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Abstract

This literature study investigates the challenges and opportunities of using machine learning for
biomarker discovery in metabolomics, with emphasis on how data characteristics influence model
performance. In general, simple machine learning methods are well suited for small datasets and
offer higher interpretability, but they may fail to capture complex biological relationships between
metabolites, while more advanced methods can model such complexity but require larger datasets,
careful tuning and often provide limited interpretability. Importantly, good statistical performance
does not necessarily reflect true biological relevance, as evaluation metrics may indicate strong
predictive ability even when underlying biological relationships are not properly captured,
particularly in high-dimensional and imbalanced datasets. For this reason, model results must be
interpreted with caution and supported by robust validation strategies, although commonly used
validation approaches can still produce overly optimistic results if not correctly applied and more
rigorous methods are often constrained by data availability and computational demands. At the same
time, metabolomics data itself presents major challenges due to high dimensionality, missing values
and technical variation, which makes data preprocessing a critical step in ensuring reliable results.
Overall, the findings suggest that in metabolomics-based biomarker discovery, data quality,
preprocessing and study design have a greater impact on outcomes than the choice of machine
learning model alone.

Keywords: analytical chemistry, biomarker discovery, deep learning, machine learning,
metabolomics, systems biology, supervised learning, unsupervised learning
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1. Introduction

1.1 Metabolomics

Metabolomics is a rapidly evolving field within systems biology that focuses on the
comprehensive analysis of small-molecule metabolites in biological systems.
Metabolites, which are the end products of cellular processes, reflect the integrated
outcome of gene expression, protein activity and environmental influences, and are
therefore closely linked to the phenotype of an organism (Worley & Powers, 2013).
Unlike genomics or proteomics, which provide information on potential or
upstream biological activity, metabolomics captures the actual biochemical state of
a system at a given time point. This makes it a particularly powerful approach to
studying physiological and pathological processes.

The concept of metabolomics dates back much earlier than the field itself, as people
historically used observable traits, such as the sweetness of urine, to identify
elevated glucose levels in diabetes (Ren et al., 2015). However, the development of
advanced chemical analytical platforms has been central to the growth of
metabolomics. Techniques such as mass spectrometry (MS) and nuclear magnetic
resonance (NMR) spectroscopy enable the detection and quantification of
metabolites in complex biological matrices such as blood, urine and tissue samples
(Tuerxunyiming et al., 2025). MS, often coupled with separation techniques such
as liquid or gas chromatography, offers high sensitivity and the ability to detect
low-abundance metabolites, while NMR provides highly reproducible and non-
destructive analysis, albeit with lower sensitivity (Ren et al.,, 2015). These
complementary technologies allow for both targeted and untargeted metabolomic
approaches, facilitating broad metabolic profiling as well as the precise
quantification of specific compounds.

The metabolomics workflow typically involves several interconnected steps,
including experimental design, sample collection and preparation, data acquisition,
preprocessing and statistical analysis (Anwardeen et al., 2023). Each of these stages
can introduce both systematic and random sources of variation, which may
influence downstream analyses. In particular, preprocessing steps such as peak
detection, alignment, normalization and scaling are critical for transforming raw
spectral data into structured data matrix suitable for statistical evaluation
(Anwardeen et al., 2023). The quality of these steps has a direct impact on the



reliability of the results, highlighting the importance of rigorous methodological
control throughout the analytical pipeline.

One of the primary motivations for applying metabolomics in biomedical research
is its potential for biomarker discovery. Biomarkers are measurable biological
indicators that can be used to detect or predict disease, monitor disease progression
or evaluate responses to treatment. The identification of reliable biomarkers is
essential for improving diagnostic accuracy, enabling early disease detection and
advanced personalized medicine. Because metabolites are closely linked to
biochemical pathways and physiological states, metabolomics offers a unique
opportunity to identify biomarkers that are directly associated with disease
mechanisms. Also, in many diseases, metabolic alterations occur before the onset
of clinical symptoms, making metabolite-based biomarkers particularly valuable
for early diagnosis (Shomorony et al., 2020; Anwardeen et al., 2023; Zhang et al.,
2023). However, despite numerous reported candidate biomarkers, the translation
of metabolomic findings into clinically validated biomarkers remains limited.

A major factor contributing to this limitation is the inherent complexity of
metabolomics datasets. A defining feature of such data is high dimensionality,
where the number of measured metabolites far exceeds the number of samples (Sun
et al., 2024). This imbalance presents significant challenges for statistical analysis,
as it increases the likelihood of identifying random correlations that do not reflect
true biological relationships. This is also called overfitting, where the model
captures noise instead of true biological signals (Zhao et al., 2025). The problem is
further compounded by the presence of highly correlated variables, as many
metabolites are interconnected within biochemical pathways, leading to
redundancy in the data (Shomorony et al., 2020; Wang et al., 2022).

In addition to high dimensionality, metabolomics datasets are often characterized
by substantial levels of noise and variability. Technical variation can arise from
differences in sample collection, storage, and preparation, as well as from analytical
factors such as instrument performance and batch effects, meaning unwanted
technical variations in the data caused by non-biological factors (Deng et al., 2024).
At the same time, biological variability between individuals, driven by factors such
as age, diet, lifestyle, and environmental exposure, can introduce additional
complexity. These sources of variation can obscure true biological signals and
complicate the identification of robust biomarkers.

Another important challenge is the prevalence of missing data and non-normal data
distributions in metabolomics datasets. Missing values frequently occur due to
metabolites being present below the detection limit or as a result of technical issues



during data acquisition (Idkowiak et al., 2025). Furthermore, metabolite
concentrations often exhibit skewed distributions and heteroscedasticity, violating
the assumptions of many classical statistical methods. This necessitates the use of
appropriate data transformation, normalization, and imputation strategies, each of
which can influence the outcome of the analysis.

Finally, metabolomics studies are particularly susceptible to false discoveries. The
simultaneous testing of a large number of metabolites increases the risk of
identifying statistically significant results by chance alone. Without appropriate
correction for multiple testing and careful validation, this can lead to the reporting
of biomarkers that lack reproducibility and biological relevance. Additionally,
limited sample sizes, which are common in metabolomics due to the cost and
complexity of data acquisition, reduce statistical power and further increase the risk
of unreliable findings (Mendez et al., 2019).

Taken together, these challenges highlight that while metabolomics holds great
promise for biomarker discovery, its successful application depends critically on
careful data handling and rigorous statistical analysis. Understanding the limitations
and complexities of metabolomics datasets is therefore essential for ensuring that
identified biomarkers are both statistically robust and biologically meaningful.

1.2 Machine Learning in Metabolomics

Machine learning (ML) has become an increasingly important tool for the analysis
of complex biological data, including metabolomics. In essence, ML refers to a
class of computational algorithms designed to identify patterns in data and make
predictions or decisions without being explicitly programmed for a specific task
(Zhao et al., 2025). By learning from existing datasets, ML models can uncover
relationships between variables and outcomes, making them particularly useful in
data-rich fields such as systems biology.

