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s u m m a r y

Background & aims: Impaired postprandial glucose is associated with increased risk of type 2 diabetes 
and all-cause mortality. Although dietary intake influences glucose response, meal-specific postprandial 
glucose responses under free-living conditions remain poorly characterized in adults with obesity. This 
cross-sectional study examined whether dietary intake at breakfast and lunch relates to subsequent 
postprandial glucose, and whether dinner intake relates to both postprandial and nocturnal glucose.
Methods: Participants wore a continuous glucose monitoring (CGM) device for 14 days, and dietary 
intake was assessed using one or two non-consecutive 24-h recalls. Energy, macronutrients, food 
groups, and dietary patterns were derived. CGM data were time-matched to breakfast, lunch, and dinner 
to derive postprandial parameters (0–180 min), and nocturnal metrics were derived during the sleep 
period time.
Results: A total of 146 participants (73 women; median [Q1–Q3] age: 49.5 [42.0–55.0] years) with valid 
data were included in this analysis. Higher intakes of fruit, dairy, and unsweetened beverages (all 
β≤ − 1.1 × 10− 4 per 5%EI increase), and lower consumption of high-carbohydrate dietary patterns at 
lunch (all non-linear P≤ 0.005) were associated with lower postprandial glucose variability. At dinner, 
greater intake of alcoholic drinks, processed meats, and refined bread or pasta was associated with 
detrimental nocturnal glucose responses (all β≥ 3.9 × 10− 5 per 5%EI increase), whereas higher fruit 
intake showed the opposite pattern (all β ≤–2.1 × 10− 5 per 5%EI increase).

List of abbreviations: AUC, Area under the curve; BEDCA, Base de Datos Espa~nola de Composici�on de Alimentos; BMI, Body mass index; CGM, Continuous glucose 
monitoring; CV, Coefficient of variation; EI, Energy intake; ENMO, Euclidean Norm of the raw accelerations Minus One; GLP-1, Glucagon-like peptide-1; HbA1c, Glycated 
hemoglobin; HDL-C, High-density lipoprotein cholesterol; HOMA-IR, Homeostatic Model Assessment for Insulin Resistance; iAUC, Incremental area under the curve; LDL-C, 
Low-density lipoprotein cholesterol; MVPA, Moderate-to-vigorous physical activity; RRR, Reduced rank regression; SD, Standard deviation; VAT, Visceral adipose tissue; 
VIF, Variance inflation factor.
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Conclusion: These findings  highlight the dynamic relationships between meal-specific  dietary intake 
and subsequent glucose responses in free-living adults with obesity, with potential implications for 
precision nutrition strategies to improve glucose regulation.
© 2026 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY license 

(http://creativecommons.org/licenses/by/4.0/).

1. Introduction

The global prevalence of obesity continues to rise and represents a 
major public health concern [1]. A recent global forecasting study 
estimated that, largely driven by the obesity pandemic, more than 
1.27 billion people worldwide will develop type 2 diabetes by 2050 
[2]. These projections highlight the urgent need for effective strate
gies to prevent obesity-related diseases, such as type 2 diabetes [3].

Central to the pathophysiology of these diseases is impaired 
glucose regulation [4]. High postprandial glucose levels and high 
glycemic variability are hallmarks of prediabetes and type 2 dia
betes and are associated with cardiovascular disease and all-cause 
mortality, independent of fasting blood glucose and glycated he
moglobin (HbA1c) [5–7]. Some evidence suggests that meal 
composition exerts a great influence  on postprandial glucose 
response [7,8]. Although postprandial glucose has been proposed as 
a target for precision nutrition interventions [9,10], its dysregula
tion remains incompletely understood. Glycemic responses to 
standardized oral glucose tolerance tests reflect underlying physi
ology, such as insulin resistance and β-cell dysfunction [11], but 
fixed-timed blood draws in controlled settings may fail to capture 
the complexity of postprandial dynamics in free-living conditions. 
Conversely, continuous glucose monitoring (CGM) enables detailed 
assessment of 24-h glucose profiles, capturing fluctuations across 
fasting and postprandial states [11,12]. This technology provides the 
opportunity to examine glucose responses to self-selected habitual 
meals, supporting the development of precision nutrition strate
gies that account for individual and subgroup differences [10].

In contrast to findings from standardized oral glucose tolerance 
tests or mixed meals in controlled experimental studies [7,8,13], 
meal-specific  postprandial glucose responses remain poorly 
characterized under free-living conditions. In these settings, peo
ple engage in their usual daily routines and dietary habits, 
capturing behavior in more ecologically valid contexts that may 
enhance the generalizability of findings  [14]. This is particularly 
relevant in adults with obesity, where reduced insulin sensitivity 
may further impair postprandial glucose responses and increase 
type 2 diabetes risk [15]. As the day progresses, insulin sensitivity 
tends to decline [16], potentially altering the postprandial glucose 
dynamics at lunch and dinner compared with morning assess
ments. Moreover, assessing not only isolated nutrients but also 
food groups and dietary patterns, in which foods are eaten in 
combination, may provide more nuanced insights into the influ
ence of diet on glucose regulation. Here, we examined whether 
dietary intake at breakfast and lunch is associated with subse
quent postprandial glucose, and whether dinner intake relates to 
both postprandial and nocturnal glucose response in free-living 
adults with obesity.

