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Network study of the nutritional
patterns, the metabolic and the
psychological status among
overweight-obese young adults

Geovany Genaro Reivan Ortiz!, Roser Granero?*, Daniel Icaza®
and Laura Maraver-Capdevila?

!Catholic University of Cuenca, Cuenca, Ecuador, ?Department of Psychobiology and Methodology,
Universitat Autbnoma de Barcelona, Barcelona, Spain

Background: The classification of severely overweight individuals as
“metabolically unhealthy obese” (MUO) versus “metabolically healthy obese”
(MHO) is based on the presence or absence of cardio-metabolic risk factors,
respectively. However, evidence is limited for the differences in the underlying
relationships between nutritional habits, physical measures and psychological
features. This study applies network analysis to visualize the interrelationships
between nutritional dietary patterns, physical measures and psychological
variables in young overweight or obese adults. In addition, we identified
the nodes with the highest centrality indexes, and explored their empirical
modularity. Stratified networks were obtained separately for MHO versus MUO
subsamples, in order to explore differences in metabolic status.

Methods: Data were collected from N = 188 young overweight or obese adults
(university students, men and women aged 18 and 25 years) and subsequently
analyzed.

Results: In the MHO group, stress was identified as the bridge node, with
the strongest connections with other psychological features (depression and
anxiety), physical measures (body mass index, triacylglycerol, hypertension and
glucose) and a nutritional pattern characterized by the intake of carbohydrates,
fatand sodium. In contrast, in the MUO group, a nutritional pattern characterized
by high consumption of fats and sodium, closely followed by cholesterol levels,
emerged as the bridge node, with strong links to other dietary habits and
variables.

Conclusion: Identification of the most influential nodes among young individuals
with and without cardio-metabolic risk factors provides valuable insights for the
design of targeted treatment strategies. A combination of classical approaches
(such as change in diet, physical activity, anti-obesity drugs and bariatric surgery)
with psychotherapy (such as cognitive behavioral strategies, particularly stress
management and problem-solving techniques) is especially important among
MHO patients.

KEYWORDS

overweight, obesity, nutrient patterns, cardiometabolic, anthropometric, body mass
index, HOMA, network

01 frontiersin.org


https://www.frontiersin.org/journals/nutrition
https://www.frontiersin.org/journals/nutrition
https://www.frontiersin.org
http://crossmark.crossref.org/dialog/?doi=10.3389/fnut.2025.1666688&domain=pdf&date_stamp=2025-09-19
https://www.frontiersin.org/articles/10.3389/fnut.2025.1666688/full
https://www.frontiersin.org/articles/10.3389/fnut.2025.1666688/full
https://www.frontiersin.org/articles/10.3389/fnut.2025.1666688/full
https://www.frontiersin.org/articles/10.3389/fnut.2025.1666688/full
mailto:roser.granero@uab.cat
https://doi.org/10.3389/fnut.2025.1666688
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/nutrition#editorial-board
https://www.frontiersin.org/journals/nutrition#editorial-board
https://doi.org/10.3389/fnut.2025.1666688

Reivan Ortiz et al.

Introduction

Young adulthood is a key life stage, and is when eating habits
become established that can influence long-term health (1, 2). Poor
nutritional patterns, characterized by high consumption of ultra-
processed foods, sugary drinks, and fast food, along with a low intake
of fresh, nutritious foods, are common in this population and are
closely linked to increased overweight and obesity (3-5). The many
contributing factors include a change in lifestyle when entering
university, with students often having insufficient time to prepare
healthy meals (6, 7). Furthermore, social pressure, anxiety, stress and
lack of nutritional education are key factors that affect young people’s
eating decisions, leading them to choose unhealthy foods as a means
to manage emotions, thus contributing to weight gain (8-10).

Research indicates that overweight and obesity in young adults are
linked to deficiencies in essential minerals and vitamins (11-13). The
lack of micronutrients such as vitamins B and D, magnesium, and zinc
can negatively impact metabolism, appetite, hormone function and
gut microbiota regulation, ultimately increasing the risk of obesity
(14-16). Moreover, diets high in simple carbohydrates (such as refined
sugars and ultra-processed products), are directly associated with a
greater risk of overweight and obesity (17-19) as they can cause spikes
in glucose and insulin, which promote fat storage and insulin
resistance. These carbohydrates also have a low satiety index, which
can lead to excessive calorie consumption. In contrast, complex
carbohydrates (such as whole grains and legumes) are digested more
slowly, and thus promote satiety and ultimately weight regulation (20).
Studies have also associated obesity to the high consumption of fats
and sodium. The saturated fats that are prevalent in ultra-processed
foods and red meats can increase the accumulation of abdominal fat
and alter hormonal signaling (21, 22). Trans fats further disrupt
appetite regulation, while excess sodium from over-reliance on
processed and fast food can lead to fluid retention and impact
metabolism, which also indirectly contribute to weight gain (18).

Studies have observed the influence of multiple sociodemographic
variables on dietary patterns and hence metabolic status, giving rise
to overweight and obesity. For example, women tend to be more
concerned with body image and men more focused on increasing
muscle mass (23-25), while unmarried individuals tend to consume
more fast food, as opposed to the more organized eating patterns of
married couples. Socioeconomic status is also a key factor, as young
adults from lower strata have less access to healthy foods, while those
from higher strata may be equally prone to choosing unhealthy
options due to lack of time (25).

Overweight and obesity are related to excess body fat, which is
primarily measured using the Body Mass Index (BMI). Overweight is
defined as a BMI between 25 and 29.9, and obesity as 30 or higher
(26). Both conditions raise the risk of cardiovascular disease, type 2
diabetes, hypertension (HTN), sleep apnea, joint problems, and
certain types of cancer (27-29), with a distinction having been made
between metabolically healthy obesity (MHO) and metabolically
unhealthy obesity (MUO). Despite their excess body fat, individuals
in the MHO group have normal or healthy glucose, insulin,
cholesterol, and triacylglycerol levels, indicating a lower likelihood of
developing metabolic diseases (30). In contrast, MUO subjects present
high levels for these factors, and are therefore at a greater risk of
developing diabetes, cardiovascular disease, and metabolic syndrome
(31). Among young adults, physical activity also plays a crucial role in
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determining MHO versus MUO, and hence the risk of chronic
diseases (32).

While the MHO-MUO distinction is analytically useful for
characterizing heterogeneity within obesity, it is imperative to avoid
misinterpreting MHO as a truly ‘healthy’ state. The absence of
manifest metabolic disturbances in MHO could be interpreted as a
limitation of current diagnostic thresholds rather than protection
from risk. Excess adiposity itself remains a causal determinant of
multiple adverse outcomes, including cardiometabolic disease,
functional decline, and premature mortality. Therefore, treating MHO
as benign risks obscuring the well-established long-term hazards of
obesity. From both a methodological and public health standpoint,
research and policy must continue to emphasize that excess adiposity,
regardless of metabolic profile, constitutes a critical target for
prevention and intervention (33).

Studies have also highlighted that stress, anxiety, and depression
affect metabolic health in young adults (34, 35). Specifically, young
MHO adults may experience all these issues, but they tend to
demonstrate more efficient emotional regulation, which steadies their
metabolic profile (36). However, among MUO, these emotional and
psychological disorders are more prevalent and have a negative impact
on metabolic health by promoting poor eating habits, and increasing
cortisol (stress hormone) levels and fat accumulation, which worsens
insulin resistance (37). Therefore, stress management and mental
health are crucial matters that need to be addressed in order to prevent
metabolic deterioration in young, obese adults (38).

In summary, investigation of the underlying associations between
nutritional patterns, metabolic status, and psychological state of young
adults is crucial because these factors are interconnected and affect
long-term health (39). A better understanding of these networks in
overweight/obese populations could be a useful springboard for
developing interventions that can effectively enhance the quality of life
of young adults. A more comprehensive approach would also benefit
public health programs and long-term disease prevention.

The objective of this study was to apply network analysis to
visualize the structure of interrelationships between dietary patterns
and physical and psychological measures among young overweight/
obese adults. We also sought to identify the nodes with the highest
centrality indices and to explore their empirical modularity. Separate
networks were developed for MHO and MUO individuals, to assess
the potential moderator role of the metabolic state.

Methods
Participants

This study analyzed data recruited as part of a broader research
project, aimed to identify mechanisms contributing to the
cardiometabolic health status of young university students with
overweight or obesity. The study of Reivan and colleagues contains the
complete description of the sampling procedure (40).

The study included N = 188 young overweight and obese adults
from the Catholic University of Cuenca (Azogues, Ecuador), who
participated voluntarily and signed an informed consent form.
Pregnant women, those with endocrine or genetic disorders, those on
a weight-loss diet, or those taking supplements or medications that
could affect their blood glucose, lipid profile, body weight, or blood
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pressure were excluded. Those with eating disorders were not
excluded, as the objective was to obtain evidence on the young
overweight or obese population in general, thus enhancing the
external validity of the results.

Measures

Anthropometry

BMI was the primary measure of nutritional status, calculated by
dividing weight (kg) by height (m?). Following the World Health
Organization (41), BMI was classified into two levels: overweight
(25 < BMI < 30) and obesity (BMI > 30).

Dietary patterns

The FCFF questionnaire (42) was used to record dietary intake,
with a nutritionist instructing participants to record the frequency
and quantity of foods consumed over the past 12 months, based on
standard portion sizes. Total energy and nutrient intake was
calculated by summing the values for all foods, and the data were
managed using Nutrimind software (available at https://www.
nutrimind.net/). This study focused on the factor scores obtained
from the FCFF, which were categorized into three distinct nutrient-
based dietary patterns, following Reivan Ortiz et al. (40). The first
pattern was labeled “NP1: high content of minerals and vitamins,”
and measures the intake of potassium, magnesium, folate,
pantothenic acid, riboflavin, phosphorus, zinc, calcium, vitamins
B12, B6 and C, and fiber. The second pattern was labeled “NP2:
high carbohydrate,” and characterizes the intake of thiamine,
niacin, carbohydrates and iron. And the third pattern was labeled
“NP3: high fat and sodium,” and assesses the intake of
polyunsaturated, saturated and monounsaturated fatty acids, and
also sodium.

