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1

PATHOPHYSIOLOGY/COMPLICATIONS

OBJECTIVE

Glucose measurements during an oral glucose tolerance test (OGTT) are useful in
predicting diabetes and its complications. However, knowledge of the pathophysiology underlying differences in glucose curve shapes is sparse. We examined the
pathophysiological characteristics that create different glucose curve patterns
and studied their stability and reproducibility over 3 years of follow-up.
RESEARCH DESIGN AND METHODS

We analyzed data from participants without diabetes from the observational
cohort from the European Group for the Study of Insulin Resistance: Relationship
between Insulin Sensitivity and Cardiovascular Disease study; participants had a
ﬁve–time point OGTT at baseline (n = 1,443) and after 3 years (n = 1,045). Measures
of insulin sensitivity and secretion were assessed at baseline with a euglycemichyperinsulinemic clamp and intravenous glucose tolerance test. Heterogeneous
glucose response patterns during the OGTT were identiﬁed using latent class
trajectory analysis at baseline and at follow-up. Transitions between classes were
analyzed with multinomial logistic regression models.
RESULTS

We identiﬁed four different glucose response patterns, which differed with regard
to insulin sensitivity and acute insulin response, obesity, and plasma levels of lipids
and inﬂammatory markers. Some of these associations were conﬁrmed prospectively. Time to glucose peak was driven mainly by insulin sensitivity, whereas
glucose peak size was related to both insulin sensitivity and secretion. The glucose
patterns identiﬁed at follow-up were similar to those at baseline, suggesting that
the latent class method is robust. We integrated our classiﬁcation model into an
easy-to-use online application that facilitates the assessment of glucose curve
patterns for other studies.
CONCLUSIONS

The latent class analysis approach is a pathophysiologically insightful way to classify
individuals without diabetes based on their response to glucose during an OGTT.
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than just selecting the time point with
the highest value, can improve the predictive power of this variable (9). When
considering the shape of glucose curves
during OGTTs, the most common approach is to classify them as mono- or
biphasic shapes (10). This method does
not, however, take into account measurement error; it fails to categorize some
individuals, and, most importantly, it may
be too crude to capture subtle differences
between groups. We have taken a different approach and used a datadriven methoddlatent class trajectory
analysisdto classify individuals based
only on their glucose response during
an OGTT (11,12). A major advantage of
this approach over the mono-/biphasic
classiﬁcation is that it does not necessarily require a ﬁve-point OGTT to
classify individuals. Also, it returns class
membership probabilities indicating the
certainty of the classiﬁcation. Using this
method, we identiﬁed heterogeneous
patterns of glucose response that cannot
be captured by the mono-/biphasic classiﬁcation (13). However, previous studies
have not addressed how pathophysiological characteristics and biomarkers of
metabolic functions are linked to different glucose curve patterns. Moreover,
the stability and reproducibility of the
different glucose curve patterns over
time have never been examined.
Thus, the aims of this study were
threefold: 1) to examine the association
of pathophysiological characteristics and
biomarkers of metabolic functions with
different glucose curve patterns, 2) to
study the stability and reproducibility of
glucose curve patterns over time, and 3)
to develop an easy-to-use online application that facilitates the assessment of
glucose curve patterns for individuals in
other populations and settings.
RESEARCH DESIGN AND METHODS
Study Design and Participants

The Relationship between Insulin Sensitivity and Cardiovascular Disease (RISC)
study is an observational prospective study
with follow-up examinations at baseline
(n = 1,566) and at 3 years (n = 1,059). At
baseline the cohort was clinically healthy;
individuals who were receiving treatment
or who had a serious medical condition
were not eligible to participate (14). The
process used to select participants for our
analyses is displayed in Supplementary
Fig. 1. For the cross-sectional analysis,

we excluded individuals with missing information on age or sex (n = 53), those who
did not have plasma glucose measured at
all ﬁve time points during the OGTT (n =
42), and all participants with diabetes
detected through screening (n = 28).
This resulted in a study population of
1,443 individuals for the cross-sectional
analysis. Among those, 384 individuals did
not attend follow-up, 3 were receiving
glucose-lowering treatment, and 11 did
not have glucose measurements at all
ﬁve OGTT time points at follow-up, resulting in 1,045 participants for the prospective analysis. Baseline characteristics were
compared between participants and nonparticipants at follow-up.
Procedures and Measurements