2. Methods

2.1. Study design

This observational cross-sectional study utilized data from the 
baseline assessments of the TEMPUS randomized controlled trial 
(ClinicalTrials.gov ID: NCT05897073) [17]. Further details of the 

study design are available elsewhere [17]. The trial was approved 
by the Granada Provincial Research Ethics Committee (ref. CEI 
Granada—0365-N-23). The study protocol and experimental 
design were in accordance with the most recent ethical guidelines 
of the Declaration of Helsinki. This study adheres to the STROBE- 
nut guidelines (Table S1) [18]. The study was conducted at the 
Sport and Health University Research Institute and the San Cecilio 
and Virgen de las Nieves University Hospitals of Granada.

2.2. Participants

Potential participants were recruited in fourteen consecutive 
waves of 10–15 participants between May 2, 2023, and April 27, 
2024, with a study completion date of September 5, 2025. Partic
ipants were recruited from newspaper advertisements, the 
Endocrinology and Nutrition Unit of the San Cecilio and Virgen de 
las Nieves University Hospitals of Granada, and the University of 
Granada community. Inclusion criteria were adult (25–65 years) 
men and women with i) a body mass index (BMI) ranging from 
≥30 to <40 kg/m2, ii) a habitual eating window of ≥11 h, and iii) 
stable body weight (within 3% of screening weight) during the 
previous two months. Exclusion criteria included a diagnosis of 
diabetes, cardiovascular disease, major sleep or eating disorders, 
or any medical condition that could interfere with or be aggravated 
by exercise; engagement in shift working involving nocturnal 
hours; pregnancy or lactation; use of medications for glycaemic 
control; or participation in a weight loss or supervised exercise 
program. Before enrollment, potential participants underwent 
clinical and physical examinations to confirm  eligibility. Eligible 
participants received detailed study information, provided 
informed consent, and those who decided to participate 
completed the lead–in assessments (Figure S1). During the two- 
week lead–in period before the intervention, participants were 
instructed to wear a CGM device and an accelerometer for 14 
consecutive days (24 h/day), and to report dietary intake through 
non-consecutive 24-h dietary recalls.

2.3. Dietary intake, and postprandial and nocturnal glucose 
parameters

Dietary intake and time of breakfast, lunch, and dinner were 
assessed using one to two 24-h dietary recalls conducted through 
face-to-face or online interviews by trained research nutritionists. 
These interviews involved a comprehensive assessment of the 
timing and description of all foods consumed, using photographs 
of portion sizes to enhance the accuracy of food quantification 
[19]. Energy and macronutrient intake were calculated with the 
EvalFINUT® software (https://www.finut.org/evalfinut/), which 
employs the BEDCA (Base de Datos Espa~nola de Composici�on de 
Alimentos) database. Macronutrient intake was also calculated as 
a percentage of energy intake (%EI), and fiber as fiber density (g/ 
1000 kcal). Individual food items were initially classified  into 90 
distinct subgroups and subsequently regrouped into 31 broader 
food groups with similar dietary characteristics to reduce 
complexity and facilitate interpretation of results (Table S2) [20].
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Participants’ daily glucose levels were measured with a CGM 
device (FreeStyle LibrePro, Abbot Laboratories, Chicago, Illinois) 
for 14 days. These devices record averages of interstitial glucose 
every ~15 min, providing near real-time glucose data [12]. During 
the 2-week lead–in period, dietary intake at breakfast and lunch 
was each paired with their subsequent postprandial glucose 
response (0–180 min after self-reported ingestion time), while 
dinner intake was paired with both the postprandial and nocturnal 
(i.e., during the sleep period time) glucose response on a day-level 
basis (Figure S2). We defined the postprandial period as 0–180 min 
to avoid the influence of subsequent food intake (e.g., snacks or the 
next meal) when extending this period of time. To standardize the 
number of measurements among meals and align them precisely 
with meal timing, we interpolated the CGM signal to generate 1- 
min glucose values across the postprandial period. In addition, 
CGM data were time-matched with accelerometer data to derive 
nocturnal glucose parameters. Specifically, we applied the 
accelerometer-derived sleep onset and wake-up times to calculate 
glucose variables during sleeping hours for each day. Accelerom
eter and CGM data were time matched using the experimental tool 
that can be accessed at https://github.com/PROFITH/GGIRmatcher. 
For both postprandial and nocturnal periods, we computed the 
following glucose metrics: mean, median, standard deviation (SD), 
coefficient of variation (CV), the area under the curve (AUC), the 
incremental AUC (iAUC), and 30-min postprandial glucose (30-min 
glucose). The 30-min glucose is a clinically interpretable, time- 
anchored marker that facilitates standardized comparisons 
across individuals and meals and has been associated with a 
higher risk for type 2 diabetes [21]. Data were considered valid if 
the CGM device had recorded at least 70% of the time (considering 
a sampling frequency of 15 min) within each segment of the day: i) 
morning (from 6:00 to 11:59) for breakfast, ii) afternoon (from 
12:00 to 17:59) for lunch, and iii) evening (from 18:00 to 23:59) 
and nocturnal (during the sleep period time) for dinner.

2.4. Anthropometrics, body composition, and cardiometabolic risk 
markers

Weight, height, body composition, and cardiometabolic risk 
markers were measured as described elsewhere [17].

