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Abstract

This study aimed to identify markers of postprandial dysglycemia in the blood of self-described healthy individuals
using dry blood spots (DBS) as a sampling strategy. A total of 54 volunteers, including 31 women, participated in a
dietary challenge. They consumed a high-fat, high-sugar mixed meal and underwent multiple blood sampling over
the course of 150 min to track their postprandial responses. Blood glucose levels were monitored with a portable
glucometer and individuals were classified into two groups based on the glucose area under the curve (AUC):
High-AUC (H-AUC) and Low-AUC (L-AUC). DBS sampling was performed at the same time points as the assessment
of glycemia using Whatman 903 Protein Saver filter paper. A gas chromatography-mass spectrometry-based
metabolite profiling was conducted in the DBS samples to assess postprandial changes in blood metabolome.
Higher concentrations of metabolites associated with insulin resistance were observed in individuals from the
H-AUC group, including sugars and sugar-derived products such as fructose and threonic acid, as well as organic
acids and fatty acids such as succinate and stearic acid. Several metabolites detected in the GC-MS analysis
remained unidentified, indicating that other markers of hyperglycemia remain to be discovered in DBS. Based on
these observations, we demonstrated that the use of DBS as a non-invasive and inexpensive sampling tool allows
the identification of metabolites markers of dysglycemia in the postprandial period.
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Introduction

In recent years, there has been increasing interest in
understanding metabolic responses to food and nutri-
ent intake due to their potential for detecting metabolic
dysregulation. The physiological changes that take place
after the ingestion of a meal (nutrient absorption, modu-
lation of lipolysis, gluconeogenesis, glycogenesis, etc.) are

*Correspondence: ) A

Jarlei Fiamoncini largely regulated by insulin, and thus, the assessment of
Jarlei@usp.br postprandial physiology can serve as a valuable tool to
Department of Food Science and Experimental Nutrition, School of . tigate the state of i li itivity. D . tudi
Pharmaceutical Sciences, University of Sdo Paulo, Av. Prof. Lineu Prestes, investigate the state o 1.nsu }n sensi IV{ Y- Frevious stu l‘es
580, Bloco 14, S50 Paulo, SP CEP 05508-900, Brazil have reported metabolic differences in the postprandial
Food Research Center - FORC, University of S&o Paulo, S&o Paulo, Brazil perlod between groups of individuals that showed no dif-

*Braunschweig Integrated Centre of Systems Biology, Technische
Universitdt Braunschweig, Braunschweig, Germany

© The Author(s) 2024. Open Access This article is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0
International License, which permits any non-commercial use, sharing, distribution and reproduction in any medium or format, as long as you
give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if you modified the

licensed material. You do not have permission under this licence to share adapted material derived from this article or parts of it. The images or
other third party material in this article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation
or exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy of this licence, visit http://
creativecommons.org/licenses/by-nc-nd/4.0/.

ferences in the fasted state [1-3].
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Alterations in postprandial responses are often signs of
metabolic dysregulation or are a consequence of dietary
interventions. Changes in circulating levels of metabo-
lites and signaling molecules in response to a dietary
challenge such as the intake of a chemically-defined meal
could be used as a diagnostic tool. These alterations are
more informative about the metabolic status than the
analysis of plasma samples collected in non-challenged
conditions such as fasting [4]. An assay that includes the
intake of a chemically-defined mixture of macronutri-
ents (mixed meal) and blood sampling at successive time
points for a few hours after food intake has proven to be
of great value for the assessment of phenotypic flexibil-
ity [5]. The metabolic response to a mixed meal is a more
suitable tool for the assessment of B-cell function reflect-
ing daily life conditions when compared to the standard
oral glucose tolerance test (0GTT), since the mixed meal
contains fatty acids and amino acids, which are metabo-
lites that can also stimulate insulin secretion [6].

Studies of postprandial physiology involve the sam-
pling of blood through venipuncture by trained nursing
staff, a process that is invasive and expensive [7, 8]. As
an alternative, dry blood spots (DBS) offer a simple, non-
invasive, and inexpensive tool that facilitates the collec-
tion of capillary blood samples by non-medically trained
personnel, even in home-based settings [9]. Endogenous
metabolites such as organic acids, hormones, and metab-
olites from dietary compounds, drugs or pollutants can
be detected in DBS samples [10]. Several applications of
metabolomics and lipidomics have been developed and
validated for the analysis of biofluids collected in this way
[11-13].