In metabolomics, ML methods are commonly applied to tasks such as
classification, regression and feature selection. Classification models aim to
distinguish between biological groups, for example diseased and healthy
individuals, based on their metabolic profiles, while regression models are used to
predict continuous outcomes such as metabolite concentrations. These approaches
rely on “features,” which represent measurable characteristics derived from the
data, such as mass-to-charge ratios or metabolite intensities (Zhao et al., 2025). The
ability of ML algorithms to handle large numbers of variables simultaneously
makes them well suited for metabolomics datasets, where metabolites are often
interconnected through complex biochemical pathways.



The development of ML models involves several key steps, including data
preprocessing, model training, and performance evaluation. Preprocessing
techniques such as normalization, scaling, and transformation are commonly
applied to ensure that the data is suitable for analysis and comparable across
samples (Ren et al., 2015; Zhao et al., 2025). The dataset is typically divided into
subsets for training and evaluation, allowing the model to learn patterns from one
portion of the data and assess its predictive performance on another. Model
performance is commonly evaluated using evaluation metrics, which provide
quantitative measures of how well the model distinguishes between different
classes (Sun et al., 2024).

Deep learning (DL) is a subset of ML that utilizes artificial neural networks with
multiple layers to model complex relationships in data (Sha et al., 2021; Zhao et al.,
2025). These models are designed to automatically learn hierarchical
representations of input data, allowing them to capture both simple and highly
complex patterns. In contrast to traditional MLapproaches, DL can reduce the need
for feature engineering, as relevant features are learned directly from the data during
traming.

The application of DL has expanded rapidly in recent years, including within
metabolomics and other omics disciplines. Its ability to model nonlinear
relationships and process large-scale datasets has contributed to its growing use in
biological data analysis. Furthermore, DL approaches can integrate multiple types
of data and capture interactions between variables, offering a flexible framework
for studying complex biological systems.

Overall, ML and DL provide powerful and versatile approaches for analysing
metabolomics data. Their capacity to identify patterns, model relationships, and
support predictive analysis has made them valuable tools in modern biomedical
research, particularly in studies aimed at understanding disease mechanisms and
identifying potential biomarkers.

1.3 Aim

The aim of this literature study was to investigate the challenges and opportunities
associated with metabolomics-based biomarker discovery using ML, with a
particular focus on the statistical and biological characteristics of metabolomics
datasets. Although metabolomics combined with ML has shown considerable
potential for identifying disease-associated biomarkers, the high complexity,
variability and dimensionality of metabolomics data raise important concerns
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regarding the reliability, reproducibility and biological relevance of reported
findings. This study therefore aimed to critically evaluate how the inherent
properties of metabolomics datasets, together with commonly used statistical and
ML approaches, influence the outcomes and interpretation of biomarker discovery
studies.
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2. Method

2.1 Methodology

This study was conducted as a literature-based review with the aim of identifying
and critically evaluating challenges associated with the use of metabolomics in
biomarker discovery, with a particular focus on ML-based statistical analysis.
Relevant scientific literature was collected, reviewed and synthesized to provide an
overview of current knowledge in the field.

2.2 Literature Search Strategy

A structured literature search was performed to identify relevant peer-reviewed
articles. Google Scholar was used as a scientific database. It was chosen because it
provides broad interdisciplinary coverage and articles from multiple scientific
publishers, which was suitable for identifying studies related to ML in
metabolomics. Since the study was a literature review with a specific focus rather
than a systematic review, one comprehensive database was considered sufficient
for the scope and timeframe of the project. The search focused on studies related to
metabolomics, biomarker discovery, and statistical or computational analysis
methods.

The following keywords and combinations of keywords were used during the
search process:
“metabolomics”

“biomarker discovery”

e ‘“metabolomics data analysis”
e “statistical challenges metabolomics”
e “high dimensional data metabolomics”
e “overfitting metabolomics”

e “false discoveries metabolomics”

e “machine learning metabolomics"

e “PLS-DA”

e ‘“random forest”

e “support vector machine”

e “deep learning metabolomics”

e “XGBoost”

e “SHAP metabolomics"

e ‘“‘cross-validation bias metabolomics'
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e “analytical techniques metabolomics”

2.3 Selection Criteria

Articles were selected based on their relevance to the research aim. Priority was
given to peer-reviewed studies that addressed statistical methods, data
characteristics, and challenges in metabolomics-based biomarker discovery. Both
methodological papers and applied studies were included to provide a
comprehensive understanding of the topic.

Studies were excluded if they lacked relevance to metabolomics, did not address
biomarker discovery, or did not include a statistical or analytical perspective.
Initially, around 52 articles were identified, but 30 articles remained after applying
the inclusion and exclusion criteria.

2.4 Use of Al Tools

ChatGPT (OpenAl) was used as a supportive tool during the literature search
process to assist in identifying relevant keywords, refining search queries, and
suggesting potentially relevant research topics and articles. However, all sources
included in this study were independently verified by consulting original peer-
reviewed publications, and no references were included without manual evaluation.

ChatGPT was also used as a supporting tool for creating the figures included in the

text.

2.5 Data Analysis

The selected articles were systematically reviewed and key findings related to
statistical challenges in metabolomics were extracted. Particular attention was
given to recurring themes such as high dimensionality, small sample sizes, data
variability, model validation, and risk of false discoveries.
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3. Results

3.1 Metabolomics Data and Preprocessing

3.1.1 Data Acquisition and Characteristics

Metabolites are quantified using advanced chemical analytical techniques. Among
the most commonly used techniques are liquid chromatography-mass spectrometry
(LC-MS), gas chromatography-mass spectrometry (GC-MS) and nuclear magnetic
resonance (NMR) spectroscopy. These techniques differ in their analytical
capabilities, even though they are complementary. MS offers sensitive and unbiased
detection of many metabolites, meaning that the method can detect a wide range of
metabolites without being specifically targeted toward only certain metabolite
classes (Zhao et al., 2025). LC-MS and GC-MS are widely used due to their high
sensitivity and ability to detect low-abundance metabolites (Xiao et al., 2012).

Metabolites are first separated using chromatographic techniques and subsequently
detected based on their mass-to-charge ratios (Xiao et al., 2012; Zhao et al., 2025).
High-resolution mass spectrometry instruments are commonly used for untargeted
metabolomics, such as quadrupole time-of-flight and Orbitrap systems, in which as
many metabolites as possible are measured in a biological sample (Zhao et al.,
2025).

NMR spectroscopy is also used for the detection of metabolites. In this method,
nuclei with a magnetic spin are placed inside a magnetic field, and the different
energy levels generated can be observed using radiofrequency waves (Griffin et al.,
2011). NMR spectroscopy is a non-destructive and highly reproducible method for
metabolite identification and quantification, because the sample is not in contact
with the detector and requires no chemical derivation (Ren et al., 2015). However,
it offers a lower sensitivity compared to MS since only metabolites in medium or
high abundance can be detected.