2.5. Total sleep time and moderate-to-vigorous physical activity

Participants were continuously monitored during the 2-week 
lead–in period with a triaxial accelerometer (ActiGraph GT3X+, 
ActiGraph LLC, Pensacola, Florida, USA), initialized to record raw 
accelerations at 100 Hz. They were instructed to maintain their 
habitual sleep and physical activity patterns, and to wear the de
vice on their non-dominant wrist continuously for 14 consecutive 
days (24 h/day). Participants logged their bedtime and wake-up 
times daily in a customized mobile phone application for the 
study (Tempus: com.nnbi.app_extreme_granada; NNBi2020 S L., 
Navarra, Spain). At the end of the two-week lead–in period, raw 
accelerometer data were downloaded with the ActiLife software 
(version 6.13.6; ActiGraph, Pensacola, FL, USA) and processed with 
the open-source R package GGIR (version 3.1–8) [22]. Briefly, the 
Euclidean Norm of the raw accelerations Minus One (ENMO) with 
negative values rounded to zero was calculated over 5-s epochs. 
Non-wear periods were detected based on the magnitude and 
variability of the raw accelerations across the three axes [23] and, 
when appropriate, imputed using the average ENMO at the same 
time interval during the rest of the recording days. Sleep and wake 
periods were identified  with an automated algorithm based on 
arm posture variability, guided by participants’ reported sleep 
times [23,24]. From this process, we obtained total sleep time (i.e., 

the amount of time classified as sleep within the sleep period) and 
extracted the total sleep time of the night preceding each meal as a 
covariate for statistical analyses.

Moderate-to-vigorous physical activity (MVPA) was defined as 
ENMO ≥100 mg in bouts of at least 5 min during the awake time 
(with an allowance of 20% of the time below the threshold) [25]. 
Further details on MVPA calculations are reported elsewhere [26]. 
Data were considered valid when ≥70% of expected values were 
available for each specific  segment of the day (sleep period for 
total sleep time from the prior night, and morning, afternoon, and 
evening for MVPA corresponding to breakfast, lunch, and dinner, 
respectively).

2.6. Statistical analyses

Descriptive data are presented as mean (SD) when normally 
distributed or median (first–third quartile) when not, unless 
otherwise specified.  Data normality was checked using histo
grams, Q–Q plots, box plots, and the Shapiro–Wilk test.

Linear mixed models with participant identifiers  as random 
intercepts were applied to assess the association between indi
vidual macronutrients and subsequent glucose parameters (un
adjusted models). Models were then adjusted for potential 
confounders, including age, sex, and BMI (model 1). Model 2 was 
further adjusted for time of meal, total sleep time of the prior 
night, and morning, afternoon, or evening MVPA, as appropriate. 
Glucose parameters were log10-transformed to satisfy the 
normality assumption of model residuals, and estimates were 
back-transformed and reported per 5%EI increase in each macro
nutrient for visualization to aid interpretability. These models 
assess how individual meal macronutrients are associated with 
subsequent postprandial or nocturnal glucose response, while 
accounting for repeated observations within the same participant. 
Given the observed multicollinearity between energy and 
macronutrient intake at meals (Figure S3), we adopted the 
‘nutrient density approach’ [27], in which macronutrients, 
expressed as percentages of energy intake, were entered together 
with energy as predictors in the models. Notably, after calculating 
the variance inflation  factor (VIF) using all predictors, multi
collinearity was severe (VIF values > 5), so we decided to drop fat 
(%EI) to effectively minimize multicollinearity (VIF values < 2; data 
not shown). Thus, coefficients represent the isocaloric substitution 
of the included macronutrient for fat, with total energy and the 
other macronutrient held constant. Importantly, these are model- 
based estimates under an isocaloric framework and do not reflect a 
directly observed or causal dietary replacement. Linear mixed 
models were conducted employing the lme4 R package (version 1.1- 
36).

To identify foods contributing to sugars intake and their rela
tionship with CGM outcomes at breakfast and dinner, we used a 
two-stage elastic-net procedure. First, we modeled sugars %EI as 
the outcome with all meal-specific food groups (%EI) as predictors, 
using 10-fold cross-validation to select the optimal λ; food groups 
with nonzero coefficients  at this λ were retained. Second, using 
this fixed set of food groups, we computed elastic net models for 
those glucose parameters significantly  associated with sugars 
intake in linear mixed models. Positive coefficients  indicate that 
higher relative intake of a food group is associated with higher 
sugars %EI and glucose parameters; negative coefficients indicate 
the opposite. Elastic nets were conducted employing the glmnet R 
package (version 4.1-18) [28].

Finally, reduced rank regression (RRR) was used to identify 
dietary patterns for each meal that explained the maximum vari
ation in a set of nutrient-response variables. RRR provides a data- 
driven approach to derive combinations of foods that are eaten 
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together and are most strongly linked to a set of nutrients, 
improving clinical interpretability beyond single macronutrients. 
As response variables, we selected the nutrients that were inde
pendently associated (model 2) with at least one glucose param
eter in the meal-specific  linear mixed models. The number of 
extracted patterns is in accordance with the number of response 
variables in each model. Each meal was scored for each dietary 
pattern (z-score), indicating how closely its intake aligned with 
that pattern relative to other meals. Higher intake of foods with 
positive factor loadings increases the dietary pattern consumption 
(expressed as a z-score), whereas higher intake of foods with 
negative factor loadings decreases it. Larger absolute loading 
values indicate a greater contribution of the food group to the 
pattern. Associations between dietary pattern consumption (z- 
score) and postprandial and/or nocturnal glucose parameters were 
then evaluated via restricted cubic splines, with models adjusted 
for the same potential confounders as in model 2 of the linear 
mixed models. P-values for non-linear associations were obtained 
from Type III Wald χ2 tests.