Cardiovascular and metabolic risk factors

Anthropometric indices and cardiometabolic risk factors were
measured by a nurse specializing in nutrition. Weight was measured
using a calibrated electronic scale (BCS-G6), and height using a
stadiometer, both with an accuracy of 0.1. Waist circumference was
measured twice and the average was calculated (43). After a 5-min
rest, two diastolic and systolic blood pressure measurements were
taken 15 min apart on the right arm, and the average of both
measurements was analyzed (44). Biochemical values were obtained
from venous blood samples after a 12-h fast, measuring glucose, lipid
profile, and insulin. Insulin resistance was calculated using the
HOMA-IR model (45). Two methods are typically used to classify
metabolic health: the first, based on modified International Diabetes
Federation criteria (46), which classifies participants who have at least
two risk factors as MUO, and the method based on the HOMA-IR
index, derived from the following formula that integrates the levels of
fasting glucose and insulin:

HOMA —IR = (fastmg glucose [mg / dL]x ]/ 105

fasting insulin [mU / L]

The formula when glucose is in mmol/L: (fasting glucose
[mmol/L] x fasting insulin [mU/L] / 22.5).
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This study employed the HOMA-IR criterion, a procedure
frequently applied both in research and clinical settings for classifying
obese individuals in the groups MUO (HOMA-IR > 3) and MHO
(HOMA-IR < 3) (47-49). This approach allows for a clear distinction
between obesity phenotypes based on a standardized measure of the
metabolic health and thus be able to compare the findings of this
research with other results available in the literature.

Psychological characteristics

The Depression, Anxiety, and Stress Scale (DASS-21) (50) was
used to assess psychological status, using a 21-item self-report
questionnaire employing a Likert scale ranging from 0 (never) to 3
(almost always). This scale was designed to measure these symptoms
over the past week and provides a total score reflecting general
psychological distress. In this study, internal consistency was high,
with alpha coefficients of 0.80 for depression, 0.82 for anxiety, 0.86 for
stress, and 0.90 for the total score.

Socioeconomic factors

Participants also reported other variables, such as age, sex, marital
status, and socioeconomic status (SES), the latter based on the
Hollingshead Four-Factor Index (51).

Procedure

The sample recruitment procedure was approved by the Human
Research Ethics Committee (CEISH) at the Catholic University of
Cuenca, endorsed by the Ecuadorian Ministry of Public Health and
the institution’s legal authorities, as well as the program supervisors.
Signed consent was obtained from all subjects involved in the study.

An invitation was sent to potential candidates via institutional
email. Accepted students participated in two assessment sessions. The
first was held in the classroom, where two clinical psychologists and a
nutritionist (two researchers from our team and trained in
psychometric assessment) asked participants to complete
questionnaires on nutritional, psychological, and sociodemographic
data; these researchers guarantee that participants properly completed
the measurement instruments and the absence of missing values. This
lasted approximately 40 min. Participants were then informed of the
date and time of the second session, during which a nurse and a
clinical psychologist recorded anthropometric and biochemical data.
All data were collected in October 2023. Participation was voluntary,

with no financial or academic incentives.

Data analysis

The analysis was performed with Gephi 0.9.2 for Windows (52),
open-source multiplatform software (available at http://gephi.org) for
exploring and visualizing networks. Network analysis is a
methodological approach that conceptualizes a set of variables as a
system of interconnected nodes, where edges represent the statistical
associations between them. This approach has become increasingly
common in psychopathology research, with many theoretical and
methodological developments quickly gaining traction because of its
capacity to holistically address the complexity of the multifaceted
nature of mental disorders (53-55). In contrast to traditional
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multivariate techniques (e.g., regression, factor analysis, structural
equation modeling), which typically assume that observed variables
reflect latent constructs and impose a unidirectional structure of
associations, network analysis offers a framework that is particularly
well suited to our aims. By focusing on how elements interact with
each other rather than reducing them to underlying dimensions,
network analysis provides a more nuanced and dynamic representation
of the phenomenon under study (56, 57). This approach allows us to
estimate direct relationships among variables without relying on latent
factors, to identify the most central or influential nodes within the
system, and to capture the overall structure of interconnections.
Separate networks were obtained for participants with MHO and
MUO. The nodes included in the analyses measured different
constructs concerning the physical domain (BMI, HTN, glucose,
and HOMA-index),
psychological functioning (depression, anxiety and stress), and the
three empirical nutritional patterns (NP1, NP2, NP3). Data
structuring resulted in 13 nodes and 78 potential edges. Due to the

insulin, cholesterol-T, triacylglycerol,

cross-sectional data analyzed in this work, undirected network
analysis was conducted (the edges [connections] between the nodes
[variables] were bidirectional). Partial correlations (Rp) were defined
by the weights of these edges, the aim being to assess the strength and
direction of the relationships between each pair of nodes while
controlling/adjusting for the other nodes in the structure. Since most
of the edges had low weights (partial correlations close to 0, suggesting
poor/null association), only those with Rp values of p < 0.25 were
selected. Regarding this threshold, it must be noted that while the
conventional threshold of p < 0.05 is widely used for conventional
statistical analysis procedures, in some contexts (such as network
modeling or preliminary exploratory multiple regression) using a
higher threshold helps avoid prematurely excluding potentially
relevant associations: this approach ensures that variables which may
not reach conventional significance individually but could
be important in the context of the full network are retained for
consideration, enhancing the comprehensiveness and interpretability
of the model.

Network characterization in this study was based on the range of
statistics displayed by Gephi, specifically concentrating on eigenvector,
betweenness and closeness centrality. Eigenvector centrality measures
the global relevance of each node in the network, considering the
weighted sum of all the degrees (weights) of the nodes to which it
connects. This index reflects how well a node is connected to other
highly connected nodes, meaning that a node’s influence increases if
it is linked to influential neighbors. For example, in obesity-related
networks, emotional eating often emerges with high eigenvector
centrality. This is because it tends to be directly connected to multiple
other relevant factors, such as binge eating, food craving, depressive
mood, and stress, while also being linked to nodes that are themselves
highly interconnected. This position indicates that emotional eating is
not only influential on its own but also embedded within a cluster of
highly connected behaviors and psychological factors. As a result,
changes in emotional eating may reverberate widely across the
network, potentially affecting both eating behaviors and associated
psychological symptoms.

Betweenness centrality is a measure of the capacity of a node to
connect different areas of the network, calculated as the number of
times it appears on the shortest path between other pairs of nodes.
Node/s with the highest betweenness value/s are considered “bridge”
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elements, as other nodes are highly dependent on their strong capacity
for connecting different subareas of the network and transferring
information. If a bridge node is removed, the whole network could
collapse. Bridge metrics identify nodes that directly tie together
different subnetworks, making them critical for understanding how
activation can “spread” from one domain to another. For example, in
obesity-related networks, body dissatisfaction often functions as a
bridge between different symptoms or behavior communities. For
instance, it may connect a cluster of psychological factors (e.g., low
self-esteem, depressive mood, anxiety) with a cluster of eating
behaviors (e.g., emotional eating, binge eating, dietary restraint). High
bridge centrality indicates that body dissatisfaction plays a key role in
linking otherwise separate domains, facilitating the spread of influence
or activation from psychological vulnerabilities to eating behaviors,
and vice versa. Targeting such bridge nodes could therefore
be especially effective in interventions, as changes in these nodes may
reduce comorbidity or prevent the reinforcement of maladaptive
behaviors across clusters.

Meanwhile, closeness centrality measures how close a node is to
all the other nodes in the network, based on the average distance
between vertices in the graph. The higher the closeness centrality, the
greater the independence of a given node from potential intermediary/
control nodes (since the number of edges connecting it to other nodes
is low). Nodes with high closeness can quickly interact with or
influence the rest of the network. For example, in obesity-related
networks, physical inactivity often exhibits high closeness centrality.
This means it is, on average, relatively close to all other nodes in the
network, such as sedentary behavior, poor dietary habits, emotional
eating, and low self-esteem. A node with high closeness can quickly
influence—or be influenced by—many other factors in the network.
In practical terms, targeting physical inactivity may rapidly affect
multiple interconnected behaviors and psychological factors, making
it a strategically important symptom or behavior for interventions
aiming to modify the broader obesity-related network.

Beyond centrality, we also sought to identify node communalities
(also called node modules or clusters) (58), which group nodes that
are highly interconnected to each other and relatively unconnected to
nodes outside of their cluster.

Global measures were also obtained (59), namely average path
length, diameter and density. Average path length reflects how
efficiently information is transported within the network, and is
obtained as the mean of the shortest paths between all pairs of nodes.
Diameter measures the greatest distance between the two outermost
nodes in the network and is obtained as the maximum eccentricity of
any vertex in the graph. Finally, density measures how close the
network is to completion, and is obtained as the ratio between the
number of edges modeled compared to the total number of
potential edges.

Results
Characteristics of the sample

The upper part of Table 1 presents the descriptives for the
sociodemographic variables. Most participants in the study were men

(56.9%) and single (78.7%). The social status index was distributed as
follows: 37.8% low level, 33.0% mean level, and 29.3% high level.
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TABLE 1 Descriptive for the sample.