At the baseline and follow-up examinations, participants underwent a 75-g OGTT
after an overnight fast. Plasma glucose,
serum insulin, and C-peptide concentrations were assessed at ﬁve time points
during the OGTT (0, 30, 60, 90, 120 min). A
euglycemic-hyperinsulinemic clamp and
an intravenous glucose tolerance test
(IVGTT) were performed at baseline. A
detailed description of the clamp protocol was published previously (15). Insulin
sensitivity was described by M/I, where
M is the mean glucose concentration
infused over the last 40 min of the clamp
and I is the steady-state serum insulin
concentration measured over the same
time period. Glucose-induced secretory
response (GISR) was expressed as the
integral of incremental insulin secretion
divided by the mean incremental glucose
following administration of an intravenous glucose bolus (15). The disposition
index was calculated as GISR 3 M/I.
Plasma concentrations of adiponectin
and leptin were measured at baseline
after an overnight fast. C-reactive protein
(CRP) and interleukin-6 (IL-6) were measured in those participating at both baseline and follow-up, and samples were
analyzed at the same time. Body composition (fat mass) was determined with a
bioimpedance TBF-300 Total Body Composition Analyzer (Tanita, Tokyo, Japan).
Data on physical activity, alcohol consumption, smoking habits, and family
history of diabetes were assessed using
standard questionnaires.
Type 2 diabetes was deﬁned as
FPG $7.0 mmol/L, 2hPG $11.1 mmol/L,
having diabetes diagnosed by a doctor,
or using glucose-lowering treatment.
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The term “prediabetes” covers a range
of heterogeneous metabolic states with
varying degrees of insulin resistance and
b-cell dysfunction (1). Fasting plasma
glucose (FPG) and 2-h postload plasma
glucose (2hPG) measurements during an
oral glucose tolerance test (OGTT) are the
most common ways to classify individuals
with prediabetes. The OGTT is seldom
used in clinical practice, where FPG or
HbA1c are preferred for practical reasons.
However, a recent study showed that
HbA1c may not be able to capture the
pathophysiological diversity of impaired
fasting glycemia (IFG) and impaired glucose tolerance (IGT) (2). Also, individuals
identiﬁed as having prediabetes on the
basis of the HbA1c criterion seem to have
a different response to physical activity
and lower probability of reverting to
normoglycemia than those identiﬁed
through the use of the glucose criteria
(3). Thus, understanding the pathophysiological differences between subgroups
of individuals with prediabetes is crucial
to stratify risk and to facilitate more
targeted prevention-focused interventions. In line with this, it has recently
been suggested that insulin sensitivity
and secretion should be assessed in
detail from glucose and insulin measures at 0, 30, and 120 min during an
OGTT in all individuals with IFG or IGT,
despite the increased cost and effort (4).
While 30-min plasma glucose and
insulin concentrations are necessary to
evaluate ﬁrst-phase insulin secretion,
intermediate time points during an
OGTT also have been shown to be useful
in predicting diabetes. For instance, 1-h
postload plasma glucose (1hPG) concentration has consistently been shown to
have a stronger association with incidence of type 2 diabetes than 2hPG,
and it has been associated with both
cardiovascular disease and mortality
(5–7). Likewise, individuals without diabetes but who have elevated 30-min
plasma glucose levels have an increased
risk of future diabetes and all-cause
mortality, independently of FPG and
2hPG levels (8). However, most previous
studies considered the different time
points during an OGTT separately and
thereby missed the opportunity to consider different OGTT curve features in
relation to future end points. We recently
demonstrated how assessing time to glucose peak through the use of a simple
longitudinal analysis technique, rather
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Detailed descriptions of the study protocol were published previously (14,16).
Statistical Analysis
Assessment of Glucose Patterns During the
OGTT

Cross-sectional Associations

Categorical and continuous variables
across latent classes are described as
frequencies (percentages) and the median (interquartile range), respectively.
Adjusted differences were estimated
with multinomial logistic and quantile
regression models using two nested
sets of variables: age and sex (model 1),
and the model 1 variables plus smoking
status, physical activity, alcohol consumption, and BMI (model 2).
We also investigated the associations
of insulin sensitivity and secretion with
glucose peak characteristics (time and
size). To assess glucose peak time and

size, we used mixed-effects models to
ﬁt cubic glucose trajectories. We included
random effects corresponding to all
ﬁxed terms to get individual-speciﬁc
model coefﬁcients. Then we used these
estimates to extract the peak time and
size, as described previously (9). We applied relative importance analyses, with
continuous peak size and time as outcomes and with insulin sensitivity (M/I)
and secretion (GISR) as determinants,
using the relaimpo R package (17). We
used a metric for importance based on
the decomposition of R2 in the model.
Stability and Reproducibility of Patterns