We performed sex-stratified  analyses and observed no evi
dence of effect modification  by sex (data not shown), so we 
decided not to conduct sex-stratified analyses to avoid a potential 
loss of statistical power. Moreover, we conducted sensitivity ana
lyses restricting the dataset to a single observation per participant 
(the first chronologically). Among participants with two observa
tions, paired-sample t-tests compared meal exposures and CGM 
outcomes across observations. The level of statistical significance 
was set at P< 0.05. All data curation, statistical analyses, and fig
ures were performed using R version 4.4.3 (https://cran.r-project. 
org/, The R Project for Statistical Computing, Vienna, Austria).

3. Results

A total of 187 adults with obesity (93 women) completed the 
lead–in measurements (Figure S1). Forty-one participants were 
excluded from the analyses as they lacked valid dietary and/or 
CGM data (Figure S1). There were no significant differences in age, 
anthropometrics, body composition, and cardiometabolic risk 
markers between included and excluded participants (Table S3). 
Among the remaining 146 participants (70 women), we obtained 
180 breakfast-glucose, 183 lunch-glucose, and 171 dinner-glucose 
response valid observations, as participants contributed with one 
or two observations per meal. In paired analyses of participants 
with two observations, meal exposures did not significantly differ 
across observations, whereas several glucose parameters did; 
therefore, we retained all available observations for the primary 
analysis to better capture within-person variability. In sensitivity 
analyses limited to one observation per participant, effect esti
mates were directionally consistent and of similar magnitude 
(data not shown). Participants’ characteristics are presented in 
Table 1, the dietary data of the observations in Table S4, and the 
postprandial glucose response by meal in Figure S4.

Dietary energy and macronutrient intakes at breakfast gener
ally showed non-significant  associations with postprandial 
glucose metrics, except for a higher protein intake, which was 
independently associated with lower postprandial CV and SD 
glucose (all β≤ 0.924 per 5%EI increase; all P ≤0.009; Figure S5A) 
relative to fat. Also, greater breakfast sugars intake was indepen
dently associated with lower postprandial CV glucose, 30-min 
glucose, and SD glucose (all β≤ 0.989 per 5%EI increase; all 
P≤ 0.049; Figure S5A). Notably, higher consumption of fruits, 
unsweetened beverages, whole, skimmed and vegan dairy was 
associated with higher breakfast sugars intake (all β≥ 0.454 per 
5%EI increase; Figure S5B), yet with lower postprandial CV and SD 
glucose (all β≤ − 1.1 × 10− 4 per 5%EI increase; Figures S5C–D); 

whilst whole dairy was associated with lower 30-min glucose 
(β= − 4.4 × 10− 4 per 5%EI increase; Figure S5E).

Protein (%EI) and sugars (%EI) were selected in the RRR model 
as response variables, thereby deriving two different dietary pat
terns. Dietary pattern 1 explained 20% of variation in the response 
variables, had a small negative loading on protein (%EI; − 0.170) 
and a strong positive loading on sugars (%EI; 0.985), and was 
characterized by a high consumption of breakfast cereals with 
sugar, juices, sugared beverages, and fruits, and a low intake of 
nuts, olive oil, breakfast whole cereals, and eggs (Fig. 1A). Dietary 
pattern 2 explained 1% of variation in the response variables, had a 
strong positive loading on protein (%EI; 0.985) and a small positive 
loading on sugars (%EI; 0.170), and was characterized by a high 
consumption of blue fish, fresh or coated seafood, and while fish, 
processed meats, and eggs, and a low intake of breakfast whole 
cereals, olive oil, butter and margarine, and nuts (Figure S6A). A 
higher adherence to breakfast dietary pattern 1 was significantly 
associated with lower postprandial 30-min glucose (non-linear 
P= 0.027; Fig. 1E). We found no other significant associations be
tween the consumption of dietary patterns 1 and 2 at breakfast 
and postprandial glucose parameters (all P≥ 0.066; Fig. 1B–D, 
Figure S6 B–H and Figure S7A–C).

Higher carbohydrate intake relative to fat at lunch was inde
pendently associated with higher CV, iAUC, and SD glucose (all 
β≥ 1.030 per 5%EI increase; all P≤ 0.046; Figure S8), but neither 
energy nor the other macronutrients showed any significant  as
sociation with postprandial glucose parameters (all P≥ 0.051; 
Figure S8).

Carbohydrate intake (%EI) was then selected as the response 
variable in the RRR model deriving dietary pattern 1, which 
explained 35% of the variation of carbohydrate intake and was 
characterized by a high consumption of refined bread or pasta, 
whole bread or pasta, desserts, sweet and jams, and precooked 
dishes, and a low intake of olive oil, whole dairy, pork, beef, lamb, 
and other meat (Fig. 2A). Higher consumption of dietary pattern 1 
was associated with greater postprandial CV (non-linear P= 0.008; 
Fig. 2C) and SD (non-linear P= 0.005; Figure S9B).

Higher dinner carbohydrate intake relative to fat was inde
pendently associated with higher nocturnal CV and SD glucose (all 
relative changes β≥ 1.032 per 5%EI increase; all P≤ 0.022; 
Figure S10A). Greater dinner sugars intake was independently 
associated with lower nocturnal CV glucose, iAUC, and SD glucose 
(all β≤ 0.954 per 5%EI increase; all P≤ 0.041; Figure S10A). Higher 
fruit intake was associated with higher dinner sugars intake 
(β= 3.318 per 5%EI increase; Figure S10B), and with lower 
nocturnal CV, iAUC, and SD glucose (all β≤ − 2.1 × 10− 5 per 5%EI 
increase; Figures S10C–E). Greater consumption of alcoholic drinks 
was associated with lower sugar intake at dinner (β= − 1.121 per 
5%EI increase; Figure S10B), yet it was associated with higher 
nocturnal CV and SD glucose (all β≥ 1.1 × 10− 4 per 5%EI increase; 
Figures S10C–D). Moreover, higher processed meats intake and 
refined bread or pasta were associated with lower sugars intake 
(all β≤ − 0.220 per 5%EI increase; Figure S10B), and with greater 
nocturnal CV (all β≥ 3.9 × 10− 5 per 5%EI increase; Figures S10C–E).

