search space. In addition, specific configurations, such as the identity
activation function or the Adam optimizer for gradient descent, lead to significantly
worse outcomes. This observation could suggest the transition from grid search
strategy to more advanced Bayesian search [105]], which can dynamically focus on
more promising configurations, thereby optimizing the use of computational resources.
While grid search was adopted here to remain consistent with the original study;, it
is worth noting that the ClearML module fully supports more sophisticated
optimization approaches such as Bayesian search, which could be integrated with
minimal changes to the pipeline structure.

In addition to the parallel coordinate plot, the agent also reports a table (shown
in figure |3.15]) where the first column is a clickable link to the actual task run. In
this way, we can access any task launched by the agent and all its logs, such
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‘ 4

Figure 3.14: Parallel coordinates plot automatically generated by the ClearML
module. Each line corresponds to one run, linking the chosen hyper-parameters to the
resulting performance score.

as the console log, all the plots and figures, and the reported results. Since we have
logged the learning curves, for instance, we can inspect how one of the executions
parameterized with the identity activation function behaves compared to the one with
ReLU on the first k-fold: in figure [3.16|we can see that the model is unable to train
when parameterized with the identity activation function, that is probably the reason
of its low performances.

task id objective iteration hyper-parameters/ac hyper-parameters/al| hyper-parameters/hii hyper-parameters/le; hyper-parameters/so seed/seed status
e30bb4cdfd884aadbt 0-112051976164330 0 relu 0.4 90,20,90 constant adam 7220 completed

13051976164330 0 relu 0.4 90,20,90 adaptive adam 7220 completed

75631e05f58f438a9:2

67d172138db44aset relu 0.05 90,90,90 constant adam 7220 completed
23f0c8h43f504c6697 relu 0.05 90,90,20 adaptive adam 7220 completed
06db4a0Be4c40d18 relu 0.4 19,19,19 constant adam 7220 completed
£1886814f0f04a58 relu 0.4 19,19,19 adaptive adam 7220 completed
bf27df76b85247 2ebe tanh 0.4 120,90,90 constant sgd 7220 completed
02449b2214aa4bc7a tanh 0.4 120,90,90 adaptive sgd 7220 completed
85cd000fb05642esh; 0-074248582126536 0 tanh 0.001 120,20,90 constant sgd 7220 completed
560522d23aa6465be 74248589126536 0 tanh 0.001 120,90,90 adaptive sgd 7220 completed
1ec0615c463741e83 0-055440745161824 0 relu 0.001 38,38,38,19 constant adam 7220 completed
70220e2853574fb7a 0.055440746161824 0 relu 0.001 38,38,38,19 adaptive adam 7220 completed

Figure 3.15: This screenshot shows the dynamically updated table of the tasks executed
by the ClearML agent. In the table are summarized: the hyper-parameters, the
result, and the link to the specific task; the link leads to the task page where all its logs
and information can be analyzed.

Moreover, we can inspect the results for the 5 folds of the |[CV|to check the robust-
ness of the model. Table shows the results of the k-fold iterations logged by the
task parameterized with the identity activation function. We can notice the large
difference between the different evaluation folds both in terms of R? score and in
terms of correlation (the metric used in the original study [126]).

Also, it is worth checking the results obtained with the best hyper-parameter sets
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Figure 3.16: Learning curves logged during training on the same fold of the k-fold
Orange shows the training loss, and green shows the validation R? score, allowing
comparison of different activation functions.



3.5 Research-Stage MLOps for Agronomy: Structuring, Tracking, and
Reproducing Machine Learning Experiments 95

Table 3.6: K-fold results when the [NN| is parametrized with the identity activation
function.

k-fold iteration Best Validation Score Test Score Test Correlation
1 -58.148 -28.853 0.193

2 -22.412 -22.334 0.183

3 -2.063 -2.270 0.254

4 -1.338 -1.899 0.246

5 -1.583 -1.639 0.126
Average (STD) -17.109 (24.640) -11.399 (13.163)  0.200 (0.052)

on the same k-fold |CV|splits. This can be done by simply opening the task’s page to
consult the results; indeed, any task run in the fashion has all these logs reported.
In table the model appears more robust, but still exhibits large deviations in some
folds.