Plasma glucose levels serve as a reliable clinical bio-
marker for diabetes and pre-diabetes, being used as the
diagnostic criteria for these conditions. Unfortunately,
when plasma glucose levels are increased, the disease is
already established, making its management more chal-
lenging. In the last couple of decades, several biomarkers
have been reported with predictive capacity for diabetes
and insulin resistance. Despite the need for further inves-
tigation in population-based studies, metabolites such as
mannose [14] and fructose [15] have emerged as promis-
ing candidates for identifying insulin resistance and type
2 diabetes [16]. Altered plasma levels of branched-chain
amino acids (BCAA) and phospholipids have also been
associated with insulin resistance and metabolic disor-
ders such as obesity and type 2 diabetes [17, 18].

In the present study, we have sampled blood in the
form of DBS from self-reported healthy individuals
undergoing a dietary challenge. Fasting and postprandial
DBS samples were analyzed using gas chromatography
coupled with mass spectrometry (GC-MS), leading to
the identification of distinct plasma metabolite profiles
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associated with differential glycemic responses during
the dietary challenge.

Materials and methods

Study population

The Ethics Committee of the School of Pharmaceutical
Sciences of University of Sdo Paulo approved this study
(CAAE: 15438019.7.0000.0067). Individuals who agreed
to participate in the research signed the informed con-
sent form. The 54 eligible subjects included men and
women, aged 18 to 54 years old, and body mass index
(BMI) varying between 23.7 and 25.4 kg/m? Individuals
meeting the following criteria were excluded: pregnant
women, those diagnosed with diabetes, and individu-
als with casein allergy or lactose intolerance. The use of
medications or dietary supplements was not considered
an exclusion criterion. Measurements of anthropometric
variables including abdominal diameter, waist and hip
circumferences were performed by trained examiners.

Dietary challenge, measurement of fasting and
postprandial glycemia and DBS sampling
The dietary challenge was conducted at the participants’
homes and at the School of Pharmaceutical Sciences of
the University of Sdo Paulo. Participants were instructed
to avoid intense physical activity, alcohol, and caffeine
consumption for 24 h before the dietary challenge. Addi-
tionally, it was established that participants should not
ingest any food or beverage (except water) starting at
10 p.m. the night before the test. After overnight fasting
(10 h), volunteers were submitted to the dietary challenge
that consisted of the ingestion of a liquid mixed meal
containing 75 g of glucose, 60 g of canola oil and 20 g of
micellar casein dissolved in filtered water up to 200 mL.
The energy content of the mixed meal was 967 Kcal.
Capillary blood was obtained by pricking the fingertips
with a sterile lancet, after sanitization with an isopropylic
alcohol swab. Blood glucose was measured using a por-
table glucometer (ACCU-CHEK Guide®, Roche Diagnos-
tic) at the fasting state (0 min), and 30, 60, 90, 120 and
150 min after meal intake. DBS sampling was carried out
at the same time points as the measurements of glucose
levels. After discarding the first drop of blood, the blood
drop was directly placed on the DBS card (Whatman
903 Protein Saver filter paper), to obtain a blood stain
(approximately 1 cm diameter). At the end of the proce-
dure, DBS cards were dried for 2 h at room temperature,
and stored at -80 °C in a foil bag (Whatman, GE Health-
care Life Sciences) containing a sachet of silica as desic-
cant material.

Glycemic response calculations
The study participants were grouped into two groups
based on the glucose area under the curve (AUC). The
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determination of AUC involved calculating the sum of
the areas of triangles and trapezoids representing the
response over a 150-min period [19]. The 54 participants
were then ranked according to the AUC values and the
27 participants with the lowest AUC values were desig-
nated to the low AUC (L-AUC) group, while the 27 with
the highest AUC values were assigned to the high AUC
(H-AUC) group.