Carbohydrate (%EI) and sugars (%EI) were selected as response 
variables in the RRR model, thereby deriving two dietary patterns. 
Dietary pattern 1 explained 7% of the variance in the response 
variables, had a strong negative loading on carbohydrate 
(%EI; − 0.983) and a small negative loading on sugars (%EI; − 0.183), 
and was characterized by a low intake of whole wheat bread or 
pasta, nuts, refined bread or pasta, and olive oil (Figure S11A). 
Dietary pattern 2 explained 20% of the variance in the response 
variables, had a small negative loading on carbohydrate 
(%EI; − 0.183) and a strong positive loading on sugars (%EI; 0.983), 
and was characterized by high consumption of fruits, desserts, 
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sweets, and jams, skimmed and vegan dairy, and whole dairy, and 
a low intake of whole wheat bread or pasta, processed meats, 
refined bread or pasta, and blue fish (Fig. 3A). We observed a sig
nificant,  independent, U-shaped association between dietary 

pattern 1 consumption and nocturnal mean glucose (non-linear 
P= 0.038; Figure S11I). Moreover, lower dietary pattern 2 con
sumption was associated with higher nocturnal median glucose 
(non-linear P= 0.031; Figure S12D).

Table 1 
Characteristics of the study participants.

n All n Men n Women

Participant-level characteristics
Age 146 49.5 (42.0–55.0) 73 48.0 (42.0–52.0) 73 52.0 (44.0–59.0)
Body weight (kg) 146 97.5 (87.6–105.9) 73 103.8 (96.7–111.1) 73 89.3 (82.6–97.8)
Height (m) 146 1.68 (0.10) 73 1.75 (0.08) 73 1.60 (0.06)
Body mass index (kg/m2) 146 34.4 (31.5–37.2) 73 33.8 (31.2–36.6) 73 35.6 (32.1–38.1)
Fat-free mass (kg) 146 57.1 (48.2–67.3) 73 67.4 (61.7–73.3) 73 48.3 (45.1–52.9)
Fat-free mass (%) 146 59.6 (7.4) 73 64.8 (5.6) 73 54.3 (4.6)
Fat mass (kg) 146 37.1 (31.7–42.9) 73 33.9 (29.9–39.5) 73 40.2 (34.3–44.4)
Fat mass (%) 146 39.6 (32.4–43.8) 73 32.4 (29.5–38.0) 73 43.7 (40.2–47.4)
VAT mass (g) 146 792.5 (655.8–956.6) 73 835.7 (705.5–959.6) 73 752.8 (612.2–941.4)
Fasting glucose (mg/dL) 146 88 (83–95) 73 88 (84–94) 73 87 (81–96)
Fasting insulin (mU/L) 146 9.3 (7.2–13.6) 73 9.5 (7.9–15.2) 73 9.2 (6.1–11.2)
HOMA-IR 145 2.04 (1.56–2.94) 72 2.25 (1.75–3.33) 73 1.93 (1.32–2.49)
HbA1c (%) 146 5.5 (0.3) 73 5.4 (0.3) 73 5.6 (0.4)
Total cholesterol (mg/dL) 146 203 (35) 73 199 (38) 73 207 (33)
HDL-C (mg/dL) 146 51 (45–58) 73 48 (42–52) 73 54 (48–66)
LDL-C (mg/dL) 146 129 (31) 73 129 (34) 73 130 (28)
Triglycerides (mg/dL) 146 100 (69–129) 73 108 (75–143) 73 92 (63–116)
Systolic blood pressure (mmHg) 146 117 (13) 73 121 (11) 73 113 (14)
Diastolic blood pressure (mmHg) 146 83 (9) 73 84 (9) 73 83 (9)
Breakfast-glucose response observations (n = 180)a

Breakfast time (hh:mm) 180 09:14 (01:27) 89 09:07 (01:22) 91 09:20 (01:31)
Postprandial mean glucose (mg/dL) 180 103.6 (95.0–111.1) 89 103.6 (94.8–110.7) 91 103.5 (95.0–111.1)
Postprandial median glucose (mg/dL) 180 101.1 (91.9–109.3) 89 101.5 (93.1–109.6) 91 100.7 (91.9–108.7)
Postprandial SD glucose (mg/dL) 180 10.3 (7.1–15.9) 89 9.9 (6.4–15.6) 91 11.0 (7.6–16.5)
Postprandial CV glucose (%) 180 10.5 (7.0–14.7) 89 9.9 (6.7–13.5) 91 10.6 (7.8–16.2)
AUC (mg/dL*min) 180 362.5 (332.4–387.9) 89 362.8 (332.0–387.6) 91 361.0 (332.7–387.8)
iAUC (mg/dL*min) 179 65.2 (35.9–91.4) 88 66.5 (38.0–90.4) 91 65.0 (35.2–91.7)
30-min glucose (mg/dL) 180 102.6 (93.5–116.0) 89 100.9 (91.9–114.2) 91 102.7 (93.6–116.6)
Total sleep time of the prior night (hours) 157 6.4 (1.3) 81 6.2 (1.3) 76 6.6 (1.2)
Morning MVPA (min)b 161 0.0 (0.0–10.6) 79 0.0 (0.0–6.9) 82 0.0 (0.0–12.3)
Lunch-glucose response observations (n = 183)a