Table 3.7: K-fold results when the [N__N] is parametrized with the ReLU activation function,
the best parameter set found by the agent

k-fold iteration Best Validation Score Test Score Test Correlation
1 0.198 0.361 0.604

2 0.184 0.092 0.334

3 0.182 0.245 0.503

4 0.265 0.233 0.490

5 0.347 0.212 0.468
Average (STD) 0.235 (0.0711) 0.229 (0.0960) 0.480 (0.0968)

This analysis is just a taste of what insights we can gain from accessing the logs of
the agent’s child tasks, an analysis that was difficult to perform on the original
implementation.

Final Evaluation and Predictive with Best Hyper-parameters The last step of the
workflow was to train the model with the best hyper-parameters on the whole training
data split and then to test it on the holdout split. This ClearML task fetches the best
configuration from the task (hyper-parameters achieving the best results and
the corresponding dataset version) and starts the model training. The results of this
task are compared with those of the k-fold data splits, as illustrated in Figure
providing additional information on the robustness of the model. We can see that the
holdout set results align well with the validation folds results of the Indeed, the
test set result falls in the middle of the [CViresults distribution for both the correlation
and the R? score; however, we can notice that the distributions of the results are
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pretty wide, which might suggest that the model is not very robust.
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Figure 3.17: Comparison between k-fold @ results and the holdout evaluation for the
model trained with the best hyper-parameters. Each histogram shows the distribution of
scores across folds: in blue the R? scores, in green the correlation between predictions
and true values and in orange the R* score on the validation split made for the purpose

of [ES| The dashed red line marks the score obtained on the holdout set.

Moreover, by reporting further plots, we can have a visual representation of the
model predictions by navigating the corresponding task logs through the ClearML
user interface. In our implementation, a scatterplot was reported to visualize the
correlation metric (which was referred to as accuracy in the original implementation),
and to show the model’s predictive power, a barplot was reported, comparing true
and predicted traits for some test or validation samples.

Figure displays scatter plots for the task that optimized hyper-parameters on
the holdout split and the first k-fold [CV] fold of the best-performing task in The
fitted blue line cutting the plot represents the correlation between the predicted and
true values. This figure provides a visual aid to understand how this metric relates
to the prediction power of the model. It is important to note that as correlation
is insensitive to shifts and scaling of the features, it may not be an ideal metric to
evaluate the prediction error. In fact, a model with perfect correlation may still exhibit
substantial prediction errors, either due to biases in predicted values or variability in
predictions.

To effectively visualize the prediction error of the model in absolute terms, we can
inspect the bar plot in Figure the predictions of the model are shown for the first
60 test samples. This bar plot is also saved for other tasks trained on K-fold |CV] splits,
showing the samples from the validation folds.

Pipeline Automation and Results Aggregation The last step of the ClearML in-
tegration was to design a workflow that runs the agent and the evaluation of
the best parameters on the holdout set one after the other, and repeats this process
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Figure 3.18: Scatter plots comparing predicted and true values for the model with the
best hyper-parameters. Panel (A) shows the holdout set, and panel (B) shows one fold
from the k-fold@ Points represent samples, and the blue line is the fitted correlation.
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Figure 3.19: Bar plot, logged in the ClearML task, comparing true versus predicted
values for the first 60 samples from the holdout set, illustrating the model’s predictive
accuracy.
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several times to emulate the authors’ replicates (200 in the original setup).

To implement this structure, we used the pipeline feature of ClearML. This modular
approach allows us to run multiple tasks in a custom structure and aggregate their
results. Moreover, in this way, all the involved tasks can be inspected individually to
have detailed information about the execution and can even be run in parallel on
different GPU cores.

Following the schema in Figure the pipeline first creates an task to find
the best hyper-parameter, then launches an evaluation task to test these parameters
on the test data. This sequence is repeated for each experiment replicate, then an
aggregator task collects the results from each replicate and visualizes them in graphical
summaries. For simplicity and to reduce computation time, only 8 replicates were
generated instead of the 200 generated in the original study. While this reduction
limits the statistical power of the evaluation, it is sufficient to illustrate the structure,
execution, and monitoring capabilities of the proposed pipeline, which was
the primary objective of this work.