Gas chromatography-mass spectrometry-based DBS
metabolite profiling

DBS samples were subjected to untargeted metabolomics
analysis by gas chromatography-mass spectrometry (GC-
MS). Two punches of 3 mm were extracted with 80 pl
methanol: water (8:1) and shaken for 30 min at 500 rpm.
The extracts were dried at 4 °C in a centrivap (Labconco)
and underwent derivatization with methoxyamine
hydrochloride in pyridine for 90 min at 40 °C, followed by
N-methyl-N-trimethylsilyl-trifluoroacetamide for 30 min
at 40 °C. Then, 1 pL was injected into an SSL injector at
270 °C for GC-MS analysis using an Agilent 7890 A GC
with a DB-35MS+5 m Duraguard column. Helium was
the carrier gas at 1.0 mL/min. The GC oven temperature
ramped from 80 °C to 320 °C at 15 °C/min and held for
8 min, totaling a 25 min runtime per sample. The MSD
operated at 70 eV, scanning m/z 70 to m/z 800 at 5.2 sca
ns/s (https://doi.org/10.3390/metabo12111058).

MS data processing

The deconvolution of mass spectra, peak picking, inte-
gration, and retention index calibration were conducted
using our proprietary software ‘Metabolite detector’ [20].
Compounds were identified through spectral and reten-
tion index similarity, utilizing an in-house mass spectral
library. The deconvolution settings applied to the scan
data were as follows: peak threshold: 5; minimum peak
height: 5; bins per scan: 10; deconvolution width: 5; no
baseline adjustment; minimum of 15 peaks per spectrum;
no minimum required base peak intensity. Retention
index calibration was performed based on a C10-C40
even n-alkane mixture (68281, Sigma-Aldrich, Munich,
Germany). Relative quantification was achieved using the
batch quantification function of metabolite detector soft-
ware [20]. Data were normalized to the quality control
pool measurement and the intensity of the internal stan-
dard (D6-Glutaric acid) and exported as .CSV file format.

Statistical analysis

The Shapiro-Wilk test was used to verify the normal-
ity of the data. Anthropometric variables showed a
non-normal distribution and were thus analyzed with
the non-parametric Mann-Whitney U test for non-
normally distributed variables. A partial least squares
discriminant analysis (PLS-DA) model was built
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considering anthropometric variables and data from the
GC-MS analysis after unit variance scaling using SIMCA
v.18 (Umetrics, Sweden). Linear mixed-models analysis
was performed to test for differences in variables mea-
sured during the dietary challenge (multiple time points)
between the two groups. To correct for multiple testing,
a Geisser-Greenhouse correction was performed. When
a p-value<0.05 was reached, a Sidak’s multiple compari-
son test was performed for each time point to determine
when the difference between the two group was signifi-
cant. Results were expressed as meantstandard error.
statistical analyses were carried out by GraphPad Prism
version 8.02 for Windows (GraphPad Software, CA,
USA).

Results

The focus of this study was to identify markers of distinct
glycemic responses to a dietary challenge performed in
healthy individuals. Blood was sampled as DBS, glyce-
mia was measured with a portable glucometer and sub-
jects were classified into two groups according to their
glucose-AUC. Despite a self-described absence of dis-
ease, there was a significant difference in the glucose-
AUC, suggesting that the group H-AUC had an impaired
state of insulin sensitivity in comparison to the L-AUC.
Following the segregation of the participants into two
groups, a PLS-DA model was constructed to assess dif-
ferences and identify the variables that best discriminate
the two groups. The dataset consisted of 81 metabolites
(identified or not) by the GC-MS analysis and 8 param-
eters of anthropometric data. Each metabolite measured
multiple times in the postprandial period was consid-
ered as an individual variable in each time point, and
thus 494 variables were used to build the PLS-DA model.
The model has 4 components, R>=0.84, Q?=0.47, and
p-value=0.0002 for the ANOVA of the cross-validated
residuals, indicating that the model is sound and there
are differences between the groups. The metabolites
detected by the GC-MS analysis with the top 20% VIP
values in at least two different time points of the dietary
challenge were subjected to mixed-effects analysis and
only those that displayed significant differences between
the two groups of participants were considered as puta-
tive markers of dysglycemia in DBS.

