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A B S T R A C T   

Machine learning-based clinical decision support models in healthcare emulate clinicians’ cognitive processes, 
leveraging artificial intelligence to analyze intricate medical data. In the era of evidence-based and precision 
medicine, they are slowly becoming a cornerstone of clinical analysis. In this review, we describe the utilization 
of machine learning models trained on metabolomics data within the clinical context. We overview the recent 
advancements in the field, highlight existing challenges and scrutinize intricacies stemming from the unique 
complexity of the metabolite information.   

1. Introduction 

One of the hallmarks of modern medicine is its ability to generate 
large quantities of data. Patients, previously described using mostly 
subjective assessment, now are represented by humongous datasets like 
high-resolution imagining or ‘-omics’ information. Here, ‘-omics’ is a 
comprehensive assessment of a given biological system at a specific 
organizational level, such as genome, transcriptome, proteome or 
metabolome [1]. Each organizational level offers unique insight into a 
patient’s well-being and health. The hierarchical nature of these levels is 
followed by two underlying factors: their reaction speed to external 
stimuli and their chemical complexity [2]. Metabolomics, defined as a 
comprehensive study of small molecules with a molecular weight 
<1500 Da [3], occupies an extreme position in this hierarchy. It reacts 
swiftly to external stimuli and, at the same time, presents the greatest 
chemical complexity, containing a diverse set of molecules like nucleic 
acids, amino acids, peptides, carbohydrates or lipids (Fig. 1A.). This 
immediacy makes metabolomics essential in medicine for assessing a 
patient’s current state. However, the complexity of metabolomics data 
significantly impedes its collection and analysis [4,5]. 

In metabolomics, two primary techniques stand out: mass spec
trometry (MS) and nuclear magnetic resonance (NMR). NMR offers a 
reproducible and high-throughput insight into a limited set of abundant 
metabolites (roughly 50–150) while ensuring minimal sample destruc
tion and a relatively short sample preparation time [6]. On the other 

hand, MS, though less suitable for high-throughput studies, lower 
reproducibility and more extensive sample preparation, theoretically 
detects thousands of metabolites even in very low concentrations [7,8]. 

These methods apply both in untargeted and targeted analyses 
(Fig. 1B.). Untargeted studies capture the broad metabolomic variability 
of a given biological system and are ideal for hypothesis-generating 
studies without exhaustive metabolite identification as the primary 
objective [9]. Given the comprehensive nature of non-targeted metab
olomics, one of its main challenges is the assignment of identified me
tabolites to specific pathways [10]. In addition, these metabolites may 
also be annotated through analytical chemistry [11]. 

On the contrary, targeted studies aim to measure the concentrations 
of predefined metabolites [12]. This method requires prior knowledge of 
the metabolites of interest (e.g. potential biomarkers), relies on signals 
specific to those metabolites, and does not aim for global coverage [13]. 
Despite the smaller scope, metabolite identification still poses a chal
lenge in targeted studies. For example, metabolite interference is a 
typical case of misannotation [14]. 

Concluding, non-targeted metabolomics typically provides more 
comprehensive information, while targeted metabolomics focuses more 
on quantitative measurements. All combinations of abovementioned 
approaches and techniques (targeted and untargeted metabolomics 
utilizing either MS or NMR, Supplementary Table 1) complement each 
other in clinical applications. Firstly, the untargeted analysis identifies 
metabolomic biomarkers that could be used to diagnose medical con
ditions, monitor disease progression, or assess treatment response. 
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Secondly, identified biomarkers are utilized in targeted diagnostic ap
proaches to validate their usefulness further. However, metabolite pat
terns are notoriously elusive. It is much harder to identify metabolite- 
based biomarkers because they carry more noise than biomarkers 
identified by other ‘-omics’ (Fig. 3). Thus, both targeted and untargeted 

studies require thousands of samples from diverse groups of patients 
[15]. 