Lunch time (hh:mm) 183 14:47 (00:42) 90 14:45 (00:41) 93 14:49 (00:43)
Postprandial mean glucose (mg/dL) 183 102.3 (95.3–110.2) 90 100.6 (93.7–108.0) 93 104.5 (96.7–112.0)
Postprandial median glucose (mg/dL) 183 102.3 (94.7–111.2) 90 100.8 (93.1–108.3) 93 103.2 (96.7–112.8)
Postprandial SD glucose (mg/dL) 183 10.6 (8.0–15.7) 90 10.5 (7.8–15.4) 93 10.6 (8.2–15.8)
Postprandial CV glucose (%) 183 10.2 (8.0–14.7) 90 10.2 (8.0–15.1) 93 10.4 (8.0–14.4)
AUC (mg/dL*min) 183 357.4 (332.3–386.0) 90 352.2 (327.8–378.2) 93 364.0 (338.0–392.3)
iAUC (mg/dL*min) 183 62.2 (39.6–89.0) 90 57.0 (37.0–81.6) 93 68.0 (42.8–97.0)
30-min glucose (mg/dL) 183 101.5 (90.5–113.5) 90 102.5 (87.9–114.0) 93 100.9 (92.3–111.8)
Total sleep time of the prior night (hours) 155 6.4 (1.3) 81 6.2 (1.3) 74 6.7 (1.3)
Afternoon MVPA (min)c 163 0.0 (0.0–13.8) 78 0.0 (0.0–9.4) 85 0.0 (0.0–17.3)
Dinner-glucose response observations (n = 171)a

Dinner time (hh:mm) 171 21:42 (00:56) 82 21:49 (00:55) 89 21:36 (00:56)
Postprandial mean glucose (mg/dL) 171 102.2 (92.2–111.1) 82 101.4 (91.2–109.3) 89 104.5 (96.0–114.0)
Postprandial median glucose (mg/dL) 171 102.2 (90.9–111.5) 82 100.6 (90.3–108.4) 89 102.7 (96.6–113.5)
Postprandial SD glucose (mg/dL) 171 9.4 (6.3–13.1) 82 10.0 (6.5–12.9) 89 9.0 (6.1–13.6)
Postprandial CV glucose (%) 171 9.0 (6.5–12.6) 82 9.6 (6.7–12.5) 89 8.8 (6.3–12.5)
AUC (mg/dL*min) 171 358.1 (322.9–389.1) 82 355.0 (319.1–382.7) 89 366.0 (336.2–398.4)
iAUC (mg/dL*min) 170 60.7 (28.1–93.0) 82 57.9 (23.3–87.0) 88 69.7 (43.0–101.2)
30-min glucose (mg/dL) 171 103.4 (91.8–116.6) 82 100.8 (89.0–116.8) 89 105.0 (95.7–115.2)
Nocturnal mean glucose (mg/dL) 150 92.6 (86.7–100.4) 74 91.3 (85.2–100.4) 76 94.0 (88.2–100.5)
Nocturnal median glucose (mg/dL) 150 91.9 (86.5–99.1) 74 91.9 (86.5–99.1) 76 93.2 (86.5–99.1)
Nocturnal SD glucose (mg/dL) 150 7.2 (4.9–9.9) 74 7.6 (5.0–10.7) 76 6.6 (4.7–9.1)
Nocturnal CV glucose (%) 150 7.6 (5.4–10.7) 74 8.6 (5.8–11.5) 76 7.2 (5.1–10.0)
Nocturnal AUC (mg/dL*min) 150 40547.7 (35642.3–47149.1) 74 40176.1 (35986.8–46446.4) 76 41459.9 (33855.1–47963.3)
Nocturnal iAUC (mg/dL*min) 148 3633.8 (1163.6–7073.4) 73 3351.5 (1049.2–6156.5) 75 3723.4 (1754.1–7819.8)
Total sleep time of the prior night (hours) 144 6.4 (1.3) 74 6.2 (1.3) 70 6.6 (1.2)
Evening MVPA (min)d 154 0.0 (0.0–5.1) 75 0.0 (0.0–5.2) 79 0.0 (0.0–5.0)

Time variables (hh:mm) are expressed as mean (SD). The other variables are presented as mean (SD) when normally distributed or median (first quartile–third quartile) 
when not. Abbreviations: AUC, area under the glucose curve; CV, coefficient of variation; HbA1c, glycated haemoglobin; HDL-C, high-density lipoprotein cholesterol; HOMA- 
IR, Homeostatic Model Assessment for Insulin Resistance; iAUC, incremental area under the glucose curve; LDL-C, low-density lipoprotein cholesterol; MVPA, moderate-to- 
vigorous physical activity; SD, standard deviation; VAT, visceral adipose tissue.

a Some participants contributed with two breakfast-, lunch-, and dinner-glucose response observations.
b MVPA from 6:00 to 11:59.
c MVPA from 12:00 to 17:59.
d MVPA from 18:00 to 23:59.
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Fig. 1. Breakfast dietary pattern 1 and its association with subsequent postprandial glucose response. Panel A shows the factor loadings for food groups in dietary pattern 1 at 
breakfast. Reduced rank regression (RRR) was used to identify dietary patterns that explained the maximum variation in protein and sugars. A larger factor loading value indicates 
that the food group makes a greater contribution to the dietary pattern. Next, associations between dietary pattern 1 at breakfast and subsequent postprandial glucose response 
were determined (Panels B–E, blue lines). Breakfast meals were scored for each dietary pattern (z-score), representing how closely their intake reflected each dietary pattern 
relative to that of other breakfasts. Estimates and 95% confidence intervals (CIs) were obtained via restricted cubic splines. Models are adjusted for age, sex, body mass index, time 
of breakfast, total sleep time of the prior night, and morning moderate-to-vigorous physical activity. P-values for non-linear associations were obtained from Type III Wald χ2 tests. 
Abbreviations: CV, coefficient of variation; iAUC, incremental area under the glucose curve.