Figure [3.20, represents the interactive schema of the pipeline, visualized also in
the ClearML user interface. To avoid spawning too many tasks at the same time, each
task waits for the previous task to finish. The evaluation task waits for its
task to get the best hyper-parameters, and the aggregator task has to wait for all
the previous evaluations on the holdout set to start summarizing the pipeline results.
To adhere to the authors’ workflow but still maintain fully reproducible execution, the

Results
aggregator

”~
HPO task 4

| |
Evaluation T T T T T T

ontest

Figure 3.20: Interactive pipeline view generated by the ClearML pipeline agent. Each
box represents a task, and shaded connectors indicate execution dependencies. tasks
run first, followed by evaluation tasks and a final aggregation step.

pipeline was initialized with a global seed that was then used to derive a different
seed for each of the replicate tasks (as one replicate is composed of the task
and the holdout set evaluation task in our setup, the two were receiving the same
seed). In this way, each experiment maintains its unique variability, but rerunning this
pipeline with the same seed would give the same results.

Regarding results reporting, each of these tasks can be inspected as we did in the
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previous sections revealing all the logged results, configurations, and
diagnostics at any depth level. Moreover, since the results were logged inside tasks,
they can be accessed at a later time to make a further analysis without the need to
re-run the whole execution. Furthermore, all the models trained by the tasks are
saved, which means that it is possible to access those models individually to make
further predictions or an eventual fine-tuning.

The pipeline results are summarized in the aggregator task. It reports the results of
the evaluations of the best hyper-parameters on the holdout set and the results of the
same parameters on the k-fold With such a task only responsible for generating
plots and statistics of the previous tasks, we have a module that can store an in-
depth analysis of the relationships between the experiment replicates, which can be
inspected at any time. We can notice that the table documenting the best hyper-
parameters found by the replicates (Figure shows that diverse combinations of
hyper-parameters emerged as optimal from the eight replicates.

Experiment n. activation alpha hidden_layer_sizes learning_rate solver R2 Test Correlation
relu 0.4 [50, 38, 38] constant adam 0.184 (0.11) 0.446 (0.134)
relu 0.001 [19, 38, 38, 19] adaptive adam 0.54 (0.048

relu 0.001 [38, 38, 38, 19] constant adam 0.463 (0.123)

0.392 (0

3 relu 0.001 [19, 38, 38, 19] adaptive adam
4 relu 0.05 [19, 38, 38, 19] constant adam 0.131(0.173

relu 0.4 [19, 19, 19] adaptive sgd

6 relu 0.4 [19, 38, 38, 19] constant adam 0.221 (0.082

relu 0.05 [19, 38, 38, 19] constant adam 0.155 (0.155

Figure 3.21: Best hyper-parameters found by the agents of the 8 replicates

Figure shows the distribution of the results of the 8 experiment replicates on
the holdout test.

With the workflow designed in modular way, becomes easier to have a general
view of the project. indeed we can observe that every model evaluation task
takes in input the dataset pre-divided into training and test sets. Consequently, the
replicates assess the model performance on the same test data split; this reduces
the effectiveness of the model robustness assessment, shifting the evaluation to the
variability introduced by model initialization and robustness of the procedure, as
those remain as the only sources of variability.

This insight could drive to a different evaluation schema like the Monte Carlo
or nested k-fold [CV] [10] to effectively assess the robustness of the [DI] model on
different hold-out splits. On the other hand, in the current evaluation schema we
can still assess the model robustness with the distribution of the K-fold results,
saved in individual tasks and depicted in plots within the aggregator task. The violin
plots, illustrated on the right panel of figure show wide variations in the k-fold
evaluations across the different tasks. Moreover, on the left panel of figure [3.23|
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Figure 3.22: Distributions of the 8 replicates’ results on the holdout set. The metric used
is the correlation between predictions and actual values, the same reported by the authors
in the original study.

the bar plot suggests that the evaluations on a unique holdout split may present a
biased (in this case, optimistic) estimate of model performance when compared to
the model assessment on different data splits produced by the k-fold |CV| evaluations;
again advocating for assessment on different data splits in phase of model testing.

3.5.4 Challenges and Limitations

While the adoption of the frameworks can bring benefits in aspects such as
reproducibility, transparency, and the long-term usability of the code base, it can also
introduce some overhead, such as increased storage requirements for dataset and
model versioning, longer runtimes due to the initializations of the tasks, and a learning
curve when first integrating it into the workflow. In our analysis, these aspects are
largely outweighed by the benefits of these frameworks. Moreover, ClearML offers
enough flexibility to support a soft and gradual adoption, making it suitable even in
contexts where a full setup is not necessary.

