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Abstract

Body mass index (BMI) is a common measure used to quantify nutritional status such as overweight condition. Therefore, precise
and scalable computational techniques that characterize those phenotypes are essential for clinical care and drug discovery. In
this work, we present a pipeline suited to nutritional status evaluation and biomarker identification in the contest of overweight
status. We use a multilayer perception network trained on five different datasets with BMI annotations to fulfill this demand. By
conducting a comprehensive explainability analysis, we extracted a set of metabolites extremely important from every dataset,
which improved our comprehension of the metabolic markers linked to overweight status. Moreover, we identified the relationship
between metabolite concentrations and nutritional status and performed an enrichment analysis, which gave us important evidence
on the metabolic processes that underlie overweight status.
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1. Introduction

The field of biomedical research has seen a significant evolution thanks to artificial intelligence (AI), which has
created previously unheard-of possibilities for deciphering intricate linkages within biological systems. Explainable
artificial intelligence (XAI) has become a crucial framework in the rapidly developing world, bridging the gap between
human interpretability and complex algorithms [1, 2, 3]. XAI refers to the ideas and methods used in AI that enable
humans to comprehend and interpret the choices and operations of AI systems. Users may find it challenging to
understand the reasoning behind a given decision due to the sometimes complicated and opaque nature of decision-
making processes in many AI and ML models, particularly those that rely on deep learning. By offering explanations
or reasons for the decisions made by AI systems, XAI aims to overcome this problem and enable humans to verify,
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accept, and comprehend the results better [4]. This paper exploits the power of XAI with a particular emphasis on
how it might be used to identify important metabolites associated with body mass index (BMI) in individuals who are
overweight. The commonly used BMI measure for determining a person’s weight status opens the door to learning
about the complex connection between adiposity and metabolic health. The precise molecular mechanisms, however,
that connect metabolic dysregulation and BMI are still unknown [5, 6, 7].

Finding reliable biomarkers for complicated disorders like obesity and overweight has long been a priority in
metabolic research. However, a new horizon has opened up with the introduction of Explainable XAI approaches,
which offer profound insights into the biological basis of these situations and improved feature selection.

BMI is essentially a weight-and-height-based indicator of body fat. The World Health Organisation (WHO) defines
obesity as having a BMI of 30 or more, overweight as having a BMI of 25 or higher, and underweight as having a BMI
of less than 18.5 [8]. The global public health is seriously threatened by the epidemic-level prevalence of overweight
and obesity. [9, 10]. Being overweight dramatically raises the risk of developing diseases, including cardiovascular
disease and diabetes mellitus [11]. More than 30% of individuals worldwide are overweight, and more than 10% are
obese, marking a nearly threefold increase in the incidence of obesity since 1975. The rising intake of meals high in
calories and sedentary lifestyles are partly to blame for the high prevalence [12]. Obese and overweight conditions
are also major risk factors for other diseases such as musculoskeletal disorders, type II diabetes, and some forms of
cancer [13]. Recently different scientific papers investigated the metabolic processes related to obesity, aiming to find
some distinctive features that correlate with this phenotype. Indeed, different studies reported metabolic signatures
indicative of obesity, such as elevated levels of glycerol, glycerophosphocholines, and aromatic and branched-chain
amino acids (BCAAs) [14, 15], In addition, the correlation between BMI and the metabolome has already been verified
as reported in several scientific works [16, 17, 18]. From a computational point of view, more and more works use
XAI techniques to increase the interpretability and clarity of the results that can be obtained from machine learning
techniques in biological applications. Some examples are reported below.

A study of XAI applied to the classification of Alzheimer’s disease is of Alatrany et al. [19], which presents a
novel approach that ensures the interpretability of the model’s predictions while using machine learning techniques to
diagnose Alzheimer’s disease (AD).

In other studies, Yagin et al. [20] use explainable artificial intelligence (XAI) to highlight the significance of
early diagnosis and accurate treatment of diabetic retinopathy (DR), whereas Li et al. [21] emphasize in their work
the significance of understanding the complex interactions within the immune system and how these interactions
influence response to immunotherapy. They propose that by leveraging multiomics data and employing machine
learning algorithms, researchers can gain insights into the mechanisms underlying immune response and identify
predictive biomarkers for effective immunotherapy.