Total sample (N = 188)

Evaluated variables

10.3389/fnut.2025.1666688

Subsample MHO Subsample MUO

(N =132) (N = 56)
4 % 4
Sex Women 81 43.1% 59 44.7% 22 39.3% 0.493
Men 107 56.9% 73 55.3% 34 60.7%
Marital Single 148 78.7% 105 79.5% 43 76.8% 0.739
Married—couple 35 18.6% 23 17.4% 12 21.4%
Divorced— 5 2.7% 4 3.0% 1 1.8%
separated
Social Low 71 37.8% 46 34.8% 25 44.6% 0.436
Mean 62 33.0% 45 34.1% 17 30.4%
High 55 29.3% 41 31.1% 14 25.0%
Mean SD Mean SD Mean SD
Age (years-old) 20.76 2.57 20.62 2.47 21.09 2.79 0.254
BMI (kg/m?) 28.36 294 27.63 2.28 30.10 3.56 <0.0001
Nutritional pattern 1 (NP1) 7066.55 1883.53 7249.85 1905.83 6634.49 1772.06 0.040
Nutritional pattern 2 (NP2) 271.37 45.46 271.83 4521 270.28 46.44 0.831
Nutritional pattern 3 (NP3) 77.05 18.36 76.63 18.49 78.05 18.16 0.628
Depression 98.89 11.20 94.29 5.45 109.72 13.61 <0.0001
Anxiety 10.41 293 9.34 2.42 12.90 2.47 <0.0001
Stress 193.29 52.11 179.67 39.20 225.40 63.85 <0.0001
Glucose 147.80 52.43 139.03 49.56 168.46 53.62 <0.0001
Insulin 2.54 0.78 2.16 0.55 3.44 0.44 <0.0001
Cholesterol-T 5.89 1.30 5.74 1.27 6.23 1.31 0.018
Triacylglycerol (TAG) 5.21 1.55 5.08 1.54 5.54 1.54 0.062
HOMA-IR index 10.69 2.62 10.46 2.60 11.23 2.61 0.065
n % n % n %
No 140 74.5% 113 85.6% 27 48.2% <0.0001
Hypertension
Yes 48 25.5% 19 14.4% 29 51.8%

MHO, metabolic healthy obesity; MUO, metabolic unhealthy obesity; BMI, body mass index; HOMA-IR, Homeostasis Model Assessment Insulin Resistance; NP1, minerals and vitamins;

NP2, carbohydrates; NP3, fat and sodium.

Mean age was 20.8 years (SD = 2.57) and mean BMI was 28.4 kg/m2
(SD =2.9). The remaining variables included in the network are
described in the lower part of Table 1.

Comparison between the MHO versus MUO groups reveals no
differences in terms of socidemographic variables, nor in the mean
factor scores for NP2 (carbohydrates), NP3 (fat and sodium), TAG, or
HOMA-IR index.

Network analysis of MHO subsample

The upper part of Figure | presents the network-graph for the
MHO subsample (see Table 2 for complete network parameters).
Nodes are color-coded by dimension: nutritional patterns (green),
physical variables (purple) and psychological variables (orange).
Edges with positive weights are shown as blue lines (Rp > 0,
positive relationship between nodes), and negative weights as
ochre /brown lines (Rp < 0, negative relationship between nodes).
A total of 28 edges were selected for analysis, resulting in a
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network density of 0.359, diameter of 3, and average path length
of 1.79.

Four modules were identified in the network (shown in boxes in
Figure 1). The three nutritional patterns were clustered within a single
module. The psychological variables were grouped with BMI and the
presence of HTN. The HOMA-IR index, and glucose and insulin levels
were grouped in another cluster, while TAG level was grouped with
cholesterol. The average clustering coeflicient was 0.486.

The centrality coeflicients are shown in the lower part of Figure 1
(with nodes ranked from the largest to lowest centrality using
bar-charts). The node for perceived stress level had the highest
centrality across all three metrics (eigenvector, betweenness and
closeness measures) and was hence the bridge node (due to having the
highest capacity for connecting other nodes and transferring
information throughout the whole structure). NP3 (fat and sodium)
also presented high centrality, particularly in terms of betweenness
and closeness. Figure 2 shows the main connections for these two
most central nodes (stress and NP3). Activation of the stress node had
a strong impact on depression, anxiety, and the other two nutritional
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Visualization of the network among the MHO subsample. Positive edges are represented by blue lines, and negative edges by brown-ochre lines. As
thicker the edge as stronger the connection weight. Nodes are plotted in colors depending on the dimension: nutritional patterns (green), physical
variables (purple), psychological variables (orange). Nodes are identified as: NP1 (nutritional pattern 1, minerals and vitamins), NP2 (nutritional pattern 2,
carbohydrates), NP3 (nutritional pattern 3, fat and sodium), BMI (body mass index), HTN (hypertension), Glucose, Insulin, CholesT (cholesterol total),
TAG (triacylglycerol), HOMA (HOMA-IR index), Depre (depression), Anxiety, Stress. Clusters of nodes are grouped inside boxes.

patterns (NP2 and NP3). Activation of the NP3 node had a strong
impact on the other two nutritional patterns, stress, insulin and
HOMA-IR.

Network analysis of the MUO subsample

The upper part of Figure 3 presents the network-graph for the
MUO subsample (see Table 2 for the complete parameters). Thirty-
four edges were selected for analysis, and network density was 0.436,
diameter was 3, and average path length was 1.60.

Two empirical clusters of nodes were identified. The first grouped
NP1 (minerals and vitamins), NP2 (carbohydrates), BMI, HTN and
psychological state. The second module clustered NP3 (fat and
sodium), HOMA-IR index, cholesterol, glucose, insulin and TAG. The
average clustering coefficient was 0.528.

Frontiers in Nutrition

The node with the highest centrality was NP3, as shown in the bar
charts in the lower part of Figure 3. The node measuring cholesterol
level also presented very high coefficients for eigenvector and
closeness. Figure 4 illustrates the main connections for these two most
central nodes (NP3 and cholesterol). Activation of the NP3 node had
a high impact on the other nutritional patterns (NP1 and NP2), as well
as most nodes measuring physical profile (BMI, HOMA-IR,
cholesterol, glucose and insulin). Activation of the cholesterol node
had a high impact on the remaining physical measures (except for
HTN), as well as on NP3 and stress.

Discussion

The primary objective of this study was to apply network analysis
to visualize the structure of interrelationships between nodes
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TABLE 2 Results of the network within subsamples of MHO and MUO individuals.

Dimension ID Closeness = Harmonic Betweeness = Authority HUB Modularity Clustering. Number  Eigenvector
centrality = closeness centrality coefficient  triangles centrality
centrality

MHO subsample

Body mass index Physical variables BMI 0.5455 0.6389 3.9667 0.2274 0.2274 1 0.3333 2 0.5456
Hyperthension Physical variables HTN 0.6316 0.7083 6.5167 0.3280 0.3280 1 0.4000 4 0.7751
Glucose Physical variables Glucose 0.5455 0.6111 1.4500 0.2307 0.2308 2 0.3333 1 0.5404
Insulin Physical variables Insulin 0.5455 0.6667 3.2000 0.3077 0.3077 2 0.5000 5 0.7167
Cholesterol-total Physical variables CholesT 0.4615 0.5556 0.0000 0.2149 0.2149 3 1.0000 3 0.4976
Triacylglycerol Physical variables TAG 0.6000 0.6944 6.4833 0.3454 0.3454 3 0.5000 5 0.8077
HOMA-IR index Physical variables HOMA 0.6316 0.7361 6.2333 0.3649 0.3649 2 0.4000 6 0.8517
Depression Psychological state Depre 0.5000 0.5833 0.5333 0.1781 0.1781 1 0.6667 2 0.4278
Anxiety Psychological state Anxiety 0.5000 0.5833 0.5000 0.1956 0.1956 1 0.6667 2 0.4666
Stress Psychological state Stress 0.7500 0.8333 22.1333 0.4204 0.4203 1 0.2143 6 1.0000
NP1 Nutritional patterns NP1 0.4800 0.5694 1.1667 0.1505 0.1505 4 0.3333 1 0.3633
NP2 Nutritional patterns NP2 0.5455 0.6111 0.9000 0.1842 0.1842 4 0.6667 2 0.4423
NP3 Nutritional patterns NP3 0.6316 0.7083 8.9167 0.3014 0.3014 4 0.3000 3 0.7145
MUO subsample

Body mass index Physical variables BMI 0.6667 0.7500 4.1667 0.2977 0.2977 2 0.4000 6 0.7988
Hyperthension Physical variables HTN 0.6000 0.6667 2.6667 0.1764 0.1764 2 0.3333 2 0.4799
Glucose Physical variables Glucose 0.6000 0.6944 0.2500 0.3054 0.3054 1 0.9000 9 0.7838
Insulin Physical variables Insulin 0.6000 0.6944 0.2500 0.3054 0.3054 1 0.9000 9 0.7838
Cholesterol-total Physical variables CholesT 0.7059 0.7917 7.3333 0.3824 0.3824 1 0.5238 11 0.9927
Triacylglycerol Physical variables TAG 0.6667 0.7500 8.2500 0.3000 0.3000 1 0.4667 7 0.7787
HOMA-IR index Physical variables HOMA 0.6000 0.6944 0.2500 0.3054 0.3054 1 0.9000 9 0.7838
Depression Psychological state Depre 0.6000 0.6667 3.1667 0.1700 0.1700 2 0.1667 1 0.4616
Anxiety Psychological state Anxiety 0.5217 0.6250 1.5000 0.1583 0.1583 2 0.3333 2 0.4386
Stress Psychological state Stress 0.6000 0.6667 2.3333 0.2010 0.2010 2 0.5000 3 0.5426
NP1 Nutritional patterns NP1 0.6667 0.7500 4.3333 0.2641 0.2641 2 0.4667 7 0.7191
NP2 Nutritional patterns NP2 0.6316 0.7083 2.6667 0.2331 0.2331 2 0.5000 5 0.6344
NP3 Nutritional patterns NP3 0.7059 0.7917 9.8333 0.3818 0.3818 1 0.4762 10 1.0000

MHO, metabolic healthy obesity; MUO, metabolic unhealthy obesity; BMI, body mass index; HOMA-IR, Homeostasis Model Assessment Insulin Resistance; NP1, minerals and vitamins; NP2, carbohydrates; NP3, fat and sodium.
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FIGURE 2

inside boxes.

Main connections of the nodes with the highest centrality among the MHO subsample. Positive edges are represented by blue lines, and negative
edges by brown-ochre lines. As thicker the edge as stronger the connection weight. Nodes are plotted in colors depending on the dimension:
nutritional patterns (green), physical variables (purple), psychological variables (orange). Nodes are identified as: NP1 (nutritional pattern 1, minerals and
vitamins), NP2 (nutritional pattern 2, carbohydrates), NP3 (nutritional pattern 3, fat and sodium), BMI (body mass index), HTN (hypertension), Glucose,
Insulin, CholesT (cholesterol total), TAG (triacylglycerol), HOMA (HOMA-IR index), Depre (depression), Anxiety, Stress. Clusters of nodes are grouped

representing nutritional patterns, metabolic measures, and
psychological health in young overweight adults with and without
cardio-metabolic risk factors. Network analysis identified the nodes
with the highest centrality and their main connectivity within each
subsample, providing a comprehensive view of the factors contributing
to the differences between these two obesity groups.