In parallel, it is important to consider potential failure modes that may arise during
the execution of complex pipelines. For instance, if articulated workflows are
not carefully designed, there might be mismatches between dataset versions across
different tasks, or environment inconsistencies may emerge if the results from tasks
that were run using an outdated Docker image are used by future tasks. Additionally,
pipelines composed of many tasks can become difficult to navigate, and memory usage
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Figure 3.23: Comparison between holdout evaluation and k-fold |CV|results across the
pipeline’s 8 replicates. The bar plot (left) summarizes mean performance with 95%
bootstrap confidence intervals, while the violin plots (right) show the distribution of
k-fold scores for each replicate together with the corresponding holdout score.

can quickly grow if unnecessary model weights are saved, for example, those of the
tasks generated by the agents. Despite these possible sources of error, ClearML
provides several mechanisms to mitigate them, including a web interface to manage
executed tasks and free up storage, detailed task logging, version tracking, and the
ability to resume the execution from failed stages of a pipeline or the possibility to roll
back to previous configurations. This level of transparency and control helps preserve
the integrity of the pipeline, even in the presence of these challenges.

3.5.5 Conclusion

In this study, we explore and showcase the transformative power of frameworks
for[ML}based research projects, which had no employment in the recent agronomic
literature. By integrating the ClearML and Docker frameworks in a literature study
that deployed a DI model in the foodomics research field [126]], we not only highlight
the potential of adopting these practices in the agronomic context, but also provide
step-by-step guidelines for their efficient integration.

After a few adjustments to the original study’s code base, we integrated the
authors’ complex workflow into the ClearML framework, demonstrating the benefits
of practices. Indeed, by encapsulating the original execution within Docker
containers and utilizing the ClearML framework to log configurations and version
control information, such as the commit of the current code version, an enhanced level
of reproducibility was achieved, ensuring long-term, well-documented reproducible
executions.

Moreover, with a modular and structured approach, the authors’ complex workflow
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was broken down into smaller experiments that could be individually investigated,
thereby acquiring insights from their executions at multiple depth levels. This struc-
ture, combined with detailed reporting of results and diagnostics, enabled a more
informed understanding of the implementation, leading to improved experiment
design and a higher quality research workflow. Moreover, since each trained model is
saved and linked to its execution environment, the proposed pipeline also supports a
seamless transition to production through the ClearML Serving feature.

To clearly highlight how the proposed architecture aligns with the core principles
of MLOps)|, Table [3.8 summarizes the key capabilities addressed in this work and the
corresponding components in our integration.

Table 3.8: Overview of Principles and Their Implementation in the Proposed
ClearML-Based Workflow.

MLOps Capability | Implemented Feature in | Section
ClearML

Experiment Track- | Tasks track parameters, code | [3.5.3

ing version, logs, metrics, and out-
puts

Dataset Manage- | Dataset objects versioned ||3.5.3

ment across preprocessing stages

Pipeline Automa- | Modular tasks executed in |[3.5.3

tion a coordinated workflow via
ClearML Pipelines

Visualization Dashboard supports visualiz- | (3.5.3
ing learning curves, prediction
plots, [HPO| metrics

Model Deployment | Trained models stored as arti- | |3.5.2
facts, linked to execution envi-
ronments, and exportable for
deployment via ClearML Serv-
ing

This mapping highlights how the proposed pipeline meets the core requirements
for building reproducible and production-ready [ML] systems, as emphasized in recent

[MLOps|literature [18],[59].

With this work, we demonstrate how practices and frameworks offer a
structured and reproducible approach to research in the agronomic field even
prior to the deployment stage. As the field continues to evolve, the adoption of these
practices will play a key role in advancing our understanding and leveraging the full
potential of in agronomy and beyond.
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3.6 Discussion and concluding remarks

This chapter examined applied for omics data from both a modeling and an exper-
imental workflow perspective. Through two complementary studies, it demonstrated
how advances in applied [DLj methods and in research-stage experimentation practices
jointly contribute to more reliable and interpretable omics data analysis.

The primary contribution of the chapter is the applied [DL)study on wheat data,
which showed that integrating modern training practices into models can lead
to consistent and statistically significant performance improvements over previously
reported results. Beyond establishing new reference performance on a public dataset,
the study emphasized robustness across experimental settings and incorporated ex-
plainability methods to provide insight into model behavior. By identifying influential
SNP| markers through post hoc interpretation, the work illustrates how [DL] models can
support both accurate prediction and transparent analysis in foodomics applications.