First, we investigated how the glucose
curves looked at follow-up based on
the individuals’ classiﬁcation at baseline
(irrespective of their classiﬁcation at
follow-up). We ﬁtted cubic trajectories
using mixed-effects models that included the interaction between time terms
and baseline latent classes. Second, we repeated the latent class trajectory analysis at follow-up to reclassify each individual based on their OGTT at the follow-up
examination. We present the curves of
the four classes we identiﬁed at follow-up.
We used a Sankey diagram to visualize
the transition between different classes
from baseline to follow-up. As a sensitivity analysis, we also examined the
proportion of participants who stayed
in the same class among those who had
a class membership probability above
0.90 at baseline (n = 643). Then we
selected the largest class at baseline
and characterized transitions from this
class. We used age- and sex-adjusted
multinomial logistic regression models
with class at follow-up as the outcome
and baseline values of the different cardiometabolic risk factors and change during follow-up as exposures. This analysis
was restricted to those exposures that
exhibited a strong association with glucose pattern class membership at baseline.
RESULTS
Participants

The study population for the crosssectional analyses included 1,443 individuals (644 men and 799 women) without
diabetes (Supplementary Fig. 1). The cohort had a median (IQR) age of 44 years
(37–50) and BMI of 25.1 kg/m2 (22.8–
27.9). One in four participants was a
current smoker, and one in ﬁve reported
being physically inactive at baseline.

Baseline characteristics did not differ between participants and nonparticipants at
the follow-up examination (16).
Latent Classes of Glucose Patterns

We considered a four- and a ﬁve-class
solution because while the latter had the
lowest Bayesian Information Criterion,
class membership probabilities were higher
in the four-class solution (Supplementary
Figs. 2 and 3). We found this last feature
more important and therefore we used
the four-class solution here. We numbered the classes from one to four based
on the increasing areas under the glucose
curves.
Glucose, Insulin, and C-peptide
Responses

The identiﬁed glucose pattern classes are
plotted in Fig. 1A alongside their corresponding insulin and C-peptide trajectories (Fig. 1B and C). Glucose curves varied
greatly between classes, with peaks
occurring after 32–61 min at plasma
glucose concentrations between 6.5 and
11.5 mmol/L (Fig. 1A). The highest peak
was observed in class 3, which was characterized by the most rapid increase up to
44 min and then a similarly rapid decrease
to the second-lowest 2hPG level. Insulin
levels peaked consistently later than glucose levels, with the largest difference
(16 min) observed in class 3. C-peptide
curves peaked later than insulin curves: in
classes 1, 2, and 3, ;25 min after reaching
the glucose peak; in class 4, the serum
C-peptide concentration was still on the
rise after 2 h.
Cross-sectional Associations

Demographic and lifestyle factors by
glucose pattern classes are reported in
Table 1. Individuals in class 1 had the most
favorable risk proﬁle. They were youngest,
most physically active, and most likely to
be women, and only one in ﬁve reported
a ﬁrst-degree relative with diabetes.
Men had more than threefold higher
odds than women of being in class 3
than in class 1. Class 3 had the highest
proportion of current smokers and its
members had the highest degree of
alcohol consumption. However, class 4
had the highest proportion of individuals
with a family history of diabetes and
the most physically inactive individuals.
Clinical characteristics by glucose pattern classes are also reported in Table 1.
BMI and fat mass were gradually higher
from class 1 to class 4, and the differences
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We applied latent class trajectory analysis to identify glucose patterns during
the OGTT based on measurements taken
at all ﬁve time points. This approach
offers a data-driven way to classify individuals into subgroups that differ with
regard to speciﬁc parametersdin our
case, change over time (11,12). We included linear, quadratic, and cubic time
terms to model the change in plasma
glucose over the 2 h. These time effects
could vary between the latent classes.
We included an individual-speciﬁc random intercept in the model to account
for the repeated nature of the data.
The optimal number of classes was
determined by considering model ﬁt
(Bayesian Information Criterion, a measure
based on the log-likelihood penalizing
complex models), distribution of class membership probabilities, class sizes, and interpretability of the identiﬁed patterns (12).
The model returns not only the identiﬁed global glucose response patterns but
also class membership probabilities for
each participant, and these can be used
to assign individuals to the most likely
latent glucose response pattern class
(hard assignment based on the highest
class membership probability). It can also
classify new observations into the previously derived glucose response pattern classes. This feature was used to
determine class memberships at followup. A detailed, more technical description of the latent class analysis and the
development of the online application is
included in the Supplementary Data.
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were not explained by lifestyle factors.
In the adjusted models, LDL cholesterol
did not differ between classes, but HDL
cholesterol was lower, whereas triglycerides were higher, from class 1 to class
4, regardless of adjustment. The inﬂammatory markers CRP and IL-6 both
showed associations with class membership in the age- and sex-adjusted
models. The association with CRP levels
remained statistically signiﬁcant after
adjustment for lifestyle factors and BMI.
Levels of adiponectin were lower from
class 1 to class 4, regardless of adjustment. Although we observed large differences in absolute leptin levels by glucose
pattern class, they were markedly attenuated by adjustment for lifestyle factors
and BMI.