Metabolomics data is characterized by high dimensionality, where the number of
measured variables far exceeds the number of samples, since modern analytical
techniques can detect thousands of metabolites (Worley & Powers, 2013; Labory
et al., 2024). This imbalance leads to what is commonly referred to as the “curse of
dimensionality”, where the presence of many variables increases the complexity of
the data. This is a major drawback of metabolomics, since the cost of data collection
is also financially high and the number of participants is limited (Labory et al.,
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2024). Furthermore, many metabolites are correlated and, in the context of
biomarker discovery, not directly related to the disease in question, which leads to
noisy, redundant information (Wang et al., 2022; Labory et al., 2024). This poses a
great challenge for statistical analysis, as many methods assume independence
between variables.

As a result, metabolomics data often require preprocessing steps such as
dimensionality reduction, feature selection or transformation to make the data more
suitable for statistical analysis. Deconvolution, library-based identification and
alignment is then used to convert the spectral data to presence of metabolites in
each sample, which links the raw data to statistical analysis (Anwardeen et al.,
2023). As Anwardeen et al. (2023) put it, “statistical machine learning-based
methods are geared towards the identification of unknowns based on feature
similarity with the knowns”.

In addition to high dimensionality, missing values is a common feature of
metabolomics datasets (Anwardeen et al., 2023; Idkowiak et al., 2025). This is due
to metabolite concentrations falling below the limit of detection, technical issues
during peak detection or alignment, and variability in sample preparation or
instrument performance. Although metabolomics data has been subjected to general
statistical techniques for multiple imputation, the non-random nature has
necessitated the development of more tailored approaches. One such approach is
MetabImpute, an R package that recognizes if the missingness is random or not
random (Anwardeen et al., 2023).

3.1.2 Data Preprocessing

Data preprocessing is a critical step in metabolomics workflows, as it also
influences the validity, interpretability and reproducibility of downstream statistical
analyses. The preprocessing steps are normalization, transformation, imputation
and scaling, and they are not merely technical adjustments. Rather, they
fundamentally shape the statistical structure of the data and, in turn, the outcomes
of biomarker discovery efforts.

Because preprocessing aims to reduce unwanted technical variation while
preserving biologically meaningful differences, normalization is commonly applied
to correct for systematic variation between samples. These differences could be due
to differences in sample concentration, dilution effects or analytical variability (Ren
et al., 2015; Zhao et al., 2025). By scaling each sample (row) by a sample specific
constant factor, the intensities of metabolites become more comparable across
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observations (Ren et al., 2015). Also, to standardize the dataset, z-score
normalization can be applied to scale the data to a standard normal distribution (Sun
et al., 2024). The researchers distinguish between two different normalization
methods; pre-acquisition normalization strategies where standardization is based on
sample volume, mass or metabolite concentration, and post-acquisition statistical
approaches, including sum, median and probabilistic quotient normalization.
(Idkowiak et al., 2025).

Although normalization can mitigate or even correct datasets with analytical
variation, pre-analytical variation, such as sample collection or handling, is harder
to account for (Idkowiak et al., 2015). Also, the distinction between technical and
biological variation is not always clear, and inappropriate normalization may either
fail to remove confounding variability or inadvertently eliminate relevant biological
differences. This should be accounted for before comparing metabolomes.

Due to missing values and outliers, metabolomics data deviate from a symmetric
Gaussian distribution and exhibit right- or left-skewed patterns (Anwardeen et al.,
2023). Because the variance depends on the mean, this deviation violate
assumptions of many parametric statistical methods. Log transformation is
commonly used to stabilize the variance and reduce skewness (Idkowiak et al.,
2025). More advanced approaches, such as rank-based inverse normal
transformation, have been applied to address the non-Gaussian distributions
(Shomorony et al., 2020). Also, the order in which preprocessing steps are applied
can influence statistical bias, since performing transformation prior to covariate
adjustment has been shown to reduce bias compared to alternative sequences (Pain
et al., 2018).

More advanced methods to deal with missing values are k-nearest neighbors (kNN)
and random forest-based imputation. kNN is widely used to estimate missing values
based on the similarity between samples (Frolich et al., 2024; Idkowiak et al.,
2025). In this approach, the “k” most similar observations (neighbors) are identified
using a distance metric, such as Euclidean distance, calculated from the available
features. The missing value is then imputed using a function of the corresponding
values in the neighboring samples, commonly the mean or a weighted average. This
method assumes that similar samples will exhibit similar metabolite profiles and
can therefore provide biologically plausible estimates.

Random forest-based imputation is based on an ensemble of decision trees to
predict missing values (Idkowiak et al., 2025). Each variable with missing values
is treated as a response variable and predicted using the remaining variables as
predictors (Labory et al., 2024). By iteratively refining these predictions, the
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algorithm constructs multiple decision trees and aggregate their outputs, which
captures complex interactions between features/metabolites (Anwardeen et al.,
2023). It can handle both continuous and categorical data and is robust to outliers
and normalization techniques.

Finally, scaling is another essential preprocessing step, in which a uniform scale is
found for all variables (Idkowiak et al., 2025). However, a major disadvantage of
data scaling is its ability to amplify instrumental noise (Worley & Powers, 2013).
This is particularly challenging for multivariate analysis, since principal component
analysis (PCA) and partial least squares (PLS) are sensitive to this kind of data
characteristic.

3.2 Feature Engineering in Metabolomics

3.2.1 Feature Selection

Since metabolomics data is high-dimensional, dimensionality reduction is essential
for the data to be analyzed correctly. Dimensionality reduction is categorized by
feature selection and feature extraction. Feature selection methods aim to identify
a subset of the original variables that maximize the performance of a predictive
model while minimizing redundancy and noise (Labory et al., 2024). It results in
improved learning performance, which is recognized by increased classification
accuracy, reduced computational power and enhanced model interpretability. The
feature selection approach is classified into three groups: supervised, unsupervised
and semi-supervised.

Filter, wrapper and embedded methods are commonly used for feature selection
(Labory et al., 2024). Filter methods evaluate the relevance of individual features
independently of any specific ML algorithm, using statistical criteria such as
variance, correlation and hypothesis testing. For example, Kolmogorov-Smirnov
(KS) is a supervised filter model that assesses whether the distribution of a
metabolite differs significantly between groups. The main advantage of filter
methods is their computational efficiency and independence from model-specific
bias. However, traditional feature selection methods fail to capture the complex
interactions and correlations between metabolites (Sun et al., 2024). Researchers
have therefore proposed the Mutual Information-Random Forest (MI-RF) method,
in which mutual information metrics are combined with the feature importance
scored from random forest.
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Wrapper methods evaluate subsets of features based on the predictive performance
of a specific ML model (Labory et al., 2024). An example is the Boruta algorithm,
which builds upon random forest classification to iteratively tested and assessed
using model performance metrics. By accounting for interactions between features
and model behavior, wrapper methods have the ability to achieve higher predictive
accuracy compared to filter methods.