After selecting the variables with the top 20% VIP val-
ues, only 30% were associated to the L-AUC group and
either did not receive a high VIP value in at least 2 time
points or did not display a significant difference between
the groups. As a result, only metabolites most abundant
in the H-AUC group are considered and discussed in
the study. Additionally, metabolites that did not receive
high VIP values in the PLS-DA model, but displayed dif-
ferences between the two groups after the mixed-effects
analysis, were also included in the discussion.
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Fig. 1 A.Glycemic response during the dietary challenge. Participants were ranked and grouped into two groups (L-AUC and H-AUC) according to their
glucose area under the curve (AUC); B. Glucose AUC during the dietary challenge. n=27 individuals/ group. The p-value of differences found in the Stu-
dent’s t-test is indicated. Data presented as the mean and standard error of the mean

Table 1 Anthropometric evaluation from participants. Values are
means and standard error of the mean

L-AUuC H-AUC p-value*

n=27(15 n=27(16

females) females)

Mean SEM Mean SEM
Age (years) 28.1 19 346 25 0.0209
BW (kg) 66.3 2.8 72.6 34 0.1334
BMI (kg/m?) 23.7 0.8 254 0.7 0.0464
Waist (cm) 81.5 47 82.0 2.8 0.2893
Abdomen (cm) 83.6 26 87.8 2.8 0.2418
Hip (cm) 95.1 20 99.5 2.1 0.0755
Waist: Height 047 0.03 049 0.01 0.2259
Waist: Hip 0.86 0.05 0.82 0.02 0.8388

* Mann-Whitney U test

During the postprandial period, blood glucose varied
between 91.8 and 127.4 mg/dL for individuals classified
in the H-AUC group and between 89.5 and 105.7 mg/
dL in the L-AUC group (Fig. la), with AUC values of
1978+130 and 44161215 (arbitrary units), for L-AUC
and H-AUC respectively (Fig. 1b). The glucose-AUC
was 123% higher (»p<0.0001) in the H-AUC group com-
pared to the L-AUC group. Although fasting glucose
levels were similar between the groups (89.6+£2.6 and
91.8+£2.0 mg/dL for L-AUC and H-AUC, respectively),
individuals in the H-AUC group exhibited a 31% higher
increase in glucose levels in the first 30 min after meal
ingestion in comparison to individuals from the L-AUC
group and remained 20% higher in the first group com-
pared to the latter until the end of the dietary challenge
(150 min). Conversely, postprandial glucose levels in the
L-AUC group increased only 17% in comparison to fast-
ing levels, with no significant difference.

Individuals displayed no significant differences in
anthropometric measurements between the groups
(Table 1), except for age and BMI (p=0.02 and 0.05,
respectively), with a mean value of hip circumference

slightly higher in individuals from the H-AUC group,
compared to those from the L-AUC group (p=0.07).

The GC-MS metabolite profiling of the DBS revealed
that carbohydrates and carbohydrate-derived metabo-
lites were detected at higher concentrations in indi-
viduals from the H-AUC group (Fig. 2). Fructose levels
were higher in DBS from the H-AUC group compared
to the L-AUC (p=0.0199) (Fig. 2a). When compared to
the fasting levels, fructose levels showed a 72% increase
in the H-AUC group (p<0.0001) within the first hour
and remained higher until the end of the test, while the
L-AUC group did not present postprandial variations in
fructose levels. At fasting, mannose concentration was
31% higher in the DBS from H-AUC in comparison to
the L-AUC group (p<0.0001). This difference tended
to decrease towards the end of the challenge (150 min),
when the concentration of mannose was 35% smaller in
comparison to the fasted levels in the H-AUC (p<0.0001)
(Fig. 2b). Threonic acid levels were in average 38% higher
in DBS from the H-AUC compared to L-AUC group at
fasting and throughout the dietary challenge (Fig. 2c).
Although blood levels of myo-inositol and erythronic
acid did not change due to the meal ingestion, partici-
pants from the H-AUC group displayed ~30% higher
concentrations of these metabolites in blood, in compari-
son to L-AUC group (p=0.0488 and 0.0323, respectively)
(Fig. 2d-e).