In the present work, we introduce a computational pipeline that implements a machine learning model based
on a neural network architecture that exploits an XAI technique, via the Shapley Additive exPlanations (SHAP)
algorithm [4] for both feature selection and the detection of biomarkers linked to overweight status, providing this
way explanations for individual predictions made by the learning model. The identified set of metabolites not only
contributes to training a more refined and accurate classification model but can also provide insight into the link
between the samples’ particular nutritional statuses and metabolite concentrations using a functional enrichment
procedure.

2. Dataset

The data used in our experiments were extracted from two databases: Metabolights [27] and Metabolomics
workbench [28]. Metabolights collects approximately 8544 studies and comprise metabolite structures, their reference
spectra, and their biological roles, locations, and concentrations. MetaboLights is the recommended Metabolomics
repository for several main journals. Metabolomics workbench collects 3508 studies processed by the National
Metabolomics Data Repository and serves as a public repository for procedures, metabolite standards, metabolite
structures, training materials, and other metabolomics-related educational resources. It also contains experimental
data from a variety of species and platforms.

The datasets used were chosen based on the presence of two main characteristics: the presence of BMI information
and a large presence of overweight samples. The literature reports precise thresholds for labeling samples as
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Table 1: Summary table of the dataset used. Clinical factors are the following: Biological age, Breast Cancer (BC), Chronic obstructive pulmonary
disease (COPD), and Colorectal Cancer (CRC)

Dataset N. of samples N. of metabolites Factor Reference
MTBLS1991 195 1328 Biological age [22]
MTBLS92 447 240 BC [23]
MTBLS358 155 219 COPD [24]
ST000284 165 113 CRC [25]
ST001443 1279 1269 COPD [26]

Fig. 1: The proposed XAI-based workflow for classification and key-metabolites identification.

overweight, underweight, or normal weight. Specifically, samples with a BMI > 25 were labeled as overweight,
samples with a BMI between 18.5 and 24.9 were labeled as normal weight, and samples with a BMI < 18.5
(underweight) were removed from the dataset because the work only focused on overweight samples [8].

The datasets we examined in this paper were chosen according to the number of samples (min 150) and the number
of metabolites (min 50).

Based on these parameters, we selected five datasets, whose ids are MTBLS1991, MTBLS92, MTBLS358,
ST000284, ST001443. A summary of the datasets used is reported in Table 1

2.1. Data preparation

All datasets are initially divided as follows: 90% are used for training with 10-fold cross-validation, and the
remaining 10% are used as a test set. On each dataset, metabolite columns with less than 10% of the data were
removed, the missing values were replaced by interpolation with the three neighboring values, and then we performed
a log transformation, adding a pseudo-count of 1 to deal with zero entries, and finally, a standardization procedure.
Almost all datasets showed a large imbalance among classes. For this reason, we used the Synthetic Minority
Oversampling TEchnique (SMOTE) algorithm [29], which is an oversampling method for balancing class distribution
in the dataset, to re-balance the minority class.

3. Methods

In this section, we present a systematic workflow, reported in Figure 1, for identifying key metabolites associated
with overweight status. Our approach consists of several steps to enhance predictive performance and model
interpretability.

In the first step, we use the training set to train a multilayer perceptron (MLP) neural network for the classification
of the BMI status of patients. We performed a grid search to explore different hyperparameters and chose the best
model (Figure 1a). We selected the model that carried on the next feature ranking and feature selection procedures
based on the best performance obtained regarding the average accuracy. To do that, we used an explainability approach
using the SHAP algorithm (Figure 1b), i.e. we analyzed the inner workings of the network and extracted a prioritized
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Fig. 2: Sum of the average MCC values calculated on the 10-fold cross-validation for all the datasets examined.

list of input features that provides information about which metabolites the fitted model considered to be the most
strongly associated with being overweight.

SHAP is a game theoretic approach that was proposed first by Lipovetsky and Conklin [30]. Following the
importance-based ranking of the feature list, we applied the so-called elbow method to ascertain the ideal number
of features. Given the line plot representing individual SHAP values for each sorted feature, we selected the
number of features corresponding to the elbow point of the SHAP curve (Figure 1c). That reduced set of features
(metabolites) is then, on one hand, used to retrain a refined network model (Figure 1d), which will produce a more
precise classification; on the other hand, it is used as input for a functional enrichment task providing a biological
interpretation to the identified set of metabolites (Figure 1e).