Complementing this applied modeling contribution, the chapter also investigated
the role of frameworks in structuring and managing complex ML experiments.
Using a representative agronomic case study, this work demonstrated how experi-
ment tracking, dataset versioning, modular workflow design, and systematic logging
can improve transparency, traceability, and comparability of applied research.
Importantly, the focus was placed on research-stage experimentation rather than
deployment, and the study distilled a set of practical guidelines for integrating
into scientific workflows, showing how these practices can support informed model
development and iterative exploration in applied omics contexts.

Taken together, the results presented in this chapter show that strong applied
outcomes in omics are not achieved through modeling choices alone. Instead, they
emerge from the combination of robust model design, careful evaluation, interpretabil-
ity considerations, and well-structured experimental workflows. This integrated per-
spective provides a foundation for conducting applied research in omics that is
both scientifically rigorous and practically sustainable.

The author of this PhD thesis is responsible for the following contributions pre-
sented in this chapter:

ITI/1. Design of an applied framework for wheat data analysis, integrat-
ing modern training practices tailored to high-dimensional, low-sample-size
settings.

III/2. Rigorous empirical evaluation of the proposed framework, including statistical
testing and comparison with previously reported baselines, leading to improved
reference results on a publicly available wheat dataset.

I1I/3. Integration of XAl methods into the applied DL] pipeline, enabling feature-level
interpretation of predictions and transparent analysis of relevance.
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III/4. Investigation of frameworks for structuring and managing research-
stage experiments in agronomy, illustrated through a case study on experi-
ment tracking, dataset versioning, and modular workflow organization.
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Summary

This PhD thesis examines methodological and applied challenges that arise when
using Machine Learning (ML)|and [Deep Learning (DL)| models for omics data analysis,
with particular attention to high-dimensional and data-scarce settings common in
agricultural and biological research. The work addresses issues related to evaluation
reliability, training stability, interpretability, and organization of experimental work-
flows, combining methodological investigations with applied case studies in foodomics
and agronomy.

The dissertation is structured into three main parts. Chapter (1| introduces the
background and motivation, outlining the challenges associated with applying to
omics data and defining the overarching research objectives. Chapters|2[and (3| present
the core scientific contributions, grouped into two complementary research directions.

Work I. Methodological Contributions to Machine Learn-
ing for Omics Data

The first group of contributions focuses on methodological aspects that influence how
reliably [DI] models can be trained and interpreted in omics applications. Chapter
investigates evaluation strategies and training procedures for [Neural Network (NN)|
in small, high-dimensional datasets, together with hybrid modeling approaches that
combine data-driven learning with mechanistic structure.

Two studies are presented. The first provides a systematic analysis of how
alidation (CV)|and [Early Stopping (ES)|are combined in foodomics research. It
highlights common pitfalls such as data leakage and biased performance estimates,
and proposes practical recommendations to support more reliable evaluation proto-
cols. The second study examines hybrid and metabolic-informed models from
a multitask learning perspective, analyzing how data-driven and mechanistic objec-
tives interact during optimization and how loss formulation and task balancing affect
performance, stability, and interpretability.

Together, these investigations offer methodological insights and practical guidance
for designing, training, and evaluating |DI| models in omics settings.
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Work II. Applied Deep Learning and Experiment Man-
agement in Agronomy

The second group of contributions focuses on applied models and experiment
management practices in agronomic and foodomics research. Chapter 3| presents two
applied studies that address predictive performance, interpretability, and reproducibil-
ity in real-world omics scenarios.

The first study develops an explainable framework for wheat [Single-Nucleotide|
[Polymorphism (SNP)|analysis. By integrating modern [DI] practices - including regular-
ization, data augmentation, and Bayesian hyper-parameter optimization - the model
achieves statistically significant improvements over previously reported results on a
public wheat dataset. Explainable [Explainable Artificial Intelligence (XAI)|tech-
niques are further used to identify influential markers and support transparent
genotype-to-phenotype interpretation.

The second study explores the role of Machine Learning Operations (MLOps)|
frameworks for organizing research-stage workflows in agronomy. Through a
detailed case study, it demonstrates the integration of experiment tracking, dataset
versioning, pipeline automation, and containerization, showing how such practices
improve reproducibility, transparency, and scalability even before model deployment.

Contributions of the Thesis

In the first group, the contributions concern methodological aspects of ML) for omics
data, with emphasis on evaluation protocols, training strategies, and hybrid learning
formulations (see Section [2.6):

II/1. Systematic analysis of integration in foodomics studies, identifying
methodological pitfalls and sources of bias.