The DBS levels of some TCA cycle intermediates iden-
tified by the PLS-DA model as relevant for the discrimi-
nation between L-AUC and H-AUC participants did not
show changes due to food intake. H-AUC group showed
higher levels of citrate, fumarate and succinate in the
blood after the overnight fasting and in the postpran-
dial state, in comparison to the L-AUC group (p=0.0067,
p=0.0412, p=0.0093 respectively) (Fig. 3). H-AUC par-
ticipants showed a higher concentration of palmitate
in blood when compared to the L-AUC group at fast-
ing and throughout the test (p=0.0147) (Fig. 3d). Both
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groups displayed a decrease in the concentration of pal-
mitic acid 90 min after food intake (p=0.0003). Similarly,
stearic acid levels were higher in H-AUC than in L-AUC
(p=0.0161), and there were no differences between fast-
ing and postprandial levels (Fig. 3e). Individuals from the
H-AUC group displayed 25% higher levels of glycerol in
the DBS in comparison to the L-AUC group (p=0.048).
The levels of this metabolite in the DBS described a
u-shaped kinetic profile. In the first group, glycerol levels

exhibited a slight decrease at 60 min compared to the
fasted state (13.5%), followed by a rebound at the end of
the challenge. Conversely, the L-AUC group presented
no variations in glycerol levels during the postprandial
period (Fig. 3f).

Participants from the H-AUC group presented higher
levels of BCAAs in the DBS, compared to the L-AUC
group. The concentrations of the branched-chain amino
acids (BCAAs) in the DBS declined after the meal, with
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this decrease being steeper in the H-AUC group (p<0.02)
(Fig. 4a- c). A postprandial decline was also observed
for the levels of other amino acids, including tyrosine
(p=0.0008) and glycine (p=0.0011). It was observed
that the H-AUC group showed an increased concentra-
tion of both amino acids compared to the L-AUC group
(p=0.0415 vs. p=0.0346, respectively) (Fig. 4d-e).

At least 30 different features, detected but not identi-
fied by the GC-MS analysis, received high VIP values in
the PLS-DA model This indicates that other metabolites,
which discriminate L-AUC and H-AUC, remain to be
discovered in the DBS (Suppl. Fig. S1).

Discussion

Dry blood spots are a blood sampling technique with
numerous recognized advantages that include a patient-
friendly sample collection as well as minimal sample
processing for metabolite screening. In this report, we
describe findings from a study where DBS were col-
lected mostly at the participants’ homes during a dietary
challenge, allowing the characterization of participants
otherwise considered healthy into two groups based
on their postprandial glycemic response. We report the
feasibility of using DBS samples to identify recognized
biomarkers of insulin resistance in individuals with an
exacerbated postprandial glycemic response. Markers of
lipolysis, such as fatty acids and glycerol, organic acids,
sugars and sugar-derived products, BCAAs, and other
amino acids, previously described as indicators of insulin
resistance, were identified as having elevated circulating
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levels during the postprandial period in individuals with
high postprandial glycemia. The analysis of DBS extracts
by GC-MS, recognized as a robust though less sensitive
technique compared to LC-MS, allowed for the detection
of these markers, highlighting the feasibility of using DBS
as a sampling strategy in clinical studies of this nature.
Monosaccharides or derived metabolites, such as fruc-
tose, mannose, myo-inositol, and threonic acid, were
reproducibly detected in DBS samples. Circulating levels
of mannose were increased in individuals of the H-AUC
group. Mannose can be synthesized from glucose via
fructose-6-phosphate and elevated levels have been pre-
viously associated with an increased risk of developing
type 2 diabetes and cardiovascular disease [21]. Lee et
al.(2016) identified and validated circulating mannose
as being highly associated with insulin resistance, inde-
pendent of BMI. These authors concluded that man-
nose levels could serve as a marker of insulin resistance
in clinical practice, potentially enhancing the accuracy
of assessing insulin resistance [14]. Fructose is metabo-
lized in various tissues of the body, including the liver,
muscle, and adipose tissue. In the liver, fructose under-
goes a series of enzymatic reactions, being converted into
fructose-1-phosphate by the enzyme fructokinase. This
process generates products that can be directed to the
glycolytic pathway or converted into glucose or triglyc-
erides [15, 22]. Excessive fructose levels can contribute
to fat accumulation in the liver and the development of
insulin resistance, which can lead to long-term metabolic
complications such as non-alcoholic fatty liver disease