The architecture used in our work, for both step a) and step d) of the proposed workflow, is an MLP network with
3 layers, rectified linear units (ReLU) activation, a dropout layer before the output layer with sigmoid activation. We
chose ReLU function because to train deep neural networks using stochastic gradient descent with backpropagation of
errors, an activation function that behaves and appears like a linear function but is a nonlinear function that enables the
learning of complicated relationships in the data is required. In addition, the function needs to avoid easy saturation
and give greater sensitivity to the activation sum input. Hyperparameter tuning has been carried on for both networks
with a grid search approach.

For the feature ranking (step b), the relevance of each metabolite is measured using the shapley value (SV)
imputation, which ranks the importance of each player in a multi-player game over all the possible combinations
of players. We use the SHAP values as the unique measure for feature relevance in an additive feature attribution
explainability model that is defined by a linear combination of the features to be explained zi weighted by some
importance factors ϕi. The SHAP value for a feature zi is estimated as the SV ϕi of a conditional expectation function
E[ f (z)|zi] describing the expected prediction over the entire feature set z conditioned to zi. Both model-agnostic linear
explanation and model-specific computation of SHAP values are proposed. In our case, we adopted the so-called
Deep SHAP explanation model that is suited for MLP because it combines SHAP values with the recursive relevance
scores computation proposed in DeepLIFT [31]. Deep SHAP is an enhanced version of the DeepLIFT algorithm that,
similar to Kernel SHAP, approximates the conditional expectations of SHAP values using training set samples, and
the default parameters.

By correlating the model’s predictions with the chosen metabolites via enrichment analysis (Figure 1e), we
gain deeper insights into the metabolic pathways underlying overweight patients and elucidate the contributions of
individual biomarkers to the overall prediction.

Enrichment analysis was performed using MetaboAnalyst v6.0 tool [32]. It is a web-based platform dedicated
to comprehensive metabolomics data analysis, interpretation, and integration with other omics data, and it allows
enrichment analysis of a list of metabolites of interest, aiming to explore the profile of functionally relevant metabolites
to determine the link between changes in metabolite expression and biological context.

4. Results

In this Section, we introduce first the experimental setup used for the training of the network 4.1, then the results
obtained with the proposed pipeline 4.2, and finally their biological meaning 4.3.
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Fig. 3: Plot of SHAP values versus metabolites with elbow point for MTBLS1991 dataset

4.1. Experimental setup

Table 2: Average classification scores obtained from cross-validation, concerning the feature size for each dataset

Dataset name Feature size Accuracy Precision Recall F1 score AUC MCC

MTBLS92

20 0.7500 0.7688 0.7395 0.7485 0.8192 0.5286
50 0.7433 0.7565 0.7600 0.7543 0.8081 0.5289

100 0.7206 0.7485 0.7195 0.7313 0.7945 0.4933
200 0.6798 0.6973 0.6800 0.6848 0.7427 0.4021

all (240) 0.6804 0.6988 0.6938 0.6911 0.7316 0.4056
elbow (37) 0.7443 0.7631 0.7876 0.7696 0.8176 0.5575

MTBLS358

20 0.7860 0.8421 0.8600 0.8475 0.8486 0.5251
50 0.7997 0.8505 0.8711 0.8572 0.8861 0.5532

100 0.7477 0.8357 0.8400 0.8327 0.8494 0.4963
200 0.7210 0.8225 0.7978 0.8013 0.7708 0.4383

all (219) 0.7212 0.7949 0.7978 0.7878 0.7456 0.3858
elbow (50) 0.7997 0.8505 0.8711 0.8572 0.8861 0.5532

MTBLS1991

20 0.8859 0.8600 0.7500 0.7746 0.9387 0.7284
50 0.8854 0.8448 0.8000 0.8078 0.9524 0.7502

100 0.9316 0.9229 0.9500 0.9270 0.9831 0.9083
200 0.9181 0.8875 0.8300 0.8308 0.9827 0.8008

all (1251) 0.7566 0.5986 0.5050 0.5212 0.7968 0.3787
elbow (187) 0.8820 0.8330 0.8100 0.8071 0.9746 0.7548

ST001443

20 0.7495 0.8702 0.7677 0.8153 0.8108 0.4106
50 0.7879 0.8818 0.8301 0.8537 0.8559 0.4945