II/2. Practical recommendations for combining [ES| and [CV] to improve reliability and
comparability of performance estimates in small-sample omics settings.

II/3. Methodological investigation of hybrid and metabolic-informed from a
multitask learning perspective, focusing on objective balancing and training
stability.

II/4. Empirical evaluation of loss formulations and training strategies for hybrid
models integrating data-driven and mechanistic objectives.

In the second group, the contributions relate to applied and experiment
management in agronomy and foodomics (see Section 3.6)):
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III/1. Design and development of an applied DL framework for wheat data anal-
ysis, integrating modern training practices to improve predictive performance
and robustness.

ITI/2. Demonstration of statistically significant performance improvements for
genotype-to-phenotype prediction using models on a publicly available
dataset.

I1l/3. Integration of XAl methods to enable feature-level interpretation of [DL] predic-
tions in omics data.

IlI/4. Demonstration of frameworks as tools for structuring and manag-
ing research-stage experiments, enhancing reproducibility and workflow
transparency in agronomy.
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Osszefoglalas

A doktori értekezés a gépi tanulasi (ML) és mélytanuldsi (DL) modellek omikai
adatok elemzésében torténd alkalmazasi és mddszertani kihivasait vizsgdlja, kiilonos
tekintettel azokra a mezdégazdasagi és bioldgiai kutatdasokra, ahol alapvetéen
nagy dimenzidszamu és kis elemszamu adatok dllnak rendelkezésre. A munka a
modellek értékelésének megbizhatdsdgaval, a tanitds stabilitdsaval, a predikciok
magyardzhatdsdgdval, valamint a kisérleti munkafolyamatok szervezésével kapcso-
latos kérdéseket targyalja, modszertani vizsgalatokat 6tvozve élelmiszer-omikai és
agronomiai esettanulmdnyokkal. Az értekezés harom f6 részre tagolodik. Az[1] fejezet
bemutatja az elméleti hatteret és a kutatds motivacidjat, ismerteti az ML omikai
adatokon torténé alkalmazasanak f6bb kihivasait, valamint meghatarozza az atfogd
kutatési célokat. A2l és[3] fejezet a legfontosabb tudoményos eredményeket foglalja
Ossze, két egymast kiegészité kutatdsi irany mentén.

1. rész

Az eredmények elsé csoportja azokra a modszertani szempontokra 6sszpontosit, ame-
lyek meghatdrozzak, hogy a mélytanuldsi modellek mennyire megbizhatéan tanithaték
és magyarazhatok omikai alkalmazasokban. A[2] fejezet a neurdlis halézatok (NN)
értékelési stratégidit és tanitdsi eljarasait vizsgalja kis elemszamu, nagy dimenzidju
adathalmazokon, tovabba olyan hibrid modellezési megkozelitéseket elemez, ame-
lyek az adatvezérelt tanuldst mechanisztikus struktirdkkal otvozik. A fejezet két
tanulmanyt mutat be. Az elsé szisztematikus elemzést ad arrdl, miként alkalmazzak
egylittesen élelmiszer-omikai neuronhdlé-kutatdsokban a keresztvalidaciot (CV) és a
tanitds korai ledllitasat (ES). A tanulmdny egyfeldl ravildgit a szakirodalomban tapasz-
talhaté gyakori mdédszertani hibakra, mint példdul az adatszivargds és a torzitott
teljesitménybecslés, masfel6l gyakorlati ajanlasokat fogalmaz meg a megbizhatobb
értékelési protokollok kialakitdsdra. A mdsodik tanulmany a hibrid és metabolikus
informacidkat hasznosité neuronhalé modelleket a tobbfeladatos tanulas (multitask
learning) szempontjabdl vizsgdlja. A kutatds bemutatja az adatvezérelt és a mecha-
nisztikus célfiiggvények optimalizdlds soran tapasztalhaté kolcsonhatdsat, tovabba
vizsgalja, hogy a veszteségfiiggvény definidlasa és a tanitasi feladatok kozotti egyensu-
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lyozds miként befolydsolja a teljesitményt, a stabilitast és az értelmezhetdséget. Ezek
a vizsgalatok egylittesen modszertani betekintést és gyakorlati itmutatést nydjtanak a
DL modellek tervezéséhez, tanitasdhoz és értékeléséhez omikai kornyezetben.