@
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Fig. 4 Amino acid markers of postprandial hyperglycemia. A. Valine; B. Isoleucine; C. Leucine; D. Tyrosine; E. Glycine. n=27 individuals/ group. The p-
values of differences found in a mixed-effects analysis are indicated. Data is presented as the mean and standard error of the mean
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and type 2 diabetes [23]. Postprandial fructose levels
were increased in individuals with type 2 diabetes after
the consumption of a standardized mixed meal [24]. In
accordance with our observations, a recent study dem-
onstrated that over 40 different sugar and sugar-related
products, including threonic acid, erythronic acid, and
fructose, among others, exhibited circulating profiles
that mimic those of glucose. These profiles showed slow
clearance during an oGTT in insulin-resistant or diabetic
individuals, but not in healthy subjects [25].

Levels of palmitic acid, stearic acid, and glycerol were
higher in DBS from the H-AUC group compared to the
L-AUC group. Saturated long-chain fatty acids such as
stearic acid and palmitic acid are key contributors to the
development of insulin resistance and glucose intoler-
ance [26]. A large population-based study observed that
levels of glycerol and saturated fatty acids were increased
in categories of fasting and 2 h hyperglycemia, predicting
the worsening of hyperglycemia and development of inci-
dent type 2 diabetes [27]. The underlying mechanisms
involved in the fatty acid-induced loss of insulin sensitiv-
ity are still unclear but they may be related to different
effects in specific sites, including muscle tissue and the
pancreas. Previously, it was demonstrated that palmitic
acid induces insulin resistance in myocytes by activating
C-Jun N-terminal kinase (JNK), which acts as an effector
in phosphorylating serine (Ser307) of the insulin receptor
substrate 1 (IRS-1) [28]. Furthermore, fatty acids induce
pancreatic B-cell dysfunction and death, eliciting endo-
plasmic reticulum stress, oxidative stress, mitochondrial
dysfunction, impaired autophagy, and inflammation [29].

Our study also identified the organic acids citrate,
fumarate and succinate in the DBS as metabolites that
discriminate participants from H-AUC and L-AUC. TCA
cycle metabolites might be a link between mitochondrial
dysfunction and insulin resistance. Mitochondrial dys-
function, including alterations in mitochondrial content
or activity, has been partially linked to the emergence
of insulin resistance, impacting various tissues such as
skeletal muscle, liver, adipose tissue, heart, blood ves-
sels, and pancreas. Mitochondria play a central role in
ATP production through oxidative phosphorylation, a
process involving the oxidation of NADH and FADH?2
to efficiently generate ATP in aerobic organisms [30].
The decline in oxidative capacity of mitochondria and
the ATP synthesis rate with advancing age and elevation
of fatty acids over longer periods, contributes to insulin
resistance. These alterations result in intracellular lipid
accumulation inside the liver, muscle or B-cells, leading
to a deterioration in insulin action [31]. Impaired mito-
chondrial fatty acid oxidation and energy production
may lead to an abnormal accumulation of mixed carbon
substrates such as the organic acids citrate, fumarate,
and succinate. The high flux of these substrates leads
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to the mitochondrial congestion and indecisiveness of
metabolic switches, resulting in increased VLDL produc-
tion, and elevated postprandial glucose levels [32]. These
organic acids serve as intermediates in metabolic path-
ways, and their buildup may indicate disruptions in mito-
chondrial function. Succinate, for instance, plays a crucial
role in mitochondrial metabolism, and its accumulation
has been associated with the induction of mitochon-
drial reactive oxygen species (ROS) production, which
can lead to oxidative stress and mitochondrial dysfunc-
tion [33]. Studies have suggested that citrate metabolism
is involved in various biological processes, including
inflammation, cancer, insulin secretion, and non-alco-
holic fatty acid liver [34]. Additionally, previous reports
have shown that both fumarate and succinate levels are
elevated in metabolic diseases, playing an important role
in the development and progression of obesity-induced
inflammation, insulin resistance, and diabetes [35, 36].
Elevated circulating levels of BCAAs and related
metabolites have been identified among the strongest
biomarkers of insulin resistance, obesity, and type 2
diabetes [37]. A previous study showed that levels of
3-hydroxyisobutyrate (3-HIB), a valine catabolite, are
elevated in muscle tissues from db/db mice with diabetes
and in diabetic human subjects when compared to those
without diabetes. When secreted by muscle cells, 3-HIB
can act as a paracrine regulator of trans-endothelial fatty
acid transport, stimulate muscle fatty acid uptake, and
promote lipid accumulation in muscle, leading to insulin
resistance [38]. Interestingly, similar abnormalities are
also observed with isoleucine, which increases both mus-
cle and fat mass, causes insulin resistance, and upregu-
lates levels of key adipogenic and myogenic proteins
under obesogenic conditions [39]. Furthermore, circulat-
ing levels of amino acid such as leucine and tyrosine have
been observed to be elevated in the postabsorptive state
of ob/ob mice compared to lean mice [40]. Both amino
acids were positively correlated with HOMA-IR in non-
diabetic subjects [41]. In a longitudinal study with obese
children, tyrosine levels were closely associated with
HOMA-IR index, suggesting that tyrosine alterations
precede changes in BCAA metabolism [42].
Unexpectedly, this study identified higher levels of gly-
cine in the DBS from participants of the H-AUC group.
Previous studies found that elevated concentrations of
glycine are associated with improved insulin sensitivity,
while lower plasma glycine concentrations have been
related to obesity, diabetes, and non-alcoholic fatty liver
disease [43, 44]. Indeed, dietary glycine supplementation
may improve insulin responses and glucose tolerance and
reduce systemic inflammation [45]. Nevertheless, one
must keep in mind that our results derive from whole
blood (in the form of DBS). Thus the metabolite contents
of red blood cells, leucocytes and platelets can lead to
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different observations than those derived from the anal-
ysis of isolated plasma or serum. Indeed, some discrep-
ancies have been found in previous reports comparing
plasma and DBS samples in metabolomics applications.