No significant differences were found between the MHO and
MUO groups in terms of sociodemographic variables and some
metabolic and nutritional measures (such as triacylglycerol levels and
HOMA-IR index). This seems to suggest that sociodemographic
characteristics alone are insufficient to discriminate between MHO vs.
MUO, and instead there is a far more complex network of relationships

Frontiers in Nutrition

between a wide variety of domains and constructs. Previous studies
support this view, indicating that obesity and metabolic diseases are
multifactorial conditions that depend on a dynamic interplay between
genetic, biological, environmental, and behavioral factors (60-63).
Hence, although age, sex, socioeconomic status and ethnicity might
all somehow influence the risk of developing metabolic diseases (64,
65), none of these factors fully explain why some obese people remain
metabolically healthy, while others develop complications such as
diabetes and HTN. Other studies have posited that metabolic health
is closely tied to body fat distribution, individual genetics, physical
activity, eating habits, stress, inflammation, or insulin resistance,
rather than sociodemographic characteristics alone (66-69).
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FIGURE 3
Visualization of the network among the MUO subsample. Positive edges are represented by blue lines, and negative edges by brown-ochre lines. As
thicker the edge as stronger the connection weight. Nodes are plotted in colors depending on the dimension: nutritional patterns (green), physical
variables (purple), psychological variables (orange). Nodes are identified as: NP1 (nutritional pattern 1, minerals and vitamins), NP2 (nutritional pattern 2,
carbohydrates), NP3 (nutritional pattern 3, fat and sodium), BMI (body mass index), HTN (hypertension), Glucose, Insulin, CholesT (cholesterol total),
TAG (triacylglycerol), HOMA (HOMA-IR index), Depre (depression), Anxiety, Stress. Clusters of nodes are grouped inside boxes.

Network structure in MHO individuals

The MHO network presented a modular structure that grouped
psychological variables with BMI and the presence of HTN in a single
cluster, suggesting that psychological aspects such as stress may have
a direct impact on physical health in this obesity type. This aligns with
other studies that have suggested that chronic stress influences the
physical health of these individuals due to prolonged activation of the
hypothalamic-pituitary-adrenal (HPA) axis, which increases the
release of the stress hormone cortisol (70, 71) and has thus been
associated to a range of adverse physiological effects, including insulin
resistance, systemic inflammation, and hormonal imbalance (72).
Although MHO individuals may not present evident dysfunctions in

Frontiers in Nutrition

metabolic parameters such as glucose or lipids, prolonged stress can
impair endothelial function, promote immune system dysfunction,
and increase the risk of cardiovascular disease (73, 74).

Likewise, in the MHO network, the stress node also presented the
highest centrality in the dynamics between metabolic health and
psychological and nutritional factors, highlighting its important role
as a bridge connecting factors such as depression, anxiety, and eating
behavior, and particularly NP3 (fats and sodium). Previous studies
corroborate our results by sustaining that chronic stress can have a
significant impact on these factors in MHO individuals driven by
neuroendocrine and behavioral mechanisms (75-77). Prolonged
activation of the endocrine stress response system elevates cortisol
levels, which, in turn, impairs emotional regulation and neuronal
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FIGURE 4

inside boxes.

Main connections of the nodes with the highest centrality among the MUO subsample. Positive edges are represented by blue lines, and negative
edges by brown-ochre lines. As thicker the edge as stronger the connection weight. Nodes are plotted in colors depending on the dimension:
nutritional patterns (green), physical variables (purple), psychological variables (orange). Nodes are identified as: NP1 (nutritional pattern 1, minerals and
vitamins), NP2 (nutritional pattern 2, carbohydrates), NP3 (nutritional pattern 3, fat and sodium), BMI (body mass index), HTN (hypertension), Glucose,
Insulin, CholesT (cholesterol total), TAG (triacylglycerol), HOMA (HOMA-IR index), Depre (depression), Anxiety, Stress. Clusters of nodes are grouped

plasticity, promoting anxiety, depression and other emotional
difficulties, even in the absence of evident metabolic disorders (8).
Similarly, studies also report that stress activates reward circuits in the
brain, increasing the likelihood of eating foods rich in fat and sodium
as a strategy to mitigate emotional distress, which can trigger a
dopaminergic response that reinforces these behaviors (78, 79). In
summary, in the context of obesity, stress and dietary factors are
interconnected through both physiological and behavioral pathways.
Physiologically, stress activates the hypothalamic—pituitary-adrenal
axis, leading to elevated cortisol levels, which can increase appetite
and preference for energy-dense foods (80, 81). Behaviorally, stress
often triggers reward-driven or emotional eating, which may reinforce
maladaptive eating patterns (82, 83). In a network perspective, nodes
such as emotional eating and food cravings often occupy central or
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highly influential positions, reflecting their key role in linking
psychological stress with dietary behaviors. Empirical evidence
supports this connection: higher cortisol and perceived stress are
associated with increased caloric intake and consumption of ultra-
processed foods, highlighting mechanisms by which stress may
contribute to obesity-related behaviors and outcomes.

Interesting, our findings align with emerging evidence indicating
that young adults can experience cardiovascular events, such as
myocardial infarction, despite the absence of classical metabolic
abnormalities (such as obesity) (84, 85), often presenting only mild
overweight and elevated stress levels (86). In the present study, stress
emerged as the central bridge node in the MHO network, suggesting
that the apparent ‘metabolic health’ of these individuals may conceal
underlying vulnerabilities. Unlike routine metabolic biomarkers,
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chronic psychosocial stress is challenging to detect in standard clinical
assessments, as it manifests through complex behavioral,
psychological, and neuroendocrine pathways—such as poor sleep,
elevated perceived stress, mood disturbances, increased cortisol, or
autonomic dysregulation. Consequently, individuals classified as
metabolically healthy may still carry substantial cardiovascular risk
driven by persistent stress exposure. These observations underscore
the value of incorporating multidimensional assessments into research
and clinical practice, including validated psychological stress
questionnaires, biomarkers like cortisol, heart rate variability, and
structured evaluations of lifestyle factors, to identify hidden
vulnerabilities and inform preventive interventions even when
conventional metabolic indicators remain within normal ranges.
The node measuring NP3 (fats and sodium) also displayed high
centrality in the MHO network. Activation of this node had a high
impact on the other nutritional patterns (NP2 and NP1), insulin and
HOMA-IR index, which could be related with the ability of young
adults with MHO to maintain metabolic balance despite the presence
of obesity by controlling their psychological state and dietary factors.
Previous studies support these findings, suggesting that stress
management and resilience are key protective factors for this group,
while higher stress and depression levels can impair metabolic
regulation (38, 87-89). It has also been observed that healthy diets rich
in anti-inflammatory foods and fiber can improve metabolic function
and prevent obesity-related diseases, even in the absence of significant

weight loss (90).

Network structure in MUO individuals

The MUO network featured two clusters of nodes. The first
grouped NP1 (minerals and vitamins) and NP2 (carbohydrates), BMI,
HTN, and psychological variables, while the second grouped NP3
(fats and sodium) and key physical indicators such as HOMA-IR,
cholesterol, glucose, insulin, and triacylglycerol. The higher density in
this network (compared to the MHO group) suggests the variables
could be more interrelated among MUO individuals and that
metabolic and nutritional factors play a more interdependent role.
This may be because MUO patients often present nutritional
imbalances, such as diets rich in saturated fats, sugars, and sodium,
which contribute to metabolic disorders such as insulin resistance,
dyslipidemia (high levels of LDL cholesterol and triglycerides), and
chronic inflammation. Indeed, previous studies have found that these
metabolic dysfunctions can lead to a poorer nutritional profile,
creating a cycle in which poor diet intensifies metabolic problems and
vice versa (91, 92). Therefore, despite the presence of high BMI among
MHO individuals, these subjects exhibit better metabolic control, with
normal levels of glucose, cholesterol, and blood pressure, suggesting
that adequate nutritional factors and a healthy lifestyle may mitigate
the negative effects of obesity. The potentially stronger interdependence
between nutritional and metabolic factors among MUO individuals
would therefore contribute to a more pronounced decline in health.

The NP3 node (fats and sodium) demonstrated the highest
centrality in the MUO network, reflecting its importance in the
etiology of this group. This dietary pattern seems highly conducive
toward an unhealthy obesity profile, and directly influences metabolic
and psychological health. Prior studies have also found that foods high
in fat and sodium promote caloric excess and metabolic alterations,
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such as insulin resistance and HTN, which in turn increase the risk of
diseases like type 2 diabetes (93, 94). These foods can also impact
brain chemistry, which has been associated to increased anxiety, stress,
and depression, creating a vicious cycle of emotional eating and
psychological distress (95-97). These components have also been
observed to disrupt the gut microbiome, leading to nutritional
deficiencies that worsen both physical and emotional health,
perpetuating the negative effects on the body (98).

The cholesterol node was also highly central in the MUO group,
suggesting a close link to nutritional patterns and the presence of
comorbidities associated with obesity, such as HTN. This aligns with
claims in the literature that cholesterol is closely related to dietary
profile and comorbid conditions related to obesity, such as high blood
pressure, because diets high in saturated and trans fats elevate LDL
(bad) cholesterol levels, promoting atherosclerosis and reducing blood
flow (99, 100). Obesity, which has been strongly linked to insulin
resistance and chronic inflammation, leads to dysfunctional lipid
metabolism, thus increasing LDL cholesterol and triglyceride levels,
while reducing HDL (good) cholesterol (101). These lipid imbalances
have also been associated to the onset and progression of HTN, since
the accumulation of fat in the arteries hinders blood flow, raising
blood pressure and increasing the risk of cardiovascular and metabolic
diseases (101-103).