Analysis of such enormous datasets requires dedicated analytical 
pipelines and algorithms to detect associations between metabolite 
patterns and clinically relevant features. Although plenty of existing 
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CD Continuous Delivery 
CDSSs Clinical Decision Support Systems 
CI Continuous Integration 
CVD Cardiovascular Disease 
FCS Functional Class Scoring 
GSEA Gene Set Enrichment Analysis 
LDA Linear Discriminant Analysis 
MAR Missing at Random 
MCAR Missing Completely at Random 
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PCA Principal Component Analysis 
PPV Positive Predictive Value 
SOFA Sequential Organ Failure Assessment 
TBI Traumatic Brain Injury 
TPA Topological Pathway Analysis 
TRIPOD Transparent Reporting of a multivariable prediction model 
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Fig. 1. A. The scheme of reaction speed to external stimuli and the chemical complexity of genomics, transcriptomics, proteomics and metabolomics. Metabolomics 
has the most immediate reactions to external stimuli while being the most complex to interpret. B. The schematic representation of untargeted and targeted studies. 
The untargeted studies, here represented as a net, provide an overview of the given biological system (marked by the large brown circle). Targeted studies, rep
resented as a fishing rod, provide insight only into the level of specific metabolites (marked by the smaller red, green and purple circles). (For interpretation of the 
references to colour in this figure legend, the reader is referred to the Web version of this article.) 
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solutions belong to classical statistics, the advent of artificial intelligence 
(AI) altered the landscape of metabolomics by providing access to more 
intricate models. Some of these models are incorporated into clinical 
decision support systems (CDSSs), where automated tools for processing 
medical information enhance a clinician’s decision-making [16]. This 
review aims to summarize machine learning applications, a subfield of 
AI, in clinic-oriented metabolomics and how they contribute to the novel 
CDSSs. 

2. ML-based clinical decision support models 

2.1. Machine learning models 

In the most straightforward approach, machine learning (ML) algo
rithms use sample data to construct intricate mathematical models not 
only able to identify patterns, but also extrapolate predictive trends, 
allowing us to draw conclusions. In the case of omics data they are 
especially used as diagnostic, prognostic or predictive tools revealing 
the intricate complexities inherent in biological information [17–20]. 

In particular, machine learning algorithms are employed in clinical 
metabolomics to analyze complex metabolic data and identify patterns 
associated with diseases, aiding in early diagnosis and personalized 
treatment approaches. Here, the data would consist of metabolites 
measured in biological materials derived from patients, such as blood, 
urine, or tissue samples (Fig. 2, Samples) and clinical information, 
including information regarding e.g., known mutation (Fig. 2, Medical 
interview). Regardless of the input data, we divide machine learning 
into several techniques depending on the exact learning process, such as 
unsupervised or supervised, supervised and reinforced learning. 

In unsupervised learning, an algorithm uncovers patterns and re
lationships within the data, frequently aiming to group or organize 
either patients or metabolites based on inherent similarities or differ
ences. Unsupervised learning does not rely on known output values or 
explicit feedback during the training process. The two main categories of 
unsupervised learning are (i) clustering, which groups data points into 
clusters or segments based on their inherent similarities, (ii) dimen
sionality reduction, which reduces the complexity of the data by 

representing it in a lower-dimensional space while retaining essential 
information [21]. 

Commonly occurring in clinical decision support, supervised 
methods take input features describing the patient (which, in the case of 
metabolomics, contain measured metabolite levels and clinical de
scriptors) and map it to a specific output. Depending on the type of the 
output, we recognize (i) classification where output values are cate
gorical (e.g., type of disorder), (ii) regression which fits the data to 
predict numeric output values (e.g., probability of having a specific 
disorder) [22]. 

Although the majority of the tasks fulfilled by CDSSs can be attrib
uted to either classification or regression, some specialized sub-tasks call 
for more dedicated tools. Survival analysis, for instance, employs sta
tistical methods to predict the time until an event of interest (like death, 
failure, relapse, or any other specific outcome) occurs [23]. Although 
simple regression models could address this issue, they fail to fully 
capture the nuances hidden in variability related to time and individual 
attributes of patients and require more strict assumptions about data. 
Moreover, survival analysis accommodates censored data where the 
event of interest might not have occurred for some individuals within 
the considered time period. 

Metabolomics, given its immediate reaction to external agents (e.g., 
drug administration), is well-suited for monitoring a patient’s status. 
However, due to the high dimensionality of the metabolomics data, 
integrating it with classical algorithms for survival analysis is very 
challenging. Despite this, certain algorithms, like Random Survival 
Forest have demonstrated the ability to produce reliable outcomes based 
on metabolomics data [24]. 

The important caveat is that machine learning is deeply ingrained in 
modern metabolomics. For example, machine learning-based methods 
are commonly used in metabolite identification during spectrum pro
cessing [25] (Fig. 2, Spectrum processing). Nevertheless, as this step 
does not directly pertain to developing the CDSS, it is not discussed in 
this review. 