100 0.7910 0.8792 0.8714 0.8746 0.8791 0.5344
200 0.8109 0.8757 0.8914 0.8829 0.8800 0.5478

all (1269) 0.7788 0.8270 0.8844 0.8541 0.8213 0.3931
elbow (159) 0.8224 0.8712 0.9103 0.8897 0.8911 0.5591

ST000284

20 0.7211 0.8394 0.7727 0.8030 0.7890 0.3643
50 0.7811 0.8471 0.8400 0.8381 0.8328 0.4386

100 0.7152 0.8165 0.8036 0.7987 0.7763 0.3125
all (113) 0.7267 0.8152 0.8509 0.8279 0.7306 0.3728

elbow (31) 0.7862 0.8805 0.8336 0.8484 0.8107 0.5245

The network was initially trained on the entire set of metabolites present in the 90% of the dataset with a 10-fold
cross-validation procedure, and hyperparameters tuning was performed as a grid search in the following sets of values:
Numbers of output neurons of the first layer: [512, 256, 128, 64, 32, 16]; Numbers of output neurons of the second
layer: [512, 256, 128, 64, 32, 16]; Dropout rate: [0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8]; Learning rate: [0.00001, 0.0001,
0.001]. The neuron number was different for each dataset derived from the grid search. Early sopping was used to
devise training epochs.

The entire workflow was implemented in Python 3.11.7 with the PyTorch 2.1.2 framework, and the main libraries
used were scikit-learn, imblearn, and SHAP.
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Fig. 2: Sum of the average MCC values calculated on the 10-fold cross-validation for all the datasets examined.
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4.2. Experimental results

Initial experiments included training different machine learning algorithms to determine which algorithm
performed best. Those training processes were conducted using the entire feature set in each dataset. We engaged in
performance testing with four other common machine learning algorithms, namely logistic regression (LR), random
forest (RF), support vector machine (SVM), and MLP [33, 34] with the same datasets to verify that the adoption of
MLPs was the most suitable choice. The sum of the average Matthews correlation coefficient (MCC) values obtained
during 10-fold cross-validation is shown in Figure 2, demonstrating that the MLP algorithm generally yields higher
values than the other techniques.

After we found that the MLP network achieved the best performance, we conducted an explainability study on the
model corresponding to the fold, which provided the highest accuracy. This way, we obtained, for each dataset, a list
of metabolites sorted by importance (i.e. SHAP value), which we could plot (Figure 3).

We calculated the elbow point of each curve using the kneelocator algorithm (with the default parameters except
sensitivity set to 3). This point was used to obtain the proper number of input features (elbow features from here on)
with which to train again the network model to fine tune a better classifier. To test this hypothesis, we retrained the
networks by reducing the number of input features. We chose fixed ranges (20, 50, 100, and 200) plus the elbow
features and the whole set of features. To take full advantage of the network capacity, we performed a new training
with 10-fold cross-validation for each feature set, including a grid search to find the best hyperparameters. The results
are shown in Table 2.

We mainly considered the MCC score to compare performance because it is the most representative of performance
in a binary problem [35]. Looking at the MCC score for the different datasets, we see that we get the largest value in
almost all datasets with the input set obtained by the elbow method. The only dataset for which we do not have this
behavior is the MTBLS1991 dataset, which nevertheless shows a trend consistent with our claims because the best
performance in terms of MCC is obtained for a value fairly close to the elbow value. This problem may be due to
the smoothness of the curve SHAP curve (Figure 3), which may give inaccuracies during the calculation of the elbow
point.

In addition to MCC, the other scores, both global and class-specific, shown in Table 2 also have an increasing trend
toward the elbow point.

To further evaluate our approach, we conducted experiments on the test set we had previously put aside from the
dataset. We adopted an ensemble strategy that implements a majority voting mechanism [36]. That means we took the
prediction, over the test set, of each model trained with a particular fold, and then we considered as the final prediction
the one provided by the majority of the classifiers.

To summarize the results obtained on the test set, we chose to represent them with the violin box plot to make
explicit the comparison between the performance obtained with the different feature sizes of the input. Global metrics,
MCC, AUC, and F1 score, are shown in Figure 4. We chose to represent these metrics because they do not refer to a
single class but to the overall prediction considering both classes.