Embedded methods integrate feature selection directly into the model training
process (Labory et al., 2024). Techniques such as least absolute shrinkage and
selection operator (LASSO) regression impose a penalty on model coefficients,
shrinking some coefficients to zero and selecting a subset of relevant features (Ge
etal., 2025). LASSO performed better in predicting model selection and identifying
predictors, compared to classical statistical methods. However, linear approaches
such as LASSO may struggle to capture nonlinear relationships, which can even
exclude biologically relevant metabolites (Sun et al., 2024). Additionally, the
stability of selected features can be sensitive to small changes in the data, raising
concerns about reproducibility in biomarker discovery.

3.2.2 Feature Extraction

Feature extraction aims to lower the dimensionality of high-dimensional features,
thereby constructing a new feature space with linear or nonlinear combinations of
the original features (Labory et al., 2024). Among linear feature extraction methods,
PCA remains one of the most widely used unsupervised approaches (Idkowiak et
al., 2025). PCA performs a linear transformation of the data into orthogonal
components that capture the maximum variance, thereby enabling visualization of
the global structure and detection of clustering patterns. It is a computationally
efficient method that scales well with large datasets (Idkowiak et al., 2025), and it
can be used as checkpoint during quality control to screen for outliers (Anwardeen
et al.,, 2023). However, because it maximizes total variance rather than class
separation, it only reveals group structure when between-group variation is much
higher than within-group variation (Worley & Powers, 2013). Therefore, class
separation in PCA scores plot could be misleading if it is not a function of the
algorithm but occurs due to sample preparation problems, inappropriate data
preprocessing or experimental bias. Consequently, while PCA is valuable for
exploratory analysis, its direct utility for identifying discriminative biomarkers is
limited.

To address these limitations, supervised linear methods such as partial least squares
discriminant analysis (PLS-DA) and its extension orthogonal PLS-DA (OPLS-DA)
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are commonly employed. While PLS-DA uses predictor variable X to optimally
explain the response variable Y, OPLS-DA divides the variance into parts that
predict the experimental groups and parts that arises because of noise (Anwardeen
et al., 2023). But as with other models, both PLS-DA and OPLS-DA are associated
with substantial statistical challenges. A major concern is their tendency to overfit
(Gromski et al., 2015; Ge et al., 2025). Because these models are optimized to
maximize class separation, they can produce apparent discrimination even in
random or noisy data, leading to misleading separation, which stresses the fact that
“visual separation alone is not evidence of a valid model” (Gromski et al., 2015).
Also, inadequate validation practices can result in overly optimistic estimates of
predictive performance, so metrics such as R? (explained variance) and Q2
(predictive ability) may not reliably reflect true model generalizability. Even
variable importance in projection (VIP) scores can be unstable and sensitive to
small changes in data.

Non-linear extraction methods have also gained increasing attention in
metabolomics. Techniques such as kernel-based methods (Labory et al., 2024;
Mendez et al., 2019) and manifold learning approaches (Idkowiak et al., 2025) are
capable of capturing complex, non-linear relationships between metabolites that
linear methods cannot represent, especially given that metabolite interactions are
often non-linear and highly independent. However, this increased complexity
comes at the cost of reduced interpretability, making it difficult to link extracted
features to specific metabolites or biological pathways.

3.3 Statistical Learning in Metabolomics

3.3.1 Univariate and Multivariate Analysis

Univariate and multivariate analyses are fundamental statistical approaches in
metabolomics and are widely used for biomarker discovery, pattern recognition and
interpretation of metabolic alterations associated with disease states (Idkowiak et
al., 2025). Univariate analysis examines one metabolite at a time to determine
whether its abundance differs significantly between experimental groups (figure 1).
Commonly applied methods include the Student’s t-test, analysis of variance
(ANOVA), Mann-Whitney U test and fold change analysis. These methods are
frequently used as an initial screening step to identify potentially discriminative
metabolites between healthy and diseased cohorts. The main advantage of
univariate analysis lies in its simplicity and interpretability, since each metabolite
is independently evaluated for statistical significance (Saccenti et al., 2014).
Furthermore, univariate methods are computationally efficient and relatively
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straightforward to implement, making them useful for preliminary biomarker
discovery workflows.

1. Data 2. Statistical test 3. Multiple testing 4. Results
Metabolomics (per metabolite) correction ...
i Significant
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Figure 1. Workflow of univariate analysis of metabolomics. The analysis starts with data generation
and proceeds with statistical testing of each metabolite. To decrease the risk of false-positive
finding, multiple testing correction is applied before analyzing the significant metabolites. Picture

created with assistance of ChatGPT.

Despite these advantages, univariate analysis has important limitations when
applied to metabolomics datasets. Since metabolites are evaluated independently,
biological relationships and correlations between metabolites are ignored. This
represents a significant drawback because, as mentioned before, metabolites
function within highly interconnected metabolic pathways rather than as isolated
variables. In addition, metabolomics datasets often contain thousands of
metabolites, increasing the risk of false-positive findings due to multiple hypothesis
testing, which occurs when thousands of statistical tests are conducted
simultaneously (Broadhurst & Kell, 2006). Also, testing each metabolite
independently leads to inflated type I error rates, and with a typical threshold of p
< 0.05, hundreds of false positives are expected. Therefore, it is recommended to
apply multiple testing corrections, such as Bonferroni correction, and control the
false discovery rate (FDR) rather than individual error rates (Broadhurst & Kell,
2006).

In contrast, multivariate analysis evaluates several metabolites simultaneously and

is therefore better suited for capturing the complexity of metabolic systems (figure
2). Multivariate methods are particularly advantageous in metabolomics because
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they can account for metabolite correlations, reduce dimensionality and identify
hidden structures within high-dimensional datasets (Idkowiak et al., 2025).
Commonly applied multivariate approaches include (PCA), (PLS-DA) and (OPLS-
DA).
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Figure 2. Workflow of multivariate analysis, in which several metabolites are analyzed
simultaneously. After preprocessing of the data, unsupervised analysis such as PCA is applied,
followed by supervised analysis such as PLS-DA. The results generated show group separation,

pattern recognition and significant metabolites. Picture created with assistance of ChatGPT.

Multivariate and ML overlap conceptually because both analyze variables
simultaneously to identify patterns in complex datasets. ML methods build upon
the principles of methods such as PCA, PLS-DA and OPLS-DA by applying
computational algorithms capable of learning complex relationships within high-
dimensional data for prediction and classification purposes (Zhao et al., 2025). The
distinction between the fields is therefore not absolute, as both aim to extract
meaningful biological information from multidimensional datasets. Because of this,
the abovementioned methods are described in more detail in the coming section.

3.3.2 Machine Learning Methods

3.3.2.1 Unsupervised Machine Learning Methods

Unsupervised ML methods are used in metabolomics for exploratory data analysis,
particularly when the underlying structure of the data is unknown (Idkowiak et al.,
2025). Methods such as PCA, hierarchial clustering and k-means clustering are
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commonly applied to reduce dimensionality and identify natural groupings in high-
dimensional metabolite profiles.