Fig. 2. The design scheme of clinical predictive model design. Analytical techniques (NMR or MS) process samples taken from patients. Next, the processing of 
spectral data leads to the abundance of metabolites. Finally, machine learning algorithms train using metabolite abundance and clinical information. 
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2.2. Dimensionality of metabolomics data 

The first of the challenges in analyzing metabolomics data is its 
dimensionality. This problem pertains not only to the large number of 
features (Fig. 2, ‘Metabolites’ and ‘Clinical Data’) but to the lack of 
balance between the dimensions of the dataset. Data generated by 
metabolomics often suffers from the problem of ‘big p, small n’ (or ‘p ≫ 
n’), defined as the smaller number of samples compared to a large 
number of features [26]. In such cases, classical statistical models like 
ordinary least squares (OLS) fail to provide a unique solution for esti
mating model coefficients due to the imbalance between predictors and 
observations. This imbalance hampers model performance, affecting 
both prediction quality and stability, as it was proved in Linear Mixed 
Models simulation studies [27]. Additionally, as the variable space in
creases, the distances between observations in the multidimensional 
space also grow, which makes the data too sparse to capture underlying 
trends. Furthermore, large feature space leads to the inclusion of 
excessive irrelevant variables, which exacerbates these issues, causing 
the curse of dimensionality [28] and overfitting [29], where the model 
captures noise in training data rather than the genuine signal. 

This problem is especially profound in untargeted studies because 
they yield up to thousands of identified metabolites [30]. However, even 
targeted methods (e.g., widely targeted metabolomics) can measure 
hundreds of metabolites related to a significantly smaller number of 

samples [31]. Thus, the subsequent analysis often requires dimension
ality reduction through feature selection or feature engineering 
(extraction). The former means choosing the subset of features that 
turned out to be the most informative, while the latter refers to gener
ating a smaller set of new features by transforming or combining the 
original ones. 

2.2.1. Feature selection 
There are three main classes of feature selection methods: filter, 

wrapper and embedded [32]. Most filter (screening) methods consider 
each feature separately, looking for its relevance to the label of the data 
(in the case of classification) or its correlation to the continuous output. 
Although these methods are not computationally intensive and scale 
linearly with the number of features, they may ignore information 
hidden under the interactions. At the same time, considering the fea
tures and their interactions jointly yields larger feature space and makes 
searching for informative features even more complex. Examples of such 
methods are methods based on the information gain as implemented in 
the lilikoi R package [33] or MetaboAnalyst [34]. They offer a wide 
array of filtering methods (e.g. ANOVA, Chi-squared test, Fisher’s exact 
test, Pearson correlation, Mann-Whitney U test or t-test) that are widely 
used in the field [35]. 

Wrapper methods allow for selecting the subset of features optimal 
for model setting. Essentially, they assess the quality of prediction (or 

Fig. 3. The intricate elusiveness of metabolomics data. A: Genomics/transcriptomics/proteomics provide evidence on the level of enzymes in the biological pathway. 
Due to limitations in metabolite identification, only levels of fragments of metabolites (blue, grey and green boxes) are measured. B: Presentation of both pathways. 
The measurements of the yellow metabolite provide no information that discerns between the two pathways. (For interpretation of the references to colour in this 
figure legend, the reader is referred to the Web version of this article.) 
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classification) of a plethora of models built on multiple different feature 
subsets to include the effect of the relationships between different me
tabolites. However, they are more prone to overfitting and computa
tionally intensive than filters. An example of such method is Boruta, 
which is based on the Random Forest algorithm. Briefly, it iteratively 
eliminates variables less pertinent than random features [36]. Another 
example of a wrapper dedicated to metabolomics data is a pipeline 
combining neural networks and genetic algorithms [37]. 

In contrast to wrapper methods, embedded methods utilize a single 
model for feature selection and prediction (or classification). Conse
quently, the feature selection is deeply ingrained in the very design of 
model development. As a result, these methods inherently capture the 
effects of relationships between features. Examples of embedded 
methods for metabolomics data are regularized regression, tree-based 
methods, support vector machines [38] as well as random forests [39] 
or Lasso-based regularization methods like HSIC Lasso [40]. 