Limitations

The findings of this study must be interpreted in light of certain
limitations. First, this work analyzed cross-sectional data, resulting in
undirected networks: the edges (connections) represented correlation-
based associations between the nodes (variables), meaning that the
relational patterns represented statistical relationships rather than
causal effects. Further research with longitudinal designs should help
to define the specific roles of the nodes as exposures or responses, and
to test causal relationships between variables. Second, although the
study included a set of nodes measuring different constructs, it was
not possible to include other factors concerning endophenotype that
may influence metabolic health status. Future research should raise
the number of nodes and domains, to obtain a more complete picture
of the obesity profiles. Third, the sample only included young adults,
which limits generalization of the results to older populations, in
whom the interrelationship between metabolically healthy and
unhealthy obesity could follow different patterns. Similarly, it would
be useful to expand this network analysis to samples with different
sociodemographic characteristics (such as ethnicity, education and
cultural background). Fourth, dietary data were self-reported, which
makes them susceptible to recall bias: participants may not accurately
remember or report their food intake, leading to potential
misestimation of actual dietary behaviors, and this could affect the
precision of associations between dietary factors and other variables
in the study. And finally, because the sample was based on convenience
rather than random selection, it cannot be assumed that the
participants are fully representative of the broader population of
young university students, which may limit the generalizability of the
findings. Even, there may be potential variables not measured or
analyzed in this study that could act as confounding factors, which
the the
observed associations.

might influence networks potentially  biasing
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Strengths

This study provides valuable insight into the interrelationships
between physical, nutritional, and psychological variables in young
overweight or obese adults, and furthers our understanding of the
complex networks underlying metabolically healthy and unhealthy
obesity. The results suggest that psychological stress and nutritional
patterns are key factors in distinguishing between MHO and MUO,
and this observation may have implications for obesity prevention
and treatment. In particular, the centrality of stress in the MHO group
highlights the importance of addressing psychological factors when
addressing metabolically healthy obesity, as these could play a crucial
role in maintaining a healthy metabolic profile despite obesity. In the
MUO group, the high centrality of NP3 and cholesterol suggests that
dietary programs and the control of metabolic factors could be key to
reducing the risk of comorbidities associated with unhealthy obesity.

This study also underscores the usefulness of network analysis as
a tool to explore the interconnection between multiple factors
influencing metabolic health. Unlike traditional multivariate methods,
network analysis allows to examine direct interactions among
variables, identify central and bridge nodes, and capture the overall
structure of interrelations, providing a more dynamic understanding
of factors contributing to obesity and its metabolic risk profiles.
Furthermore, our findings have clear implications for future research
and practice. Identifying central and bridge nodes in the network can
guide longitudinal studies to track how these key factors influence the
progression from MHO to MUO over time. Additionally, these
insights could inform practical screening strategies, by highlighting
which behaviors, psychological traits, or physiological measures may
serve as early indicators of increased metabolic risk, enabling targeted
interventions to prevent MUO transitions.

Conclusion

Young adulthood (typically from ages 18 to 25) is a critical period
for development because long-term lifestyle habits are often established
during this transitional phase (104), when individuals are especially
vulnerable to the onset and progression of obesity and metabolic diseases
(105, 106). Research indicates that during this period of life, changes in
diet, a more sedentary lifestyle, and lack of time for exercise are all
potential contributors to the adoption of unhealthy behaviors that
increase the risk of type 2 diabetes and cardiovascular diseases (107, 108).

Among young adults, overweight and obesity are strong predictors
of adverse effects and an increased risk of developing multiple chronic
diseases at older ages, including physical disorders (such as
cardiovascular issues, HTN, diabetes, asthma, and bone diseases) and
psychological issues (including anxiety, depression and sleep
problems). The identification of key variables in patients with and
without cardio-metabolic risk factors will contribute to the design of
more precise, individualized intervention programs, aimed at
promoting healthy habits. It is crucial to recognize that even in the
absence of overt metabolic abnormalities, obesity confers a
substantially increased risk of cardiometabolic disease and mortality.
Clinicians should therefore avoid interpreting MHO as a harmless
state: excess adiposity itself remains a critical determinant of long-term
health risks. Public health strategies must therefore continue to
prioritize the prevention and reduction of obesity in all its forms.

Frontiers in Nutrition

12

10.3389/fnut.2025.1666688

Data availability statement

The raw data supporting the conclusions of this article will
be made available by the authors, without undue reservation.

Ethics statement

The research was carried out in accordance with the latest version
of the Declaration of Helsinki and was approved by the Human
Research Ethics Committee of the Catholic University of Cuenca with
the code: CEISH-UCACUE-045 endorsed by the Ministry of Public
Health of Ecuador. The studies were conducted in accordance with the
local legislation and institutional requirements. The participants
provided their written informed consent to participate in this study.

Author contributions

GR: Conceptualization, Investigation, Methodology, Project
administration, Writing - original draft. RG: Data curation, Formal
analysis, Methodology, Writing - original draft, Writing - review &
editing. DI: Investigation, Writing - review & editing. LM-C:
Writing - review & editing.

Funding

The author(s) declare that financial support was received for the
research and/or publication of this article. RG was supported by the
ICREA-Academy-2021 award.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

Generative Al statement

The authors declare that no Gen Al was used in the creation of
this manuscript.

Any alternative text (alt text) provided alongside figures in this
article has been generated by Frontiers with the support of artificial
intelligence and reasonable efforts have been made to ensure accuracy,
including review by the authors wherever possible. If you identify any
issues, please contact us.

Publisher’'s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations,
or those of the publisher, the editors and the reviewers. Any product
that may be evaluated in this article, or claim that may be made by its
manufacturer, is not guaranteed or endorsed by the publisher.

frontiersin.org


https://doi.org/10.3389/fnut.2025.1666688
https://www.frontiersin.org/journals/nutrition
https://www.frontiersin.org

Reivan Ortiz et al.

References

1. Mizia S, Felinczak A, Wlodarek D, SyrkiewicZ-Switala M. Evaluation of eating
habits and their impact on health among adolescents and young adults: a cross-sectional
study. Int ] Environ Res Public Health. (2021) 18:3996. doi: 10.3390/ijerph18083996

2. @ygard L, Klepp KI. Influences of social groups on eating patterns: a study among
young adults. ] Behav Med. (1996) 19:1-15. doi: 10.1007/BF01858171

3. Beslay M, Srour B, Méjean C, Allés B, Fiolet T, Debras C, et al. Ultra-processed food
intake in association with BMI change and risk of overweight and obesity: a prospective
analysis of the French NutriNet-santé cohort. PLoS Med. (2020) 17:€1003256. doi:
10.1371/journal.pmed.1003256

4. Eaton J. Country level sales of ultra-processed foods and sugar-sweetened beverages
predict higher BMI and increased prevalence of overweight in adult and youth
populations. Curr Dev Nutr. (2020) 4:nzaa053_030. doi: 10.1093/cdn/nzaa053_030

5. Juul E, Martinez-Steele E, Parekh N, Monteiro CA, Chang VW. Ultra-processed
food consumption and excess weight among US adults. Br J Nutr. (2018) 120:90-100.
doi: 10.1017/S0007114518001046

6. Murray DW, Mahadevan M, Gatto K, O’Connor K, Fissinger A, Bailey D, et al.
Culinary efficacy: an exploratory study of skills, confidence, and healthy cooking
competencies among university students. Perspect Public Health. (2016) 136:143-51. doi:
10.1177/1757913915600195

7. Pelletier JE, Laska MN. Balancing healthy meals and busy lives: associations
between work, school, and family responsibilities and perceived time constraints among
young adults. J Nutr Educ Behav. (2012) 44:481-9. doi: 10.1016/j.jneb.2012.04.001

8. Dakanalis A, Mentzelou M, Papadopoulou SK, Papandreou D, Spanoudaki M,
Vasios GK, et al. The association of emotional eating with overweight/obesity,
depression, anxiety/stress, and dietary patterns: a review of the current clinical evidence.
Nutrients. (2023) 15:1173. doi: 10.3390/nul5051173

9. Geiker NRW, Astrup A, Hjorth MEF, Sj6din A, Pijls L, Markus CR. Does stress
influence sleep patterns, food intake, weight gain, abdominal obesity and weight loss
interventions and vice versa? Obes Rev. (2018) 19:81-97. doi: 10.1111/0br.12603

10. Scott KA, Melhorn §J, Sakai RR. Effects of chronic social stress on obesity. Curr
Obes Rep. (2012) 1:16-25. doi: 10.1007/s13679-011-0006-3

11. Howarth NC, Huang TT, Roberts SB, Lin BH, McCrory MA. Eating patterns and
dietary composition in relation to BMI in younger and older adults. Int ] Obes. (2007)
31:675-84. doi: 10.1038/s].ij0.0803456

12. Nicklas TA, Baranowski T, Cullen KW, Berenson G. Eating patterns, dietary
quality and obesity. J Am  Coll Nutr. (2001) 20:599-608. doi:
10.1080/07315724.2001.10719064

13. Thomas-Valdés S, Tostes MDGV, Anunciagio PC, da Silva BP, Sant'Ana HMP.
Association between vitamin deficiency and metabolic disorders related to obesity. Crit
Rev Food Sci Nutr. (2017) 57:3332-43. doi: 10.1080/10408398.2015.1117413

14. Austin J, Marks D. Hormonal regulators of appetite. Int ] Pediatr Endocrinol. (2009)
2009:141753. doi: 10.1155/2009/141753

15. Bender DA, Cunningham SM. Introduction to nutrition and metabolism. London
(UK): CRC Press (2021).

16. Sai Kumar BAA. Hormonal regulation of metabolism, water, and minerals In
Textbook of veterinary physiology. Singapore: Springer Nature Singapore (2023)
391-415.