The elbow technique yielded MCC, AUC, and F1 results that were greater than those using another input
dimension. This is evident in the violin plot in Figure 4. The plot shows that the average performance using the elbow
point is always higher than the others. In fact, the distribution of elbow values for two out of 3 scores is concentrated
from the mean value upwards. The violin plot representation provides more information than the classic box plot,
which is the distribution of values represented by the density curves.

4.3. Biological findings

Starting from the set of most relevant metabolites previously discovered, we then tried to correlate the concentration
of the metabolites (high or low) with the overweight condition. To do that, we used a violin plot as shown in Figure
5a. Violin plots use “violin-shaped” figures to display the distribution and density of SHAP values for each feature.
Features with positive SHAP values mean that they positively contribute to the classification, that is to predict class
one (overweight). Features with negative SHAP values, in turn, mean they negatively contribute to the classification,
that is to predict class zero (normal weight). Moreover the plot also show the relationship with the feature value, so
whether it is high (red) or low (blue). In our case, high concentrations (red) correlated with the overweight status
are AMP, Xanthine, Succinate, and Hydroxyproline, which have strong confirmation in literature [37, 38? , 39]. Low
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Fig. 4: Violin plots obtained on the distribution of MCC (a), AUC (b), and F1 (c) values for each dataset concerning the input size on the test set.

concentrations (blu) inversely correlated with the overweight status are Creatine, Proline, and Glutamine, which are
also strongly confirmed in literature [40, 41, 42].

We have also found some unclear and conflicting positions in the literature, or which are not confirmed, concerning
some of our results [43].

Figure 5b also shows the enrichment analysis for the ST000284 dataset, performed by using the MetaboAnalyst
v6.0 web tool. According to the results of the violin plot, the most enriched terms are linked to some non-essential
amino acid pathways such as proline (in the form of hydroxyproline), alanine metabolism, glutamic acids, and
essential amino acids metabolism such as arginine metabolism. Moreover, terms such as purine metabolism are
highly enriched, as confirmed by the literature research on xanthine (a purine base) that is positively correlated with
overweight status [39].

Results produced for all five datasets were then analyzed by enrichment analysis. Enrichment analysis for
the identified top metabolites showed some enriched terms linked to amino acid metabolism, glucose, and lipid
metabolism (p-values < 0.005). In particular, some enriched terms were common to different datasets, such as
arginine and proline metabolism, alanine, glutamate, glucose-alanine, and glycerolipids metabolism. Most of these
enriched terms seem to be functionally correlated, and they also seem to be linked to overweight status [44], [45]. For
instance, some of the so-called “glutamate family” of amino acids, such as arginine and proline, require converting
these amino acids to glutamate for their metabolic disposal [46]. They are also linked to glucose cycle and lipid
metabolism. Moreover, different scientific papers show a correlation between high concentrations of these amino
acids (arginine, tyrosine, and proline) and overweight subjects, as reported by [47]. Also, glycerolipid metabolism
alteration is correlated with obesity. Gauthier et al [48] showed that genes involved in glycerolipid-fatty acid cycling
are overexpressed in subcutaneous adipose tissue in obese insulin-resistant (IR) versus -sensitive individuals.

5. Conclusions

Our work wants to be an innovative attempt to combine state-of-the-art XAI techniques with metabolic research,
providing a comprehensive framework for nutritional status evaluation, biomarker identification, and categorization
in the context of overweight. This aim is reached using the explainable machine learning model that implements the
SHAP method for identifying significant metabolites in a specific condition, such as overweight status. The accurate
identification of these important metabolites improves classification performances and provides useful targets for
biomarker discovery, correlating the concentration of the most relevant metabolites to specific nutritional status and
enriched metabolic pathways.

Our study’s conclusions have important ramifications for both clinical practice and research. Finding metabolic
biomarkers linked to overweight status opens up exciting new possibilities for prognostic and diagnostic applications,
allowing for individualized treatment plans and early intervention. Moreover, in our work metabolic biomarkers
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performance testing with four other common machine learning algorithms, namely logistic regression (LR), random
forest (RF), support vector machine (SVM), and MLP [33, 34] with the same datasets to verify that the adoption of
MLPs was the most suitable choice. The sum of the average Matthews correlation coefficient (MCC) values obtained
during 10-fold cross-validation is shown in Figure 2, demonstrating that the MLP algorithm generally yields higher
values than the other techniques.