Instead of relying on a single filter or wrapper, it is possible to pro
pose a solution based on the ensemble of feature filtering methods. Even 
in cases involving small cohorts of critically ill patients, the ensemble 
method successfully identifies a set of crucial metabolites, showcasing 
its resilience and efficacy [41]. 

2.2.2. Feature engineering 
Feature engineering involves generating new features by trans

forming (manipulating) or combining the original ones to preserve 
essential information [42]. In metabolomics, as well as in other omics 
sciences, a highly popular example of feature engineering is normali
zation. Normalization is crucial in metabolomics to address unwanted 
sample-to-sample variations coming from different sample concentra
tions or instrumental drift [43]. Common normalization methods 
include total sum normalization, internal or external standard metabo
lites normalization and probabilistic quotient normalization [44,45]. 

Another aspect of feature engineering involves data transformations 
(scalings) aimed at aligning with the assumptions of various statistical 
tests. In metabolomics, numerous transformation methods serve three 
primary purposes: addressing heteroscedasticity, normalizing skewed 
distributions, and converting multiplicative metabolite relationships 
into additive ones [46]. 

Feature engineering also encompasses feature extraction techniques. 
PCA (Principal Component Analysis) and LDA (Linear Discriminant 
Analysis) are the most popular feature extraction methods. Their 
commonness in metabolomics led to algorithms tailored specifically to 
this data type [47,48]. However, the downside of these methods, ex
amples of unsupervised learning, is that the newly created features do 
not offer any interpretability, as they do not have any real-world 
meanings (please refer to section 2.3 regarding the importance of the 
model interpretability). 

Other feature engineering methods leverage a priori biological 
knowledge to create more representative features from specific metab
olites. For example, the weighted gene co-expression network analysis 
(WGCNA) algorithm, adapted to metabolomics data [49], groups me
tabolites using both their co-abundance and data from the KEGG 
Pathway Database. Contrary to the features produced by methods like 
PCA or LDA, these clusters maintain interpretability as they embody 
distinct metabolomic pathways. This approach was included, among 
others, in a framework for integrative analysis of ‘-omics’ data 
combining metabolome and microbiome information [50]. 

However, some methods to generate such sparse and knowledge- 
driven representations do not require co-abundance data and rely only 
on the information from metabolomic pathways. These features also 
retain some biological interpretability while resisting the noise associ
ated with the abundance [51]. While widely applied in other ‘omics’ 
fields [52], this method may pose challenges due to the noise resulting 
from misidentifying metabolites or their low information content (see 
section 3.1). 

2.3. Assessment of the model quality 

In traditional machine learning, metrics like accuracy or AUC (area 
under the receiver operating characteristic curve) are standard measures 
of prediction quality. However, these measures are less practical or may 
even be harmful in the clinical environment. The assessment of machine 
learning-based models for clinical data hinges on evaluating their clin
ical utility, a critical aspect in healthcare applications. 

In the context of classification-based CDSSs, clinical utility refers to 
the system’s ability to provide meaningful and actionable insights to 
healthcare professionals, ultimately leading to improved patient out
comes. It encompasses the model’s accuracy in diagnosing or predicting 
medical conditions and its potential to influence treatment decisions, 
reduce healthcare costs, or enhance the overall patient care experience. 
Clinical utility assessments often employ the model’s sensitivity and 
specificity, which are essential for understanding its diagnostic capa
bilities [53]. 

False positives and false negatives play a pivotal role in evaluating 
these models. False positives occur when a model incorrectly identifies a 
patient as having a particular condition when they do not. In a clinical 
setting, false positives can lead to unnecessary medical tests, treatments, 
or patient stress, potentially increasing healthcare costs and causing 
anxiety. Conversely, false negatives occur when a model fails to identify 
a patient with a condition, potentially delaying diagnosis and treatment. 
Misclassification in both scenarios can lead to tragic consequences. At 
the same time, striking a balance between minimizing false positives and 
false negatives constitutes a challenging and responsible aspect of model 
assessment [54]. Common metrics in this domain include positive pre
dictive value (PPV), reflecting the likelihood of accurately detecting a 
condition, and negative predictive value (NPV), denoting the probability 
of correctly rejecting a condition. Moreover, the assessment can be done 
using the clinical utility measures such as intention to treat estimation, 
which is an emulated trial [55], net benefit (NB) utilizes the exchange 
rate of benefits and harms gained by applying the model [56], or the 
number needed to benefit (NNB), which represents the number of people 
needed to screen to find those that need treatment [57].These metrics 
provide additional weights to wrong predictions (false positives and 
false negatives). 