17. Churuangsuk C, Kherouf M, Combet E, Lean M. Low-carbohydrate diets for
overweight and obesity: a systematic review of the systematic reviews. Obes Rev. (2018)
19:1700-18. doi: 10.1111/0br.12744

18. Merchant AT, Vatanparast H, Barlas S, Dehghan M, Shah SMA, De Koning L, et al.
Carbohydrate intake and overweight and obesity among healthy adults. ] Am Diet Assoc.
(2009) 109:1165-72. doi: 10.1016/j.jada.2009.04.002

19. Van Dam RM, Seidell JC. Carbohydrate intake and obesity. Eur J Clin Nutr. (2007)
61:575-99. doi: 10.1038/sj.ejcn.1602939

20. Poppitt SD. Carbohydrates and satiety In: JE Blundel and F Bellisle, editors.
Satiation, satiety and the control of food intake. Cambridge: Woodhead Publishing
(2013). 166-81.

21. Frieler RA, Vigil TM, Song ], Leung C, Lumeng CN, Mortensen RM. High-fat and
high-sodium diet induces metabolic dysfunction in the absence of obesity. Obesity.
(2021) 29:1868-81. doi: 10.1002/0by.23264

22. Zhang X, Wang J, Li ], Yu Y, Song Y. A positive association between dietary sodium
intake and obesity and central obesity: results from the National Health and nutrition
examination survey 1999-2006. Nutr Res. (2018) 55:33-44. doi: 10.1016/j.nutres.2018.04.008

23. Al-Nuaim AA, Bamgboye EA, Al-Rubeaan KA, Al-Mazrou Y. Overweight and
obesity in Saudi Arabian adult population, role of sociodemographic variables. J
Community Health. (1997) 22:211-23. doi: 10.1023/A:1025177108996

24. de Salas MM, Martin-Ramiro JJ, Soto JJ]. Sociodemographic characteristics as risk
factors for obesity and overweight in Spanish adult population. Med Clin. (2016)
146:471-7. doi: 1041016/j.medcli.2016.03.017

25. Juliusson PB, Eide GE, Roelants M, Waaler PE, Hauspie R, Bjerknes R. Overweight
and obesity in Norwegian children: prevalence and socio-demographic risk factors. Acta
Paediatr. (2010) 99:900-5. doi: 10.1111/j.1651-2227.2010.01730.x

Frontiers in Nutrition

13

10.3389/fnut.2025.1666688

26. Garvey Timothy W. Clinical definition of overweight and obesity In: ] Gonzalez-
Campoy, D Hurley and W Garvey, editors. Bariatric endocrinology. Cham: Springer
International Publishing (2019). 121-43.

27. Almendros I, Martinez-Garcia MA, Farré R, Gozal D. Obesity, sleep apnea, and
cancer. Int ] Obes. (2020) 44:1653-67. doi: 10.1038/s41366-020-0549-z

28.Jehan S, Myers AK, Zizi F, Pandi-Perumal SR, Jean-Louis G, McFarlane SI. Obesity,
obstructive sleep apnea and type 2 diabetes mellitus: epidemiology and pathophysiologic
insights. Sleep Med Disord Int J. (2018) 2:52-8. doi: 10.15406/SMDI]J.2018.02.00045

29. Lopes MFE Obesity and related diseases In: J Ettinger, E Azaro, R Weiner, KD
Higa, MG Neto and A Fernandes Teixeira, editors. Gastric bypass: Bariatric and
metabolic surgery perspectives. Switzerland: Springer (2021). 31-40.

30. Magkos E. Metabolically healthy obesity: what-s in a name? Am J Clin Nutr. (2019)
110:533-9. doi: 10.1093/ajcn/nqz133

31. Tacobini C, Pugliese G, Fantauzzi CB, Federici M, Menini S. Metabolically healthy
versus metabolically unhealthy obesity. Metabolism. (2019) 92:51-60. doi:
10.1016/j.metabol.2018.11.009

32.Hills AP, King NA, Armstrong TP. The contribution of physical activity and
sedentary behaviours to the growth and development of children and adolescents:
implications for overweight and obesity. Sports Med. (2007) 37:533-45. doi:
10.2165/00007256-200737060-00006

33. Opio ], Croker E, Odongo GS, Attia J, Wynne K, McEvoy M. Metabolically healthy
overweight/obesity are associated with increased risk of cardiovascular disease in adults,
even in the absence of metabolic risk factors: a systematic review and meta-analysis of
prospective cohort studies. Obes Rev. (2020) 21:e13127. doi: 10.1111/0br.13127

34. Chourpiliadis C, Zeng Y, Lovik A, Wei D, Valdimarsdéttir U, Song H, et al.
Metabolic profile and long-term risk of depression, anxiety, and stress-related disorders.
JAMA Netw Open. (2024) 7:¢244525-5. doi: 10.1001/jamanetworkopen.2024.4525

35. Sardinha A, Nardi AE. The role of anxiety in metabolic syndrome. Expert Rev
Endocrinol Metab. (2012) 7:63-71. doi: 10.1586/eem.11.89

36. van Reedt Dortland AK, Vreeburg SA, Giltay EJ, Licht CM, Vogelzangs N, van
Veen T, et al. The impact of stress systems and lifestyle on dyslipidemia and obesity in
anxiety and depression. Psychoneuroendocrinology. (2013) 38:209-18. doi:
10.1016/j.psyneuen.2012.05.017

37. Agius R, Pace NP, Fava S. Phenotyping obesity: a focus on metabolically healthy
obesity and metabolically unhealthy normal weight. Diabetes Metab Res Rev. (2024)
40:e3725. doi: 10.1002/dmrr.3725

38. Ruiz LD, Zuelch ML, Dimitratos SM, Scherr RE. Adolescent obesity: diet quality,
psychosocial health, and cardiometabolic risk factors. Nutrients. (2019) 12:43. doi:
10.3390/nu12010043

39. Corica E, Corsonello A, Apolone G, Mannucci E, Lucchetti M, Bonfiglio C, et al.
Metabolic syndrome, psychological status and quality of life in obesity: the QUOVADIS
study. Int ] Obes. (2008) 32:185-91. doi: 10.1038/s].ij0.0803687

40. Ortiz GG, Granero R, Aranda-Ramirez MP, Aguirre-Quezara MA. Association
between nutrition patterns and metabolic and psychological state among young adults.
Eur Eat Disord Rev. (2025) 1-14. doi: 10.1002/erv.3209

41. World Health Organization, WHO. Overweight and obesity. 2024-March-1. (2024)
Available online at: https://www.who.int/es/news-room/fact-sheets/detail/obesity-and-
overweight (Accessed May 12, 2023).

42. Morején Y, Manzano A, Betancourt S, Ulloa V. Construction of a food
consumption frequency questionnaire for Ecuadorian adults, cross-sectional study. Rev
Esp Nutr Hum Diet. (2021) 25:394-402. doi: 10.14306/renhyd.25.4.1340

43.Bauce G, Moya-Sifontes MZ. Waist circumference weight index as a
complementary indicator of overweight and obesity in different groups of subjects.
Revista Digital de Postgrado. (2020) 9:e195. Available at: https://www.jobese.org/full-
text/proposal-for-an-indicator-for-overweight-and-obesity-weight-waist-
circumference-index-wwci

44. Gomez-Leén Mandujano A, Morales Lopez S, Alvarez Diaz J. Technique for a
correct blood pressure measurement in the ambulatory patient. Rev Fac Med. (2016)
59:49-55. Available at: https://www.scielo.org.mx/scielo.php?script=sci_arttext&pid
=50026-17422016000300049

45. Gordon A, Benson S. Resistance training improves metabolic health in type 2
diabetes: a systematic review. Diabetes Res Clin Pract. (2009) 83:157-75. doi:
10.1016/j.diabres.2008.11.024

46. Barrea L, Muscogiuri G, Pugliese G, De Alteriis G, Colao A, Savastano S. Metabolically
healthy obesity (MHO) vs. metabolically unhealthy obesity (MUO) phenotypes in PCOS:
association with endocrine-metabolic profile, adherence to the Mediterranean diet, and body
composition. Nutrients. (2021) 13:3925. doi: 10.3390/nu13113925

47. Garmendia M, Lera L, Sanchez H, Uauy R. Valores normativos de resistencia a la
insulina mediante HOMA-IR en adultos mayores de Santiago de Chile. Rev Med Chile.
(2009) 137:1409-16. doi: 10.4067/S0034-98872009001100001

48. Buccini G, Wolfthal D. Cut-off values for insulin resistance, insulin sensitivity and
insulin secretion indices derived from the HOMA formula and the HOMAZ program,
interpretation of the data. Argent ] Endocrinol Metab. (2008) 45:3-21. doi: 10.3390/
nul6172924

frontiersin.org


https://doi.org/10.3389/fnut.2025.1666688
https://www.frontiersin.org/journals/nutrition
https://www.frontiersin.org
https://doi.org/10.3390/ijerph18083996
https://doi.org/10.1007/BF01858171
https://doi.org/10.1371/journal.pmed.1003256
https://doi.org/10.1093/cdn/nzaa053_030
https://doi.org/10.1017/S0007114518001046
https://doi.org/10.1177/1757913915600195
https://doi.org/10.1016/j.jneb.2012.04.001
https://doi.org/10.3390/nu15051173
https://doi.org/10.1111/obr.12603
https://doi.org/10.1007/s13679-011-0006-3
https://doi.org/10.1038/sj.ijo.0803456
https://doi.org/10.1080/07315724.2001.10719064
https://doi.org/10.1080/10408398.2015.1117413
https://doi.org/10.1155/2009/141753
https://doi.org/10.1111/obr.12744
https://doi.org/10.1016/j.jada.2009.04.002
https://doi.org/10.1038/sj.ejcn.1602939
https://doi.org/10.1002/oby.23264
https://doi.org/10.1016/j.nutres.2018.04.008
https://doi.org/10.1023/A:1025177108996
https://doi.org/10.1016/j.medcli.2016.03.017
https://doi.org/10.1111/j.1651-2227.2010.01730.x
https://doi.org/10.1038/s41366-020-0549-z
https://doi.org/10.15406/SMDIJ.2018.02.00045
https://doi.org/10.1093/ajcn/nqz133
https://doi.org/10.1016/j.metabol.2018.11.009
https://doi.org/10.2165/00007256-200737060-00006
https://doi.org/10.1111/obr.13127
https://doi.org/10.1001/jamanetworkopen.2024.4525
https://doi.org/10.1586/eem.11.89
https://doi.org/10.1016/j.psyneuen.2012.05.017
https://doi.org/10.1002/dmrr.3725
https://doi.org/10.3390/nu12010043
https://doi.org/10.1038/sj.ijo.0803687
https://doi.org/10.1002/erv.3209
https://www.who.int/es/news-room/fact-sheets/detail/obesity-and-overweight
https://www.who.int/es/news-room/fact-sheets/detail/obesity-and-overweight
https://doi.org/10.14306/renhyd.25.4.1340
https://www.jobese.org/full-text/proposal-for-an-indicator-for-overweight-and-obesity-weight-waist-circumference-index-wwci
https://www.jobese.org/full-text/proposal-for-an-indicator-for-overweight-and-obesity-weight-waist-circumference-index-wwci
https://www.jobese.org/full-text/proposal-for-an-indicator-for-overweight-and-obesity-weight-waist-circumference-index-wwci
https://www.scielo.org.mx/scielo.php?script=sci_arttext&pid=S0026-17422016000300049
https://www.scielo.org.mx/scielo.php?script=sci_arttext&pid=S0026-17422016000300049
https://doi.org/10.1016/j.diabres.2008.11.024
https://doi.org/10.3390/nu13113925
https://doi.org/10.4067/S0034-98872009001100001
https://doi.org/10.3390/nu16172924
https://doi.org/10.3390/nu16172924

Reivan Ortiz et al.