After we found that the MLP network achieved the best performance, we conducted an explainability study on the
model corresponding to the fold, which provided the highest accuracy. This way, we obtained, for each dataset, a list
of metabolites sorted by importance (i.e. SHAP value), which we could plot (Figure 3).

We calculated the elbow point of each curve using the kneelocator algorithm (with the default parameters except
sensitivity set to 3). This point was used to obtain the proper number of input features (elbow features from here on)
with which to train again the network model to fine tune a better classifier. To test this hypothesis, we retrained the
networks by reducing the number of input features. We chose fixed ranges (20, 50, 100, and 200) plus the elbow
features and the whole set of features. To take full advantage of the network capacity, we performed a new training
with 10-fold cross-validation for each feature set, including a grid search to find the best hyperparameters. The results
are shown in Table 2.

We mainly considered the MCC score to compare performance because it is the most representative of performance
in a binary problem [35]. Looking at the MCC score for the different datasets, we see that we get the largest value in
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dataset. We adopted an ensemble strategy that implements a majority voting mechanism [36]. That means we took the
prediction, over the test set, of each model trained with a particular fold, and then we considered as the final prediction
the one provided by the majority of the classifiers.

To summarize the results obtained on the test set, we chose to represent them with the violin box plot to make
explicit the comparison between the performance obtained with the different feature sizes of the input. Global metrics,
MCC, AUC, and F1 score, are shown in Figure 4. We chose to represent these metrics because they do not refer to a
single class but to the overall prediction considering both classes.

The elbow technique yielded MCC, AUC, and F1 results that were greater than those using another input
dimension. This is evident in the violin plot in Figure 4. The plot shows that the average performance using the elbow
point is always higher than the others. In fact, the distribution of elbow values for two out of 3 scores is concentrated
from the mean value upwards. The violin plot representation provides more information than the classic box plot,
which is the distribution of values represented by the density curves.
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Starting from the set of most relevant metabolites previously discovered, we then tried to correlate the concentration
of the metabolites (high or low) with the overweight condition. To do that, we used a violin plot as shown in Figure
5a. Violin plots use “violin-shaped” figures to display the distribution and density of SHAP values for each feature.
Features with positive SHAP values mean that they positively contribute to the classification, that is to predict class
one (overweight). Features with negative SHAP values, in turn, mean they negatively contribute to the classification,
that is to predict class zero (normal weight). Moreover the plot also show the relationship with the feature value, so
whether it is high (red) or low (blue). In our case, high concentrations (red) correlated with the overweight status
are AMP, Xanthine, Succinate, and Hydroxyproline, which have strong confirmation in literature [37, 38? , 39]. Low
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Fig. 5: (a) Violin plot of the 31 most important metabolites, according to their SHAP values, obtained for ST000284 dataset. (b) Enrichment
Analysis of metabolites belonging to ST000284. Enrichment ratios and p-values are shown in the right part of the figure, with the most significant
terms that are represented in the right corner of the enrichment plot

identificartion aims to highlight potential correlation between diet and the pathological state of overweight, helping to
contribute to the development of personalized nutrition plans, or defining preventive healthcare strategies

As a result, our research highlights the value of combining explainability analysis with machine learning techniques
to decipher the intricacies of metabolic diseases like overweight status. By identifying metabolic biomarkers and
evaluating nutritional status, we contribute to the pathophysiology of overweight status and facilitate the development
of precision medicine strategies customized to each patient’s unique metabolic profile.
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Fig. 5: (a) Violin plot of the 31 most important metabolites, according to their SHAP values, obtained for ST000284 dataset. (b) Enrichment
Analysis of metabolites belonging to ST000284. Enrichment ratios and p-values are shown in the right part of the figure, with the most significant
terms that are represented in the right corner of the enrichment plot

identificartion aims to highlight potential correlation between diet and the pathological state of overweight, helping to
contribute to the development of personalized nutrition plans, or defining preventive healthcare strategies

As a result, our research highlights the value of combining explainability analysis with machine learning techniques
to decipher the intricacies of metabolic diseases like overweight status. By identifying metabolic biomarkers and
evaluating nutritional status, we contribute to the pathophysiology of overweight status and facilitate the development
of precision medicine strategies customized to each patient’s unique metabolic profile.
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