The development of each clinical model should follow the Trans
parent Reporting of a multivariable prediction model for Individual 
Prognosis Or Diagnosis (TRIPOD) guidelines. It consists of a 27-item 
checklist, that helps to improve the reporting quality of studies that 
develop, validate, or update prediction models [58,59]. Moreover, ful
filling all the requirements by the model should allow them to be 
compared with each other. 

Furthermore, assessing ML-based models in clinical data requires 
ongoing monitoring and adjustment. As real-world patient populations 
and clinical practices evolve, these models need to adapt and adjust. 
Establishing feedback loops with healthcare professionals and experts 
becomes vital for refining model performance, addressing concerns 
related to false positives and false negatives, and ensuring the technol
ogy consistently delivers meaningful clinical utility [60]. To at least 
partially automatize these feedback loops, CDSSs should be deployed 
using the Continuous Integration (CI)/Continuous Delivery (CD) 
framework, where the impact of ongoing updates on the quality of 
predictions is consistently monitored and evaluated [61]. 

Unfortunately, one of the biggest drawbacks of the machine-learning 
models is the lack of interpretability, making it challenging to explain 
their predictions or which features are important. It is especially pro
nounced in a high-stake environment as clinics, where a single decision 
often decide about human well-being or even life. Here, the entire field 
of Explainable Artificial Intelligence (XAI) tries to provide human- 
understandable explanations of decisions made by black-box models. 
The usage of XAI in with CDSS would help to assess if the predictions are 
made using right premises, ensuring that the model works as intended 
[62]. 
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3. Challenges and chances in the development of CDSSs 

3.1. Pathway analysis as the independent conformation of CDSSs 

Pathway analysis (PA) in metabolomics is pivotal role in unraveling 
the complex web of interconnections among metabolites within bio
logical systems. The concentration levels of metabolites within cells are 
intricately linked to the underlying metabolic network structure, giving 
rise to various correlations among these molecular compounds [63]. 
However, it is important to note that these correlations often defy the 
simple assumption that strongly correlated metabolites are direct 
neighbors within the metabolic network. Metabolites that are physically 
or temporally distant may exhibit significant correlations, while me
tabolites in close proximity may not display such strong relationships 
[64]. 

PA methods can be divided into three classes. The first one, over- 
representation analysis (ORA) pinpoints pathways or groups of metab
olites that exhibit greater similarities with a specific set of molecules of 
interest than would be anticipated by random chance [65]. To verify 
that, ORA tests (usually using Fisher’s exact test) if a concentration of 
metabolites in a given sample is significantly different than the fre
quency in the reference set of metabolites [66]. Since this framework 
involves multiple testing, its results require post-processing, either in the 
form of p-value adjustment or computation of q-values. Thus, ORA is 
susceptible to variability of metabolomics, where some techniques 
identify broader sets of metabolites, because a different amount of 
detected compounds could severely alter the final result. Moreover, 
changing a reference set of metabolites for a given sample can greatly 
change identified pathways. Lastly, the post-processing of ORA results 
often involves arbitrary decisions, such as setting the thresholds for 
significant associations [67]. 

In the case of functional class scoring (FCS), instead of considering 
independently every metabolite, the analysis is performed on statistics 
representing pathways. Thus, FCS methods, like GSEA [68], could detect 
many small alterations between numerous metabolites in a single 
pathway, instead of focusing only on large changes like ORA. Obviously, 
this transformation hampers inference based on single metabolites, 
which could be beneficial for tasks like biomarker identification. 
Moreover, FCS methods need to correct the noise that might be intro
duced by considering at the same time numerous signals from many 
metabolities [69]. 

The last class, topological pathway analysis (TPA), includes topo
logical measures of the metabolites in the statistics, considering their 
non-equivalence within the path [70]. Here it can be seen as a variant of 
FCS, where instead of treating all metabolites equally, we weight them 
according to their importance in the pathway. Since pathway can be 
represented as networks this importance is usually considered to be a 
some measure of centrality [71]. The precise pathway representation is 
critical, because TPA methods, like MetPA [71], are more vulnerable to 
incomplete pathway data than FCS approaches. 