Fig. 2. Lunch dietary pattern 1 and its association with subsequent postprandial glucose response. Panel A shows the factor loadings for food groups in dietary pattern 1 at lunch. 
Reduced rank regression (RRR) was used to identify dietary patterns that explained the maximum variation in carbohydrate. A larger factor loading value indicates that the food 
group makes a greater contribution to the dietary pattern. Next, associations between dietary pattern 1 at lunch and subsequent postprandial glucose response were determined 
(Panels B–E, blue lines). Lunch meals were scored for each dietary pattern (z-score), representing how closely their intake reflected each dietary pattern relative to that of other 
lunches. Estimates and 95% confidence intervals (CIs) were obtained via restricted cubic splines. Models are adjusted for age, sex, body mass index, time of lunch, total sleep time 
of the prior night, and afternoon moderate-to-vigorous physical activity. P-values for non-linear associations were obtained from Type III Wald χ2 tests. Abbreviations: CV, co
efficient of variation; iAUC, incremental area under the glucose curve.
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4. Discussion

Here, we present comprehensive associations between meal- 
specific  dietary intake and subsequent glucose response in free- 
living adults with obesity. Breakfasts higher in fruit, dairy, and 
unsweetened beverages, and protein relative to fat, were associ
ated with lower postprandial glucose variability. In contrast, high- 
carbohydrate lunches were linked to higher postprandial glucose 
variability. At dinner, greater consumption of alcoholic drinks, 
processed meats, and refined bread or pasta, and carbohydrate 
relative to fat, was associated with a detrimental nocturnal glucose 
response, whereas higher fruit intake showed the opposite 
pattern. These findings  highlight the dynamic relationship be
tween dietary intake across meals and subsequent glucose 
response in free-living settings, and hold potential to inform pre
cision nutrition strategies for improving glucose regulation.

Previous studies in adults with normal weight and obesity have 
primarily examined postprandial glucose responses to standard
ized oral glucose tolerance tests or mixed meals under controlled 
conditions [7,8,13]. In contrast, our findings in adults with obesity 
under free-living conditions show that higher protein intake 
relative to fat at breakfast was independently associated with 
lower postprandial glucose variability, whereas higher lunch and 
dinner carbohydrate ingestion relative to fat was associated with 
greater postprandial and nocturnal glucose variability, respec
tively. These results align with prior evidence suggesting that 
increasing protein intake may attenuate glycemic responses, an 
effect more pronounced in individuals with preserved β-cell 
function, by slowing carbohydrate absorption and incretin- 
mediated stimulation of insulin secretion and action [7,29,30]. 
Furthermore, well-controlled dietary studies have shown that 
reducing carbohydrate intake, whilst iso-energetically increasing 
fat and protein, significantly mitigates daily mean glucose levels 
and variability in adults with overweight and obesity but without 
type 2 diabetes [31]. Notably, greater carbohydrate intake relative 
to fat was associated with greater postprandial glucose variability 

at lunch and dinner but not at breakfast. This pattern may reflect 
the influence of fasting conditions on breakfast responses [32] or 
enhanced insulin sensitivity earlier in the day, which follows a 
circadian rhythm [33,34]. However, this interpretation should be 
viewed with caution, as we did not directly assess postprandial 
insulin dynamics.

Greater sugars intake relative to fat at breakfast and dinner was 
independently associated with lower postprandial glucose 
response. However, higher fruit, unsweetened beverages (e.g., 
coffee or tea), and dairy at breakfast, and greater fruit intake at 
dinner primarily drove these associations, suggesting that higher 
intake of these food groups, rather than sugars themselves, is 
associated with a lower postprandial glucose variability. This 
aligns with prior evidence linking higher evening fruit consump
tion with lower postprandial glucose levels in adults with over
weight but without type 2 diabetes [32]. Although prior studies 
show that fiber, abundant in fruits, slows carbohydrate absorption 
and reduces postprandial glucose excursions [35], we did not find 
an independent association between fiber  intake and lower 
glucose variability, likely due to low fiber intake at breakfast. This 
suggests that other food-matrix traits may contribute, such as 
bitter-tasting compounds like polyphenols, also found in coffee 
and tea, which have been reported to promote glucagon-like 
peptide-1 (GLP-1) and insulin secretion and to lower post
prandial glucose responses after mixed-nutrient challenges in 
both healthy adults and individuals with type 2 diabetes [36,37]. 
Besides, dairy provides whey protein, which can reduce post
prandial glucose levels in people with and without obesity and 
type 2 diabetes by stimulating GLP-1 and glucose-dependent 
insulinotropic polypeptide secretion, thereby increasing insulin 
secretion [38,39]. By contrast, alcoholic drinks, processed meats, 
and refined bread or pasta at dinner were associated with higher 
nocturnal postprandial glucose variability despite explaining 
lower sugar intake. Sleep disruption after alcohol consumption, N- 
nitroso compounds in processed meats, and increased starch di
gestibility with grain refinement may underlie these patterns 