A recent study applied plasma- and DBS-based metab-
olomics to explore dysregulated metabolites in patients
with diabetes mellitus, demonstrating a strong cor-
relation between plasma and DBS for only half of the
detected metabolites [46]. Gut-derived metabolites,
including trimethylamine N-oxide (TMAO) and its pre-
cursors and derivatives such as choline, carnitine, and
acetylcarnitine, displayed moderate correlation (for
TMAO and carnitine) and poor correlation (for choline
and acetylcarnitine) when analyzed in plasma and DBS
samples [47]. Meanwhile, in plasma and DBS samples
obtained from pregnant women with HIV, more than half
of the metabolites (>60%) were detected in both matri-
ces. However, plasma and DBS samples yielded distinct
metabolite profiles that were highly predictive of indi-
vidual subjects [48]. These discrepancies are likely due
to the additional metabolites present in DBS and derived
from the hematocrit, which could “mask” metabolites
that would normally be detected in plasma and/or serum
samples. This bias is not necessarily a problem, as it could
help address the underrepresentation of several intra-
cellular metabolic pathways [46, 49]. Despite the prom-
ising results, this study has some limitations that need
to be considered for an adequate interpretation of the
findings. One of the main limitations is the lack of com-
parison between the conventional plasma matrix and the
DBS matrix, to obtain a reliable and validated analytical
method for our study. Second, in the GC-MS metabolo-
mic profiling, most of the peaks remain unidentified even
after extensive data processing (See Supplementary data).
Once these challenges are overcome, specific DBS metab-
olites with potential clinical usefulness may be identified
as biomarkers associated with insulin resistance. Further-
more, the sample size is another limitation of our study,
that should be replicated in a larger and more homoge-
neous population.

Conclusion

In conclusion, our findings provide a basis for utilizing
DBS sampling as a valuable tool in clinical studies aimed
at investigating postprandial metabolic responses. We
report the association between exacerbated postpran-
dial glycemic response with markers measured in DBS,
including sugars and sugar-derived products, fatty acids,
organic acids, BCAAs and other amino acids. This clini-
cal study, employing DBS as a sampling strategy, success-
fully describes a signature of metabolic dysregulation.
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