One of the benefits of the pathway analysis is its ability to validate 
the metabolomics-based CDSSs independently. Here, knowledge from 
PA could confirm that metabolites considered by the model are indeed 
associated with a specific phenomenon. For example, metabolites 
identified by binary logistic regression as biomarkers for therapeutic 
interventions in Parkinson’s disease were independently confirmed 
using PA to accelerate the self-assembly of alpha-synuclein, a protein 
associated with the onset and progress of this disorder [72]. 

3.2. Reliability of machine learning methods 

While the potential of machine learning to provide highly accurate 
automated diagnoses is promising, the current lack of robust scientific 
evidence regarding its clinical benefits is a significant concern. Despite 
the hype surrounding it, a systematic review of deep learning’s perfor
mance in disease diagnosis using medical images compared to health 

professionals reveals multiple issues [73]. Notably, only a small fraction 
of studies have evaluated algorithm performance in external cohorts, 
which means that they do not assess the capacity of these algorithms to 
analyze previously unseen data [74]. Moreover, they suffer from 
methodological flaws and unrealistic evaluation conditions, for 
example, very small and homogenous test data [75]. Unfortunately, 
many proposals to automate clinical diagnoses with machine learning 
remain unvalidated, raising concerns as these models are frequently 
adopted without rigorous assessment [76]. 

Furthermore, machine learning’s strong emphasis on predictive 
performance often overshadows the potential advantages of utilizing 
simple clinical variables. Research indicates that clinical information 
can significantly enhance predictions based on high-dimensional data. 
Additionally, there seems to be a shift towards classifying patients into 
binary categories rather than predicting a continuum of risk, which may 
not align with the intended goal of this technology [77]. However, the 
discretization of data streamlines computing critical measures of the 
model quality as the clinical utility (Section 2.4). 

3.3. Causal inference 

In precision medicine, machine learning promises to tailor medical 
treatments to individuals. However, achieving this objective presents 
substantial challenges for two fundamental reasons. First, machine 
learning struggles with causal inference, as it cannot establish cause and 
effect without making specific assumptions. Causal inference necessi
tates a well-defined causal question, the ability to identify the causal 
effect and observe all relevant treatment options among all interest 
groups. These assumptions frequently require human input or true 
artificial intelligence, making it challenging for machine learning alone 
to identify the optimal treatment for an individual. For example, the 
human understanding of the causality of a given phenomenon is 
necessary to properly select potential covariates while excluding 
spurious associations [7]. Growing interest in developing methods that 
can infer causal relationships into decision-making processes, remains 
an intense point of ongoing research. Presently, several approaches have 
emerged, including Mendelian randomization, Bayesian networks and 
probabilistic graphical models, which encode causal relationships 
within graphical structures or generalized random forests [78]. 

The second challenge is the inherent complexity and probabilistic 
nature. This complexity makes it impossible to predict individual out
comes with certainty. Statistics, including machine learning, excel at 
understanding and comparing probabilities between groups but cannot 
predict individual events with absolute certainty. The probabilistic na
ture of health processes implies that individual outcomes will always 
contain an element of chance, irrespective of the dataset’s size or the 
model’s complexity [79]. Addressing this problem requires prioritizing 
performance measures that involve risk assessment (e.g., clinical utility, 
described in section 2.3). 

3.4. Accuracy of ML-based diagnosis in the context of noise in 
metabolomics data 

In the realm of untargeted metabolomics, the precise management of 
noise within datasets is of utmost importance, especially when assessing 
the accuracy of machine learning-based diagnosis models. Liquid chro
matography coupled with mass spectrometry (LC-MS) is the preferred 
analytical technique, renowned for its exceptional sensitivity and 
comprehensive coverage of small molecular species [80]. Nonetheless, 
datasets generated by this method often contain numerous detected 
features that can present significant challenges. Global profiling of me
tabolites using a high-resolution mass spectrometer may result in a set of 
even ten thousand features [81]. These features frequently lack infor
mative value and can originate from background signals or procedural 
artifacts introduced during sample processing [82]. Moreover, different 
adducts and in-source fragments are also detected and need to be 
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identified and grouped into a single representative feature per analyte. 
This computationally intensive process is crucial from the point of view 
of further data analysis steps [83]. The presence of artificial features in 
the data set will not only affect the statistical outcome but may also 
provide misleading information if such a feature is improperly identified 
as a real biological molecule. Over the years, signal processing has been 
largely automated, and multiple software tools for LC-MS metabolomics 
data processing have been developed, e.g., XCMS, mzMine, OpenMS or 
MS-DIAL [81]. However, features generated by different tools may not 
overlap even by more than 50 % [84]. Recently, new tools for data 
processing have appeared, such as SLAW [85] or Asari [81], which has 
been included in the newest 6.0 version of MetaboAnalyst [86]. 