As mentioned before, PCA is one of the most established techniques and allows for
intuitive visualization of metabolic differences between experimental groups,
making the technique useful as an initial quality control step to assess whether
biological separation exists before any supervised modelling is applied (Wang et
al., 2022). However, PCA is inherently linear and therefore struggles to capture
non-linear metabolic interactions, which are common in biological systems. As a
result, subtle but biologically relevant patterns may remain hidden.

k-means clustering is another unsupervised method that assigns samples to clusters
based on distance to centroids (Ren et al., 2015). While computationally efficient,
it assumes spherical and equally sized clusters, an assumption that rarely holds in
metabolomics datasets that are characterized by heterogeneity, skewed distributions
and outliers (Idkowiak et al., 2025). Consequently, cluster assignments may
become unstable or biologically non-interpretable. Hierarchial clustering, although
more flexible, is highly sensitive to distance metrics and linkage criteria, which can
significantly alter clustering outcomes.

More advanced unsupervised approaches such as variational autoencoders (VAEs)
address some of these limitations by learning non-linear latent representations using
neural networks (Wang et al., 2022). VAEs can capture more complex structures
than PCA, but they require large datasets, careful tuning and often lack
interpretability, which limits their use in biomarker discovery.

3.3.2.2 Simple Supervised Machine Learning Methods

Simple supervised ML methods incorporate outcome variables and are therefore
more directly suited for biomarker discovery in metabolomics. Common examples
include PLS-DA, OPLS-DA and logistic regression (LR).

PLS-DA is particularly popular in metabolomics because it can handle high-
dimensional and highly collinear data by projecting predictors into latent
components that maximize covariance with class labels (Gromski et al., 2015;
Anwardeen et al., 2023). This makes it well suited for datasets where the number
of variables is much higher than the number of samples. For instance, PLS-DA is
frequently used in disease classification studies to separate control and patient
groups based on metabolite profiles (Wang et al., 2022). A major limitation is its
tendency to overfit, especially in small sample sizes typical of metabolomics
studies. Without proper cross-validation or permutation testing, PLS-DA models
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may appear to perform well even when the predictive power is limited (Gromski et
al., 2015).

OPLS-DA improves interpretability by separating predictive variation from
orthogonal (non-predictive) variation, which can help identify discriminative
metabolites more clearly (Anwardeen et al., 2023). Nevertheless, it still inherits
many of the same overfitting risks and linear assumptions as PLS-DA.

LR, another simple supervised method, provides a more interpretable and
probabilistic framework for classification tasks (Ranganathan et al., 2017). It
predicts the probability that a sample belongs to a specific class by modeling the
relationship between metabolite variables (X) and a binary outcome (Y). While it
is highly interpretable and provides probabilities that are useful in clinical decision-
making, it again assumes a linear relationship between predictors and outcome.

3.3.2.3 Complex Supervised Machine Learning Methods

Complex supervised ML methods such as random forest (RF), support vector
machine (SVM) and gradient boosting algorithms (e.g. XGBoost) offer greater
flexibility in modeling non-linear relationships in metabolomics data.

RF is an ensemble learning method that constructs multiple decision trees and
aggregates their predictions (Sun et al., 2024). This allows RF to capture non-linear
interactions and handle noisy, high-dimensional data effectively. In metabolomics,
RF has demonstrated strong performance in disease classification tasks (Ge et al.,
2025). Additionally, RF is relatively robust to missing values and does not require
strict feature scaling (Anwardeen et al., 2023). However, interpretability remains
limited, and model performance can degrade without careful tuning of tree depth,
number of tress and feature selection strategies. Furthermore, in some
metabolomics applications such as prostate cancer metabolite prediction, RF and
XGBoost have shown suboptimal performance, suggesting that their effectiveness
is highly dataset-dependent (Sun et al., 2024).

SVMs are powerful classifiers that can model complex decision boundaries using
kernel functions (Mendez et al., 2019). This makes them particularly useful in
metabolomics where class separation is not linearly separable. Yet, SVMs are
highly sensitive to parameter selection and often require extensive preprocessing
and feature scaling (Sun et al., 2024). They also do not inherently provide
probabilistic outputs, which can limit interpretability in biomarker studies.
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XGBoost further improves predictive performance by sequentially correcting error
from previous models (Labory et al., 2024). Although several studies have shown
its strong performance in structured biological datasets, it is highly prone to
overfitting if not carefully regularized (Wang et al., 2022; Sun et al., 2024).

Overall, complex supervised methods improve predictive power by capturing non-
linearities, but this comes at the cost of interpretability, computational complexity

and increased risk of overfitting.

A simplified workflow of ML is shown in figure 3.

1. Data 2. Feature 3. Model 4. Model 5. Prediction
Metabolomics selection training evaluation
data matrix New samples
_ ML algorithms Cross-validation
Metabalites
High
L e .
W N | Random Forest EEEE
g B L —  SVM =y 2 —
= [N L]
E XGBoost .
vl
lgl Elastic Net
il ! i Select informative Accuracy, R?, AUC, Cles/ 9u.tc°me
B Low metabolites RMSE, etc. prediction
Common tasks @0 Goal:
N O Build predictive models to
"8 ;‘\ :-° classify samples, predict outcomes
o0 o\0* and identify key metabolites.
® R
: Qutput: Trained model, performance
Classification Regression Biomarker discovery metrics, important metabolites.
(e.g., disease vs. control)  (e.g., biomarker level)  (important features)

Figure 3. Workflow of ML in metabolomics. First, data is generated and features are selected. The
ML model is then trained and evaluated using cross-validation (see section 3.4), before prediction

and eventual clinical application can be made. Picture generated with assistance of ChatGPT.

3.3.2.4 The Bias-Variance Tradeoff: Simple Versus Complex Machine Learning
Methods

Because of differences in variance and bias, there is always a tradeoff between
simple and complex ML methods. Variance describes how sensitive a model is to
changes in the training data (James et al., 2013). When a model is trained, a dataset
is used to estimate a function f”, which is the model’s approximation of the true
relationship f. If different training sets are collected, the model would not be exactly
the same, and variance measures how much the model changes between these
different datasets. Low variance indicates that the model stays relatively stable even
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if the training data changes a little, and high variance indicates that small changes
in the training data lead to very different models.

More flexible or complex models, such as RF and SVM, can fit the training data
very closely (Mendez et al., 2019; Sun et al., 2024), which means they capture many
patterns in the data. This ability makes them learn random noise and irrelevant
variation, making the models highly dependent on the specific training dataset. In
other words, these complex models have high variance. High variance is therefore
closely related to overfitting, since an overfitted model performs extremely well on
the training data but poorly on new unseen data (Zhao et al., 2025).