Fig. 3. Dinner dietary pattern 2 and its association with subsequent postprandial and nocturnal glucose response. Panel A shows factor loadings for food groups in dietary pattern 
2 at dinner. Reduced rank regression (RRR) was used to identify dietary patterns that explained the maximum variation in carbohydrates and sugars. A larger factor loading value 
indicates that the food group makes a greater contribution to the dietary pattern. Next, associations between dietary pattern 2 consumption at dinner (Panels B–I, red lines) and 
subsequent postprandial (Panels B–E) and nocturnal (Panels G–I) glucose response were determined. Dinner meals were scored for each dietary pattern (z-score), representing 
how closely their intake reflected each dietary pattern relative to that of other dinners. Estimates and 95% confidence intervals (CIs) were obtained via restricted cubic splines. 
Models are adjusted for age, sex, body mass index, time of dinner, total sleep time of the prior night, and evening moderate-to-vigorous physical activity. P-values for non-linear 
associations were obtained from Type III Wald χ2 tests. Abbreviations: CV, coefficient of variation; iAUC, incremental area under the glucose curve.
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[40–42]. Taken together, these observations suggest that some 
foods may shape postprandial glucose dynamics beyond macro
nutrient composition in free-living adults with obesity.

This study provides new observational evidence in free-living 
conditions on the associations between meal dietary patterns 
and postprandial glucose response. Because nutrients and foods 
are consumed together and may act synergistically [43], dietary 
pattern analyses can capture cumulative effects and may yield 
more robust associations between dietary exposure and post
prandial glucose response. For instance, greater consumption of a 
high-carbohydrate lunch pattern was independently associated 
with higher postprandial glucose variability, consistent with the 
macronutrient findings at lunch. In contrast, higher consumption 
of a high-sugar breakfast pattern was associated with lower 30- 
min glucose. However, this unexpected finding  should be inter
preted cautiously, as mealtimes were self-reported and may be 
recalled inaccurately, leading to misalignment between the 
recorded 30-min value and actual postprandial timing, potentially 
biasing effect estimates. In addition, a greater consumption of a 
high-sugars dinner pattern was associated with lower nocturnal 
median glucose. Although this pattern included high desserts, 
sweets, and jams, it was also characterized by higher fruit and 
dairy intake and lower intake of processed meats and bread or 
pasta, which may jointly influence  nocturnal glucose response. 
These observations broadly mimic our dinner food groups results 
and align with evidence that lower intake of refined  grains and 
higher intake of protein-rich foods are associated with lower 
postprandial glucose levels in Asian adults without type 2 diabetes 
[44]. They are also consistent with data showing that diets higher 
in chocolate and confectionery, butter and other animal-fat 
spreads, and low-fiber bread, and lower in fresh fruit, vegetables, 
and high-fiber breakfast cereals are associated with increased risk 
of type 2 diabetes in middle-aged adults [45]. Further studies are 
needed to clarify how meal-level dietary patterns influence sub
sequent glucose dynamics in adults with obesity, which may help 
inform dietary strategies to improve obesity care.

Overall, several associations between meal-specific  dietary 
intake and postprandial and nocturnal glucose response were 
small in magnitude. The common underreporting in dietary intake 
and meal timing misreporting observed when using 24-h dietary 
recalls may have attenuated the observed associations [46]. 
However, even small associations may be meaningful if sustained 
habitually, particularly in adults with obesity at elevated risk of 
type 2 diabetes [6,34]. Future prospective studies and clinical trials 
using different dietary intake assessment methods are needed to 
assess whether these findings  in postprandial and nocturnal 
glucose dynamics translate into clinically relevant long-term 
outcomes in this population.

The present study has strengths and limitations. A key strength 
is its focus on meal-specific,  day-level associations beyond 
macronutrient composition in free-living conditions, which cap
tures the complexity of diet exposure and may inform more 
comprehensive, targeted dietary and lifestyle interventions in 
future research. A main limitation is the observational nature of 
the study, which cannot establish causality in the observed results. 
Additionally, this study presents exploratory, data-driven findings 
within the same cohort, providing dietary patterns and associa
tions that need confirmation in future studies. Another limitation 
is that macronutrients were modelled as percentages of energy 
intake, which imposes compositional constraints that may have 
influenced coefficient interpretation and dietary patterns deriva
tion, beyond conventional multicollinearity handling. Confirma
tion of these findings using different approaches that account for 
the compositional nature of dietary intake is warranted. The 
sample included only adults with obesity from southern Spain 

who volunteered to participate in a lifestyle intervention trial, 
restricting the variability of the sample and the generalizability of 
the findings  to other cultural contexts or populations such as 
children, older adults, or individuals with type 2 diabetes. We also 
cannot exclude that glycemic index and load (which were un
available), within-meal food order ingestion, or second-meal ef
fects may have shaped these findings,  limiting mechanistic 
interpretation. Finally, several associations were relatively small in 
magnitude, which should be considered when interpreting their 
clinical relevance.

5. Conclusion

This study shows that breakfasts based on fruit, unsweetened 
beverages, and dairy, and protein relative to fat intake, were 
associated with lower postprandial glucose variability. In contrast, 
high-carbohydrate lunches were linked to higher postprandial 
glucose variability. Dinners higher in fruit intake were associated 
with a better nocturnal glucose response, whereas alcoholic 
drinks, processed meats, and refined  bread or pasta intake, and 
carbohydrate relative to fat, showed the opposite association. 
Although observational and non-causal, these results reveal 
reproducible within-day patterns that may guide new hypotheses 
and help shape precision nutrition strategies to be tested in future 
trials for improving glucose regulation in adults with obesity.
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