49. Nieto O, Cardona E, Ramirez D, Gonzélez M, Castailo J. Obesity and inflammation
in students of a Colombian public university. Rev Salud Publica. (2020) 22:582-8. doi:
10.15446/rsap.v22n6.71196

50. Romén F, Santibaniez P, Vinet EV. Use of the depression anxiety stress scales
(DASS-21) as a screening instrument in young people with clinical problems. Acta Invest
Psicol. (2016) 6:2325-36. doi: 10.1016/52007-4719(16)30053-9

51. Hollingshead AB. Four factor index of social status. Yale J Sociol. (2011) 8:21-51.
Available at: https://sociology.yale.edu/sites/default/files/files/yjs_fall_2011.pdf

52. Bastian M, Heymann S, Jacomy M. Gephi: an open source software for exploring
and manipulating networks. (2009); In Proceedings of the international AAAI conference
on web and social media (3, pp. 361-362).

53. Borsboom D. A network theory of mental disorders. World Psychiatry. (2017)
16:5-13. doi: 10.1002/wps.20375

54. Briganti G, Scutari M, Epskamp S, Borsboom D, Hoekstra RHA, Golino HEF, et al.
Network analysis: an overview for mental health research. Int | Methods Psychiatr Res.
(2024) 33:€2034. doi: 10.1002/mpr.2034

55. Borsboom D, Cramer AO. Network analysis: an integrative approach to the
structure of psychopathology. Annu Rev Clin Psychol. (2013) 9:91-121. doi:
10.1146/annurev-clinpsy-050212-185608

56. Contreras A, Nieto I, Valiente C, Espinosa R, Vazquez C. The study of
psychopathology from the network analysis perspective: a systematic review. Psychother
Psychosom. (2019) 88:71-83. doi: 10.1159/000497425

57. Bortolon C, Raffard S. Les analyses par réseau: vers une nouvelle conceptualisation
et prise en charge des troubles mentaux? [Network analyses: Are we moving toward a
new conceptualization and treatment of mental disorder?]. Encéphale. (2019) 45:433-40.
doi: 10.1016/j.encep.2019.06.001

58. Blondel VD, Guillaume JL, Lambiotte R, Lefebvre E. Fast unfolding of communities
in large networks. ] Stat Mechanics Theory Exp. (2008) 2008:P10008. doi:
10.1088/1742-5468/2008/10/P10008

59. Brandes U. A faster algorithm for betweenness centrality. ] Math Sociol. (2001)
25:163-77. doi: 10.1080/0022250X.2001.9990249

60. Faith MS, TVE K. Social environmental and genetic influences on obesity and
obesity-promoting behaviors: fostering research integration In: LM Hernandez and DG
Blazer, editors. Genes, behavior, and the social environment: Moving beyond the nature/
nurture debate. Washington (DC): National Academies Press (US) (2006)

61. Guerra JV, Dias MM, Brilhante AJ, Terra MFE, Garcia-Arevalo M, Figueira ACM.
Multifactorial basis and therapeutic strategies in metabolism-related diseases. Nutrients.
(2021) 13:2830. doi: 10.3390/nu13082830

62. Hesketh KD, Zheng M, Campbell K]J. Early life factors that affect obesity and the
need for complex solutions. Nat Rev Endocrinol. (2025) 21:31-44. doi:
10.1038/s41574-024-01035-2

63. Palou A, Serra F, Bonet ML, Pico C. Obesity: molecular bases of a multifactorial
problem. Eur J Nutr. (2000) 39:127-44. doi: 10.1007/s003940070017

64. Tamayo T, Herder C, Rathmann W. Impact of early psychosocial factors
(childhood socioeconomic factors and adversities) on future risk of type 2 diabetes,
metabolic disturbances and obesity: a systematic review. BMC Public Health. (2010)
10:1-15. doi: 10.1186/1471-2458-10-525

65. Wahi G, Anand SS. Race/ethnicity, obesity, and related cardio-metabolic risk
factors: a life-course perspective. Curr Cardiovasc Risk Rep. (2013) 7:326-35. doi:
10.1007/s12170-013-0329-6

66. Li B, Tang X, Le G. Dietary habits and metabolic health. Nutrients. (2023) 15:3975.
doi: 10.3390/nu15183975

67. Manolopoulos KN, Karpe E Frayn KN. Gluteofemoral body fat as a determinant
of metabolic health. Int ] Obes. (2010) 34:949-59. doi: 10.1038/ij0.2009.286

68. Mohammadi S, Jalaludin MY, Su TT, Dahlui M, Mohamed MNA, Majid HA.
Dietary and physical activity patterns related to cardio-metabolic health among
Malaysian adolescents: a systematic review. BMC Public Health. (2019) 19:205. doi:
10.1186/512889-019-6557-z

69. Schwenk RW, Vogel H, Schiirmann A. Genetic and epigenetic control of metabolic
health. Mol Metabol. (2013) 2:337-47. doi: 10.1016/j.molmet.2013.09.002

70. Lucassen EA, Cizza G. The hypothalamic-pituitary-adrenal axis, obesity, and
chronic stress exposure: sleep and the HPA axis in obesity. Curr Obes Rep. (2012)
1:208-15. doi: 10.1007/s13679-012-0028-5

71. Pasquali R, Vicennati V, Cacciari M, Pagotto U. The hypothalamic-pituitary-
adrenal axis activity in obesity and the metabolic syndrome. Ann N 'Y Acad Sci. (2006)
1083:111-28. doi: 10.1196/annals.1367.009

72. Straub RH. Interaction of the endocrine system with inflammation: a function of
energy and volume regulation. Arthritis Res Ther. (2014) 16:203. doi: 10.1186/ar4484

73.Black PH, Garbutt LD. Stress, inflammation and cardiovascular disease. J
Psychosom Res. (2002) 52:1-23. doi: 10.1016/S0022-3999(01)00302-6

74. Kiviméki M, Steptoe A. Effects of stress on the development and progression of
cardiovascular disease. Nat Rev Cardiol. (2018) 15:215-29. doi: 10.1038/nrcardio.2017.189

75. Aschbacher K, Kornfeld S, Picard M, Puterman E, Havel PJ, Stanhope K, et al.
Chronic stress increases vulnerability to diet-related abdominal fat, oxidative stress, and

Frontiers in Nutrition

14

10.3389/fnut.2025.1666688

metabolic risk. Psychoneuroendocrinology. (2014) 46:14-22. doi:

10.1016/j.psyneuen.2014.04.003

76. Phillips CM, Perry IJ. Depressive symptoms, anxiety and well-being among
metabolic health obese subtypes. Psychoneuroendocrinology. (2015) 62:47-53. doi:
10.1016/j.psyneuen.2015.07.168

77.Zou B, Miao C, Chen J. Depression and perceived stress, but not anxiety, are
associated with elevated inflammation in an obese adult population. Risk Manage
Healthc Policy. (2020) 13:1489-97. doi: 10.2147/RMHP.5270359

78. Sharma S, Fernandes MF, Fulton S. Adaptations in brain reward circuitry underlie
palatable food cravings and anxiety induced by high-fat diet withdrawal. Int J Obes.
(2013) 37:1183-91. doi: 10.1038/ij0.2012.197

79. Sharma S, Fulton S. Diet-induced obesity promotes depressive-like behaviour that
is associated with neural adaptations in brain reward circuitry. Int ] Obes. (2013)
37:382-9. doi: 10.1038/ij0.2012.48

80. Chao AM, Jastreboff AM, White MA, Grilo CM, Sinha R. Stress, cortisol, and
other appetite-related hormones: prospective prediction of 6-month changes in food
cravings and weight. Obesity (Silver Spring). (2017) 25:713-20. doi: 10.1002/0by.21790

81. Chearskul S, Kooptiwut S, Pummoung S, Vongsaiyat S, Churintaraphan M,
Semprasert N, et al. Obesity and appetite-related hormones. ] Med Assoc Thail. (2012)
95:1472-9. Available at: http://jmat.mat.or.th

82.Ha OR, Lim SL. The role of emotion in eating behavior and decisions. Front
Psychol. (2023) 14:1265074. doi: 10.3389/fpsyg.2023.1265074

83. Resch M. Az elhizas addiktiv modellje: pszichoneurobiologiai dsszefiiggések [The
addictive model of obesity: psychoneurobiological relationships]. Orv Hetil. (2018)
159:1095-102. doi: 10.1556/650.2018.31058

84. Guo E Chen X, Howland S, Danza P, Niu Z, Gauderman W], et al. Perceived stress
from childhood to adulthood and Cardiometabolic end points in young adulthood: an 18-
year prospective study. ] Am Heart Assoc. (2024) 13:e030741. doi: 10.1161/JAHA.123.030741