In contrast, bias is the error that occurs when a model is too simple to capture the
true relationship in the data (James et al., 2013). Even though biological systems
are complex, statistical models simplify reality in order to make predictions. When
a model makes assumptions that are too simple, it cannot fully represent the true
underlying patterns, and this difference between the true relationship and the
simplified model is called bias. LR, for example, has high bias since the model is
overly simple and important patterns are missed (Ranganathan et al., 2017). High
bias leads to underfitting, in which the model performs poorly on both training and
test data and fails to learn the important structure of the data (Zhao et al., 2025)
(figure 4).

OVERFITTING IN MACHINE LEARNING

Overfitting occurs when a model learns the training data too well, including the noise,
resulting in poor performance on new, unseen data.
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Figure 4. Graphical representation of underfitting (when the model is too simple), good fit (when
the model has good generalization) and overfitting (when the model is too complex). Underfitting

makes the model unable to capture the complex relationships between metabolites, while overfitting
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leads to results based on noise rather than true biological signals. Picture generated with assistance
of ChatGPT.

3.3.3 Deep Learning Approaches

Deep learning (DL) approaches have emerged as powerful alternatives to classical
ML methods in metabolomics, which is due to their capacity to model complex,
nonlinear relationships and to process high-dimensional data without extensive
feature engineering (Zhao et al., 2025). These models solve problems such as image
recognition, biochemical pattern discovery and natural language processing (figure
5). However, a fundamental issue in DL models, such as neural networks (NN), is
that the results are considered as uninterpretable “black boxes”, rendering the
information less meaningful since it cannot be utilized in a realistic way (Rudin et
al., 2019; Watson et al., 2019). To solve this problem, researchers have developed
several DL models with striking features.
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Figure 5. Workflow of DL. DL models are constructed using artificial neural networks, which are
able to capture the complex relationships between metabolites and process high-dimensional data.
After model training, the model is evaluated using cross-validation (see section 3.4) and predictions
and interpretations can be made. However, as is often the case, the results of DL models are

uninterpretable “black boxes”. Picture generated with assistance of ChatGPT.
In order to reveal biomarkers for Parkinson’s disease, Zhang et al. (2023) developed

a model called “Classification and Ranking Analysis using Neural networks
generates Knowledge from Mass Spectrometry” (CRANK-MS), which has several
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built-in features. The integrated model parameters avoid the need for preselecting
chemical features while analyzing the high-dimensional metabolomics data. The
model also incorporates Shapely Additive exPlanations (SHAP) that
retrospectively extract chemical features that contribute the most to an accurate
model prediction. Finally, CRANK-MS was benchmarked against five ML
methods to compare their diagnostic performance and further verify if the selected
chemical features were significant.

The CRANK-MS exemplified the ability of DL approaches to process high-
dimensional data by being highly tolerant of more than 1500 chemical features that
did not contribute to disease prediction (Zhang et al., 2023). Also, across all metrics
investigated, which took not more than 10 minutes to obtain, the NN model had the
highest diagnostic performance.

The need for numerous parameters to describe DL models have also been
circumvented by the development of an evolutionary algorithm (Sha et al., 2021).
SMILE, a DL model, uses this algorithm to interpret predictive models, provide
explanations for its own decision making and identify key metabolites and their
interactions. The algorithm maintains some candidate solutions to a problem, often
generated randomly. With each new generation, better solutions are produced
probabilistically, and small changes using biologically inspired operators, such as
mutation and crossover, are introduced. Using only few metabolites, SMILE was
able to find predictive models with high accuracy (Sha et al., 2021).

DL models have also been developed in which the transformer and convolutional
neural networks were combined, where sequential and grid-like data are
incorporated, respectively (Sun et al., 2024). This hybrid model, TransConvNet,
was used for the classification of prostate cancer metabolomics data, and it was
based on an attention mechanism. By focusing on critical aspects of the input data,
the mechanism allows the model to capture key features and complex relationships.
The ability of the model to capture nonlinear relationships was attributed to the
interaction between global and local correlations. As with CRANK-MS,
TransConvNet outperformed other algorithms in key evaluation metrics, through
five-fold cross-validation experiments.

The general notion is that training DL models from scratch requires significantly
larger datasets, which limit its use in datasets with small sample sizes or simpler
underlying mechanisms (Zhao et al., 2025). However, a DL method called
“Metabolite Response Predictor using Coupled Multilayer Perceptrons” (McMLP)
was developed to predict endpoint metabolite concentrations based on baseline
microbial compositions (Wang et al., 2025). Instead of fine-tuning
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hyperparameters, MLP was overparametrized using a large and fixed number of
layers and a hidden layer dimension, yielding better performance and, remarkably,
decreased tendency to overfit. More importantly, the performance of McMLP was
better than RF at small training sample sizes, and closer to RF at large training
sample sizes. This contradicts the traditional notion that DL methods are prone to
overfit at small sample sizes.

Although DL methods provide a great alternative to traditional ML methods, it is
important to note that they are still being developed and not much information about
them is obtained. The limitation to DL approaches is the computational cost of
running the algorithm and the collection of a large number of independent runs (Sha
et al., 2021). Without these algorithms, the DL models tend to overfit if the sample
size is small (Zhao et al., 2025), and the results generated are of less employability
in the biomedical context (Labory et al., 2024).

3.4 Model Evaluation and Validation

3.4.1 Evaluation Metrics

The evaluation of ML and DL models in metabolomics is critical for assessing the
predictive performance of the models and serves as a guidance for biomarker
discovery. However, the selection and interpretation of the evaluation metrics can
significantly influence how model performance is perceived and may introduce
bias.

The receiver operating characteristic (ROC) curve is a plot of the true positive rate
(sensitivity) versus the false positive rate (1 — specificity) (Zhang et al., 2023; Sun
etal., 2024). ROC curves are widely used to evaluate the classification performance
of predictive models. A perfect classifier has a sensitivity of 1 and a false positive
rate of 0, indicating perfect discrimination between classes. The area under the ROC
curve (AUC) provides a summary measure of model performance and reflects the
ability of a model or biomarker to distinguish between experimental groups (Sha et
al.,2021; Anwardeen et al., 2023). Higher AUC values indicate better classification
performance.

Matthew’s correlation coefficient (MCC) has been proposed as a more informative
and reliable metric for the evaluation of binary classification accuracy, as it
considers all values in the confusion matrix (true negative, false negative, true
positive, and false positive) (Chicco et al. i Zhang et al., 2023). Therefore, MCC is
less biased in the presence of class imbalance, providing a more robust evaluation
compared to accuracy alone (Zhang et al., 2023).
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Accuracy, sensitivity and specificity are common evaluation metrics. Accuracy
reflects the proportion of correct predictions, while sensitivity and specificity
measure the ability to correctly identify positive and negative cases, respectively
(Sun et al., 2024). However, these metrics can be misleading in imbalanced
datasets, where a model may achieve high accuracy by predominantly predicting
the majority class (Zhao et al., 2025). It is therefore important to include several
performance metrics, such as precision, recall or the F1 score, which is the weighted
average of precision and recall (Sha et al., 2021; Zhao et al., 2025). F1 score of 1
indicates the best model performance, while 0 indicates the worst performance (Sha
etal., 2021).