Furthermore, the inherent complexities and imperfections in feature 
detection and integration, which are crucial for machine learning al
gorithms, exacerbate the problem by introducing spurious or inade
quately integrated features. The consequences of insufficient noise 
filtration should not be underestimated, as the simulation study indi
cated that it leads to improper estimation of longitudinal effects [87]. 
This is crucial, particularly in the context of machine learning-based 
diagnosis, as it could undermine the accuracy and reliability of diag
nostic models [88]. 

In addition, missing values are another indirect noise source in 
metabolomics data. Missing values come from various sources, such as 
technical errors during sample preparation, instrument malfunction, or 
the inherent limitations of detection or quantification thresholds 
impacting the reliability and comprehensiveness of analysis. Depending 
on their origin, missing values are categorized into three schemes: 
Missing Completely at Random (MCAR), where missing values occur 
randomly without any relation to observed or unobserved data; Missing 
at Random (MAR), where the probability of a value being missing de
pends only on observed data; and Missing Not at Random (MNAR), 
where the probability of a value being missing depends on unobserved 
data or the value itself [89]. Since missing values mostly don’t allow for 
subsequent multivariate statistical inference [90], researchers have 
adopted various strategies for handling missing values, including 
imputation techniques, aimed at preserving the integrity of the overall 
dataset. 

While simple methods like mean imputation offer ease of imple
mentation, they may introduce bias, particularly when data is not 
MCAR. On the other hand, more sophisticated approaches such as 
regression or K-nearest neighbors imputation capture complex re
lationships but can be sensitive to outliers. Multiple imputation stands 
out as a robust solution by generating multiple datasets and considering 
conditional distributions, albeit requiring careful consideration of as
sumptions about the missing data mechanism and data distribution. 
Deep learning-based imputation methods hold promise, although they 
often demand large datasets and computational resources. 

Thus, the choice of imputation method is a highly complex issue that 
depends on multiple factors. At the same time, one shouldn’t assume 
that the sole purpose of imputation is just to fill in missing values; rather, 
we should view it as an integral part of statistical analysis and select a 
method that harmonizes well with other steps of analysis and leads to 
the most reliable statistical results possible. The optimal method should 
be tailored to the data structure, missing data mechanism, and impu
tation objectives. For instance, conditional mean imputation might be 
suitable for quantitative data with relatively stable distributions, while 
imputation via conditional distribution sampling is preferable for data 
with complex dependencies among variables and high variability in 
general. Currently, 41 methods for imputing missing values in metab
olomics data are available through the web server and R package called 
imputomics [5]. 

4. Conclusion 

Combining clinical data gathered by medical interviews with 
metabolite levels has already led to the development of CDSSs. One such 

system used serum metabolites with clinical indices, which could 
effectively discriminate between TBI patients who reported good and 
poor outcomes [91]. Another is the SCORE2 algorithm, which estimates 
the 10-year risk of fatal and non-fatal cardiovascular disease (CVD) in 
individuals aged 40–69 without prior CVD or diabetes in Europe, 
enhancing the identification of individuals at higher risk [92]. More
over, widely used clinical evaluation systems, sequential organ failure 
assessment (SOFA) score and the acute physiology and chronic health 
evaluation II (APACHE II) score, combined with metabolomics data, 
have also proven to be more effective in the identification of critically ill 
patients who are at an increased risk of mortality due to sepsis infection 
[93]. It shows that combining metabolomics data with clinical data in 
prediction models can be an excellent strategy to improve the ability of 
anatomical-based scoring systems to identify patients at risk. 

It is crucial to understand that CDSSs based on machine learning 
come with risks. Without evaluating their clinical utility, these machine- 
learning models bring little benefit in practical applications. Moreover, 
the lack of data analysis techniques tailored to the unique structure of 
metabolomics data prevents the development of well-performing 
models. Therefore, we hope that our brief presentation of the current 
state-of-the-art (consult Supplementary Table 2 for summary of 
mentioned tools or tools containing described methods) will stimulate 
the usage of metabolomics-based CDSSs as this branch of ‘-omics’ still 
has yet to unravel its full potential. 
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