85. Wang P, Liu M, Zhuang X, Guo Y, Xiong Z, He L, et al. Association of metabolically
healthy obesity in young adulthood with myocardial structure and function. Int ] Obes.
(2023) 47:399-405. doi: 10.1038/s41366-023-01288-3

86.Guo W, Jia J, Zhan M, Li X, Zhu W, Lu J, et al. Association of metabolically
unhealthy non-obese and metabolically healthy obese individuals with arterial stiffness
and 10-year cardiovascular disease risk: a cross-sectional study in Chinese adults. Nutr
J. (2023) 22:44. doi: 10.1186/s12937-023-00870-9

87. Ghulam A, Bonaccio M, Costanzo S, Bracone F, Gianfagna F, de Gaetano G, et al.
Psychological resilience, cardiovascular disease, and metabolic disturbances: a
systematic review. Front Psychol. (2022) 13:817298. doi: 10.3389/fpsyg.2022.817298

88. Hemmingsson E. A new model of the role of psychological and emotional distress
in promoting obesity: conceptual review with implications for treatment and prevention.
Obes Rev. (2014) 15:769-79. doi: 10.1111/0br.12197

89. Stewart-Knox B, Duffy ME, Bunting B, Parr H, Vas de Almeida MD, Gibney M.
Associations between obesity (BMI and waist circumference) and socio-demographic
factors, physical activity, dietary habits, life events, resilience, mood, perceived stress and
hopelessness in healthy older Europeans. BMC Public Health. (2012) 12:424. doi:
10.1186/1471-2458-12-424

90. Tkaczenko H, Kurhaluk N. Antioxidant-rich functional foods and exercise:
unlocking metabolic health through Nrf2 and related pathways. Int ] Mol Sci. (2025)
26:1098. doi: 10.3390/ijms26031098

91. Golonka RM, Xiao X, Abokor AA, Joe B, Vijay-Kumar M. Altered nutrient status
reprograms host inflammation and metabolic health via gut microbiota. ] Nutr Biochem.
(2020) 80:108360. doi: 10.1016/j.jnutbio.2020.108360

92. Moszak M, Szulinska M, Bogdanski P. You are what you eat—the relationship
between diet, microbiota, and metabolic disorders—a review. Nutrients. (2020) 12:1096.
doi: 10.3390/nu12041096

93. Bogaert YE, Linas S. The role of obesity in the pathogenesis of hypertension. Nat
Clin Pract Nephrol. (2009) 5:101-11. doi: 10.1038/ncpneph1022

94. Stefan N. Causes, consequences, and treatment of metabolically unhealthy fat
distribution. Lancet Diabetes Endocrinol. (2020) 8:616-27. doi: 10.1016/S2213-
8587(20)30110-8

95. Aucoin M, LaChance L, Naidoo U, Remy D, Shekdar T, Sayar N, et al. Diet and
anxiety: a scoping review. Nutrients. (2021) 13:4418. doi: 10.3390/nu13124418

96. Currenti W, Godos J, Alanazi AM, Lanza G, Ferri R, Caraci F, et al. Dietary fats
and depressive symptoms in Italian adults. Nutrients. (2023) 15:675. doi:
10.3390/nu15030675

97. Hashemi S, Amani R, Cheraghian B, Neamatpour S. Stress and anxiety levels are
associated with erythrocyte fatty acids content in young women. Iran ] Psychiatry. (2020)
15:47-54. doi: 10.18502/ijps.v15i1.2439

98. Zhang P. Influence of foods and nutrition on the gut microbiome and implications
for intestinal health. Int J Mol Sci. (2022) 23:9588. doi: 10.3390/ijms23179588

99.Rodgers A, Lawes CMM, Gaziano T, Vos T. The growing burden of risk from
high blood pressure, cholesterol, and bodyweight In: DT Jamison, JG Breman and AR
Measham, editors. Disease control priorities in developing countries. Washington
(DC): The International Bank for Reconstruction and Development/The World
Bank (2006)

frontiersin.org


https://doi.org/10.3389/fnut.2025.1666688
https://www.frontiersin.org/journals/nutrition
https://www.frontiersin.org
https://doi.org/10.15446/rsap.v22n6.71196
https://doi.org/10.1016/s2007-4719(16)30053-9
https://sociology.yale.edu/sites/default/files/files/yjs_fall_2011.pdf
https://doi.org/10.1002/wps.20375
https://doi.org/10.1002/mpr.2034
https://doi.org/10.1146/annurev-clinpsy-050212-185608
https://doi.org/10.1159/000497425
https://doi.org/10.1016/j.encep.2019.06.001
https://doi.org/10.1088/1742-5468/2008/10/P10008
https://doi.org/10.1080/0022250X.2001.9990249
https://doi.org/10.3390/nu13082830
https://doi.org/10.1038/s41574-024-01035-2
https://doi.org/10.1007/s003940070017
https://doi.org/10.1186/1471-2458-10-525
https://doi.org/10.1007/s12170-013-0329-6
https://doi.org/10.3390/nu15183975
https://doi.org/10.1038/ijo.2009.286
https://doi.org/10.1186/s12889-019-6557-z
https://doi.org/10.1016/j.molmet.2013.09.002
https://doi.org/10.1007/s13679-012-0028-5
https://doi.org/10.1196/annals.1367.009
https://doi.org/10.1186/ar4484
https://doi.org/10.1016/S0022-3999(01)00302-6
https://doi.org/10.1038/nrcardio.2017.189
https://doi.org/10.1016/j.psyneuen.2014.04.003
https://doi.org/10.1016/j.psyneuen.2015.07.168
https://doi.org/10.2147/RMHP.S270359
https://doi.org/10.1038/ijo.2012.197
https://doi.org/10.1038/ijo.2012.48
https://doi.org/10.1002/oby.21790
http://jmat.mat.or.th
https://doi.org/10.3389/fpsyg.2023.1265074
https://doi.org/10.1556/650.2018.31058
https://doi.org/10.1161/JAHA.123.030741
https://doi.org/10.1038/s41366-023-01288-3
https://doi.org/10.1186/s12937-023-00870-9
https://doi.org/10.3389/fpsyg.2022.817298
https://doi.org/10.1111/obr.12197
https://doi.org/10.1186/1471-2458-12-424
https://doi.org/10.3390/ijms26031098
https://doi.org/10.1016/j.jnutbio.2020.108360
https://doi.org/10.3390/nu12041096
https://doi.org/10.1038/ncpneph1022
https://doi.org/10.1016/S2213-8587(20)30110-8
https://doi.org/10.1016/S2213-8587(20)30110-8
https://doi.org/10.3390/nu13124418
https://doi.org/10.3390/nu15030675
https://doi.org/10.18502/ijps.v15i1.2439
https://doi.org/10.3390/ijms23179588

Reivan Ortiz et al.

100. Wang H, Peng DQ. New insights into the mechanism of low high-density
lipoprotein cholesterol in obesity. Lipids Health Dis. (2011) 10:176. doi: 10.1186/1476-
511X-10-176

101. Schuster DP. Obesity and the development of type 2 diabetes: the effects of
fatty tissue inflammation. Diabetes Metab Syndr Obes. (2010) 3:253-62. doi:
10.2147/dmsott.s7354

102. Seravalle G, Grassi G. Obesity and hypertension In: SI Ahmad, editor. Obesity:
Clinical, surgical and practical guide. Cham: Springer (2024). 65-79.

103. Yanai H, Tomono Y, Ito K, Furutani N, Yoshida H, Tada N. The underlying
mechanisms for development of hypertension in the metabolic syndrome. Nutr J. (2008)
2008:1-6. doi: 10.1186/1475-2891-7-10

104. Aggoun Y. Obesity, metabolic syndrome, and cardiovascular disease. Pediatr Res.
(2007) 61:653-9. doi: 10.1203/pdr.0b013e31805d8a8c

Frontiers in Nutrition

15

10.3389/fnut.2025.1666688

105. Jakubiak GK, Osadnik K, Lejawa M, Kasperczyk S, Osadnik T, Pawlas N.
Oxidative stress in association with metabolic health and obesity in young adults.
Oxidative Med Cell Longev. (2021) 2021:e-9987352. doi: 10.1155/2021/9987352

106. Qin H, Zhao M, Wu T, Zhu S, Qiao Y, Lei X, et al. Dietary and health risk
behaviors for metabolic diseases in different age groups: a cross-sectional study in
Chongqing, China. BMC Public Health. (2025) 25:683. doi: 10.1186/s12889-
025-21898-y

107. Faro JM, Whiteley JA, Hayman LL, Napolitano MA. Body image quality of life
related to light physical activity and sedentary behavior among young adults with
overweight/obesity. Behav Sci. (2021) 11:111. doi: 10.3390/bs11080111

108. Peterson NE, Sirard JR, Kulbok PA, DeBoer MD, Erickson JM. Sedentary
behavior and physical activity of young adult university students. Res Nurs Health.
(2018) 41:30-8. doi: 10.1002/nur.21845

frontiersin.org


https://doi.org/10.3389/fnut.2025.1666688
https://www.frontiersin.org/journals/nutrition
https://www.frontiersin.org
https://doi.org/10.1186/1476-511X-10-176
https://doi.org/10.1186/1476-511X-10-176
https://doi.org/10.2147/dmsott.s7354
https://doi.org/10.1186/1475-2891-7-10
https://doi.org/10.1203/pdr.0b013e31805d8a8c
https://doi.org/10.1155/2021/9987352
https://doi.org/10.1186/s12889-025-21898-y
https://doi.org/10.1186/s12889-025-21898-y
https://doi.org/10.3390/bs11080111
https://doi.org/10.1002/nur.21845

	Network study of the nutritional patterns, the metabolic and the psychological status among overweight-obese young adults
	Introduction
	Methods
	Participants
	Measures
	Anthropometry
	Dietary patterns
	Cardiovascular and metabolic risk factors
	Psychological characteristics
	Socioeconomic factors
	Procedure
	Data analysis

	Results
	Characteristics of the sample
	Network analysis of MHO subsample
	Network analysis of the MUO subsample

	Discussion
	Network structure in MHO individuals
	Network structure in MUO individuals
	Limitations
	Strengths

	Conclusion

	References