A major limitation of performance metrics, especially high-performance metrics, is
that they do not necessarily indicate biological validity. Near-perfect classification
performance, including AUC values of 1, even in relatively small datasets, raises
concerns about overfitting and limited generalizability (Ge et al., 2025; Deng et al.,
2024). This suggests that strong numerical performance may reflect dataset-specific
patterns rather than true underlying biological differences. Finally, evaluation
metrics may fail to capture model stability, reproducibility and interpretability, and
instead only provide a limited, quantitative summary of model performance,
especially when over-relying on a small set of metrics (Zhao et al., 2025).

3.4.2 Validation Strategies

Validation strategies are essential for assessing the generalizability and reliability
of ML models. Among these strategies, cross-validation is one of the most
commonly used validation techniques in metabolomics studies. To verify the
robustness of the models and avoid overfitting, k-fold cross-validation and several
permutations are performed (Wang et al., 2022; Ge et al., 2025; Idkowiak et al.,
2025). In this type of technique, the dataset is randomly split into k subsets, where
k-1 subsets are used for training and the remaining subset is used for testing, with
the process repeated across all folds (Idkowiak et al., 2025).

Despite its widespread use, cross-validation has important limitations. The more
complex the ML model is, the higher the risk of overfitting, despite standard k-fold
cross-validation for optimization, because the stability of the model depends on the
number of samples that are available for training (Mendez et al., 2019). Even the
quality assessment statistics (Q2), which evaluates the predictive ability of a model
and is calculated through cross-validation, can be misleading, since an invalid or
irrelevant model can still produce a large Q2 value (Worley & Powers, 2013; Ge et
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al., 2025). This is due to the fact that cross-validation requires a systematic deletion
of large parts of the dataset during training. These limitations are especially
common when the underlying model parameters vary due to heterogeneity of the
training sets (Mendez et al., 2019). Therefore, it is essential that the complete
dataset is representative of the biological question (Mendez et al., 2019; Zhao et al.,
2025).

A critical issue arises when cross-validation is used for both model selection and
performance evaluation (Sudhir & Richard, 2006). The resulting error estimate is
then biased downward, because when multiple models are evaluated on the same
data, the best performance is chosen due to random chance (overfitting) and a
selection bias is introduced. The bias becomes more severe as the number of tested
models increases and as sample size decreases, which are conditions that are typical
in metabolomics studies. Consequently, models may appear to be highly accurate
during validation while failing to generalize to independent datasets (Sudhir &
Richard, 2006).

Nested cross-validation has been proposed as a more robust validation strategy
(Sudhir & Richard, 2006). This approach separates model selection and
performance evaluation into two independent loops: an inner loop for selecting the
optimal model and an outer loop for estimating its predictive performance. The
approach provides a more accurate estimate of prediction error. However, it is less
frequently applied in metabolomics due to increased computational complexity and
resource requirements (Sudhir & Richard, 2006).

Bootstrapping represents another validation approach, particularly in studies with
limited sample sizes (Zhang et al., 2023). This method involves repeatedly
resampling the dataset with replacement to generate multiple training and testing
sets. Researchers have concluded that bootstrapping, when used on models with
more replicates, can lower absolute error compared to cross-validation. Also, the
approach could be highly time efficient. For example, disease classification using
neural networks with 100 bootstraps and 1430 metabolites took less than a minute
on a consumer laptop computer, with 1.2 GHz processor (Zhang et al., 2023).
Finally, the absence of independent external validation datasets remains as another
major limitation in metabolomics studies. Internal validation methods cannot fully
replicate real-world conditions, so independent test sets are considered as the most
reliable approach for evaluating model generalizability (Sudhir & Richard, 2006).
Sadly, they are often not available due to the cost and complexity of metabolomics
data.
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4. Discussion

This literature study aimed to explore the challenges and opportunities in
metabolomics-based biomarker discovery using ML, with emphasis on the
statistical and biological properties of metabolomics datasets. ML models have
different complexities and therefore different methodological challenges and
opportunities. PCA is one of the simpler and most widely used unsupervised
method, which aims to uncover intrinsic structures within the data (Idkowiak et al.,
2025) and is primarily used for clustering. Supervised methods such as LR, PLS-
DA and OPLS-DA incorporate class labels and are more applicable to biomarker
identification tasks. These models require fewer parameters and are based on linear
assumptions, which means that they are relatively simple, leading to improved
interpretability and better suitability for small datasets. This is particularly useful
in metabolomics since metabolomics studies often have limited sample numbers
(Mendez et al., 2019; Sun et al., 2024). Because they require fewer parameters,
these ML models have a reduced risk of overfitting.

On the other hand, methods such as LR and PLS-DA cannot capture the complex
relationships between metabolites. Metabolites are interconnected through complex
biochemical pathways (Shomorony et al., 2020; Wang et al., 2022) and simple
models can therefore lead to oversimplification of biological systems, also called
underfitting (Zhao et al., 2025). They are also sensitive to feature selection and
preprocessing (Worley & Powers, 2013).

To deal with the abovementioned challenges, more advanced ML models are
applied, for example RF, SVM and XGBoost. These models are capable of
capturing complex nonlinear relationships and handle high-dimensional data,
which leads to improved biomarker discovery. However, these models are highly
prone for overfitting since they can model noise as well as biologically relevant
signals, and they require extensive hyperparameter tuning (Sun et al., 2024). They
also have limited reproducibility across studies and require larger datasets, which
is limited in metabolomics.

Overall, there is always a tradeoff between bias and variance when dealing with
ML models. While simple linear models such as LR are not too sensitive to changes
in the training data, meaning they have low variance and reduced risk of overfitting,
more flexible models such as RF and SVM can capture noise as well as biologically
relevant patterns in the data, indicating they have high variance and increased risk
of overfitting (James et al., 2013). On the other hand, simple models have a reduced
ability to capture true relationships in the data (high bias), while more advanced
models have low bias and reduced risk of underfitting.
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DL techniques have gained attention as more advanced approaches compared to
classical ML methods in metabolomics. They are able to model complex and non-
linear relationships and process high-dimensional data without extensive feature
engineering (Zhao et al., 2025). They have also high computational efficiency in
which metrics take only minutes to obtain (Zhang et al., 2023), and although some
DL models require large datasets for training, researchers have developed models
that performed well even when trained on small sample sizes (Wang et al., 2025).
The main challenge with DL models is their limited interpretability, often referred
to as “black-box problems” (Rudin et al., 2019; Watson et al., 2019). With other
words, they are difficult to interpret biologically, making it challenging to
understand how specific metabolites contribute to predictions. Due to lack of
interpretability and transparency, DL models have limited clinical applicability.
There are also challenges with class imbalance, in which the models tend to bias
towards the majority classes in biomedical datasets that contain unequal group sizes
(Tasci et al., 2022).