2. rész

Az eredmények masodik csoportja az alkalmazott DL modellekre és a kisérletmenedzs-
ment gyakorlatdra fékuszal agrondémiai és élelmiszer-omikai kutatdsokban. A
fejezet két tanulmanyt ismertet, amelyek a prediktiv teljesitmény, a magyarazhatdsag
és a reprodukalhatosag kérdéseit targyaljak valdés omikai problémakon. Az els6 tanul-
many egy magyarazhatdé neuronhalé-keretrendszert dolgoz ki buza egynukleotidos
polimorfizmusainak (SNP) elemzésére. A korszerti mélytanulasi eljarasok (koztiik
a regularizacid, az adataugmentdcié és a Bayes-féle hiperparaméter-optimalizalas)
integraldsaval a modell statisztikailag szignifikdns javulast ér el a szakirodalomban
korabban ko6zolt eredményekhez képest egy nyilvdnos buza SNP adathalmazon. A
magyarazhatd mesterséges intelligencia (XAI) technikak alkalmazasa lehet6vé teszi a
meghatdrozé SNP markerek azonositdsat, timogatva a genotipus és fenotipus kozotti
kapcsolat atlathaté értelmezését. A masodik tanulmany a gépi tanuldsi miiveleteket
tdmogatd (MLOps) keretrendszerek szerepét vizsgdlja a kutatdsi fazisban 1évé ML
munkafolyamatok szervezésében az agrondmia teriiletén. Részletes esettanulmanyon
keresztiil mutatja be a kisérletkovetés, az adatverzio-kezelés, a folyamatautomatizalas
és a konténerizdcié integracidjat, ezzel szemléltetve ezeknek a gyakorlatoknak a
reprodukalhatdsagra, atlathatésagra és skalazhatdsagra gyakorolt pozitiv hatasat.
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Az értekezés tudomanyos eredményei

Az els6 eredménycsoport az omikai adatokon alkalmazott gépi tanulds mdédszer-
tani kérdéseit targyalja, kiilonos tekintettel az értékelési protokollokra, a tanitdsi
stratégiakra és a hibrid tanulasi megkozelitésekre (lasd 2.6. alfejezet):

I/1.

/2.

I/3.

/4.

A keresztvalidaci6 (CV) és a korai ledllds (ES) integracidjanak szisztematikus
elemzése élelmiszer-omikai neuralishalézat-kutatasokban, a modszertani hibak
és a torzitasi forrasok azonositasaval.

Gyakorlati ajanlasok kidolgozasa a korai ledllas és a keresztvalidacié kom-
bindldsara a teljesitménybecslés megbizhatésdganak és 6sszehasonlithatdsaga-
nak javitasa érdekében kis elemszamu omikai adatkornyezetben.

Hibrid és metabolikus informdaciokat hasznosité neurdlis halézatok mddszer-
tani vizsgalata a tobbfeladatos tanulds (multitask learning) perspektivajabdl,
kiilonos tekintettel a célfiiggvények sulyozdsara és a tanitdsi stabilitasra.

Veszteségfiiggvény-formuldk és tanitadsi stratégidk empirikus értékelése az
adatvezérelt és mechanisztikus célokat integralé hibrid modellek esetében.

A masodik eredménycsoport az alkalmazott mélytanulassal és a kisérletmenedzsment-
tel foglalkozik az agrondmia és a élelmiszer-omika teriiletén (1asd 3.6. alfejezet):

1/1.

I1/2.

1/3.

11/4.

Alkalmazott mélytanulési keretrendszer tervezése és fejlesztése buza SNP-
adatok elemzésére, amely a prediktiv teljesitmény és a robusztussag novelése
érdekében modern tanitasi eljarasokat integral.

Statisztikailag szignifikdns teljesitményjavulds elérése a genotipus-fenotipus
elorejelzésben neuralishalézat-modellek alkalmazdasaval, nyilvanosan elérhet6
adathalmazon.

Magyardazhat6 mesterséges intelligencia (XAI) mddszerek integraldsa a mély-
tanuldsi elOrejelzések jellemz4-szintl (feature-level) értelmezésének lehetévé
tételére omikai adatok esetében.

Az MLOps keretrendszerek alkalmazhatésdgdnak bemutatdsa a kutatdsi fazis-
ban 1év6 gépi tanulési kisérletek strukturdlasara és kezelésére, névelve ezzel
az agronomiai ML kutatdsok reprodukalhatdsagat és atlathatdsagat.
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