In order to assess the predictive performance of ML and DL models, evaluation
metrics are used to serve as guidance for biomarker discovery. Common evaluation
metrics are ROC (plot of the true positive rate versus false positive rate), AUC
(summary measure of model performance), MCC (evaluates binary classification
accuracy), accuracy (reflects the proportion of correct predictions), sensitivity
(measure correct identification of positive cases) and specificity (measure correct
identification of negative cases). Nevertheless, although evaluation metrics are
essential for assessing a model, they should be interpreted with caution. For
example, accuracy, sensitivity and specificity can give a distorted picture when
classes are imbalanced, since a model may appear highly accurate simply by
predicting the dominant class (Zhao et al., 2025). Furthermore, evaluation metrics
do not include biological validity (Ge et al., 2025; Deng et al., 2024). This means
that good model performance (e.g. high accuracy, AUC, sensitivity etc.) does not
necessarily mean that the model has captured true biological meaning or real
biological relationships. In other words, a model can look statistically strong but
still be biologically questionable. In the high-dimensional metabolomics datasets,
a model can achieve excellent metrics by exploiting dataset-specific noise and
easily overfit to small sample sizes, capturing correlations that are not biologically
meaningful. Therefore, the evaluation metrics do not account for how stable,
reproducible or interpretable the model is.

To assess the generalizability and reliability of ML models, validation strategies are

essential. Cross-validation is one of the most widely used validation approaches,
such as k-fold cross-validation where the dataset is randomly split into k subsets
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(Idkowiak et al., 2025). However, the stability of a model depends on the number
of available training samples, which makes complex ML models particularly prone
to overfitting even when cross-validation is applied. A major issue arises when
cross-validation is used simultaneously for both model selection and performance
assessment (Sudhir & Richard, 2006). In such cases, the estimated error becomes
optimistically biased, and the model that performs best due to random variation is
often selected, leading to overfitting. This bias becomes more pronounced as the
number of evaluated models increases and the sample size decreases, which is
frequently the case in metabolomics studies.

Nested cross-validation, in which model selection and performance evaluation are
carried out in separate and independent loops, provides a more robust validation
framework. Yet, this approach is computationally demanding and requires
substantial resources (Sudhir & Richard, 2006). To yield a more stable and often
lower error estimate compared to cross-validation, bootstrapping, where the dataset
is repeatedly resampled with replacement to generate multiple training and test sets,
is applied (Zhang et al., 2023). In addition, external validation datasets are highly
valuable as they better reflect real-world conditions (Sudhir & Richard, 2006).
Unfortunately, such datasets are often unavailable due to the high cost and
complexity of metabolomics research.

Figure 6 shows a graphic representation of the entire workflow of ML-based
metabolomics and the challenges and opportunities associated with it.
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Figure 6. Workflow of ML-based metabolomics. The key challenges are the high-dimensionality of
metabolomics datasets that lead to model overfitting, and the technical variations and class
imbalances that lead to statistical bias. Rigorous study design, proper preprocessing, appropriate
feature selection and validation strategies are essential to get reliable and interpretable results.
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Beyond the challenges associated with ML models and their validation strategies,
the complex nature of the metabolomics dataset itself poses obstacles. Since
metabolomics data contain more variables than samples, the complexity of the data
increases and it becomes high-dimensional, which is also referred to as the “curse
of dimensionality” (Worley & Powers, 2013; Labory et al., 2024). The correlation
between metabolites, which is based on interconnected biochemical pathways, also
lead to noisy and redundant information (Wang et al., 2022; Labory et al., 2024).
Furthermore, metabolomics datasets contain missing values (Anwardeen et al.,
2023; Idkowiak et al., 2025). These occur when metabolite concentrations are
below the detection limit, as well as from technical problems during peak detection
or alignment, or inconsistencies in sample preparation and instrument performance.
Therefore, data preprocessing is a critical step in metabolomics-based ML, because
without proper preprocessing, these issues can obscure biologically meaningful
patterns and negatively affect model performance, robustness and reproducibility.
Preprocessing techniques such as normalization, transformation, scaling and
imputation can help reduce unwanted technical variation while preserving relevant
biological information. Preprocessing also includes data cleaning, which identifies
and corrects or removes inaccurate, corrupted, duplicated, improperly formatted,
noisy or missing data (Zhao et al., 2025). This step is essential because low-quality
raw data can reduce model performance and make the training process more
complicated. Furthermore, data balance is a crucial component of ML data
preparation, because maintaining a similar number of training samples for each
class helps prevent the model from becoming biased toward majority classes (Zhao
et al., 2025).

The literature suggests that equally important as selecting an ML method is
determining how the model is optimized and how its ability to generalize is
assessed. Achieving robust predictive models largely depends on having sufficient
statistical power (Mendez et al., 2019). According to the curse of dimensionality,
the generalization error increases with model complexity and decreases with the
number of training samples. As a result, complex models trained on small, high-
dimensional datasets often show poor classification performance on unseen data. In
simple terms, larger and well-curated datasets are generally more suitable for
nonlinear ML approaches.

A common assumption in metabolomics is that the choice of ML model is the
primary determinant of analytical performance. However, the literature
increasingly suggests that data characteristics play a far more decisive role than the
specific model used. In high-dimensional settings with limited sample sizes, many
models ranging from traditional statistical methods to advanced ML algorithms are
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sufficient to fit the available data. As a result, differences in model performance are
often marginal compared to the impact of how the data is generated, processed and
structured. In other words, preprocessing decisions and feature selection strategies
can have a greater influence on which biomarkers are identified rather than the
choice of algorithm itself. Overall, these findings suggest that in metabolomics-
based biomarker discovery, priority should be placed on high-quality data
generation, rigorous preprocessing and robust study design, rather than optimizing
the choice of ML model alone.
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5. Conclusion

This literature study highlights that the primary challenges in metabolomics-based
biomarker discovery are not solely rooted in the choice of ML or DL algorithms,
but rather in the intrinsic characteristics of the data and the statistical framework
applied to analyze them. High dimensionality, small sample sizes, multicollinearity,
missing values and substantial technical and biological variability collectively
create a complex analytical landscape in which the risk of overfitting, false
discoveries and limited reproducibility is inherently high. Since many commonly
used ML approaches can produce seemingly strong predictive performance while
failing to capture true biological signals, especially when validation strategies are
insufficient or when preprocessing steps introduce bias, high model accuracy does
not necessarily equate to biological relevance or generalizability. The study further
demonstrates that preprocessing and feature engineering play a decisive role in
shaping analytical outcomes. Choices related to normalization, imputation and
feature selection can substantially influence which biomarkers are identified, often
to a greater extent than the selection of the ML model itself. To improve the
robustness and reproducibility of metabolomics-based biomarker discovery, the
literature emphasizes the importance of rigorous study design, transparent and
appropriate preprocessing strategies and the use of robust validation frameworks,
including bootstrapping and independent external datasets. Additionally, greater
focus should be placed on statistical rigor, including critical evaluation of model
performance metrics. Future studies should seek to shift the focus from model
optimization to data-centric approaches, ensuring high-quality data generation,
careful preprocessing and statistically sound validation practices.
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