Pathophysiological Measures From
the Clamp and IVGTT

Figure 2 shows clamp-based measures of
insulin secretion as a function of insulin
sensitivity stratiﬁed by glucose pattern
class, glucose peak time, and the size
of the glucose peak. A position closer to
the origin, meaning also a lower disposition index, indicates higher risk for diabetes (18). The disposition index was
consistently lower from class 1 to class
4, but impaired insulin sensitivity and
secretion had different relative contributions (Fig. 2A). Individuals in classes 1 and
2 had similar insulin secretion, but those in
class 2 had lower insulin sensitivity than
those in class 1, also after adjustment for
age and sex (median difference 227 [95%
CI 233 to 221]). Classes 2 and 3 were

similar with regard to insulin sensitivity,
but individuals in class 3 had lower insulin
secretion (median difference 213 [95%
CI 221 to 24]). Last, individuals in
classes 3 and 4 had similar insulin secretion, but those in class 4 had lower
insulin sensitivity (median difference 233
[95% CI 242 to 219]).
Time of glucose peak was almost exclusively determined by insulin sensitivity, indicated by a 96% contribution in
the relative importance analysis. The size
of the glucose peak was also, and to
a larger extent, driven by insulin sensitivity; however, for this characteristic insulin secretion also made a substantial
contribution (32%). Both later and higher
glucose peaks were associated with lower
disposition indices (Fig. 2B and C).
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Figure 1—Plasma glucose patterns identiﬁed at baseline (A), corresponding serum insulin (B) and C-peptide (C) curves, and plasma glucose trajectories at follow-up for the groups identiﬁed at baseline (D) and independently at follow-up (E). Curves are estimated mean trajectories (solid
lines) with 95% CIs (dashed lines).
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Table 1—Demographics, lifestyle factors, and clinical characteristics of participants by latent glucose pattern classes at
baseline
Class 1
Class 2
Class 3
Class 4

Clinical characteristics
Glucose tolerance status
Normal
IFG
IGT
IFG and IGT
BMI (kg/m2)
Difference1
Difference2
Fat mass (%)
Difference1
Difference2
LDL cholesterol (mmol/L)
Difference1
Difference3
HDL cholesterol (mmol/L)
Difference1
Difference3
Triglycerides (mmol/L)
Difference1
Difference3
CRP (mg/L)
Difference1
Difference3
IL-6 (pg/mL)
Difference1
Difference3
Adiponectin (mg/L)
Difference1
Difference3
Leptin (ng/mL)
Difference1
Difference2

534 (37)
41 (35–48)
178 (33)
131 (25)

651 (45)
45 (38–51)
329 (50)
154 (24)

112 (8)
47 (41–54)
76 (69)
49 (45)

146 (10)
47 (41–53)
61 (45)
38 (29)

99 (19)
209 (41)
205 (40)

127 (21)
273 (44)
214 (35)

20 (19)
47 (44)
39 (37)

32 (25)
54 (43)
41 (32)

210
170
145
106

222
204
214
177

24
24
61
45

59
33
42
64

(40)
(32)
(28)
(20)

494 (93)
39 (7)
1 (0)
0 (0)
23.8 (21.7–26.3)
Reference
Reference
27.0 (20.0–33.5)
Reference
Reference
2.7 (2.2–3.3)
Reference
Reference
1.49 (1.26–1.74)
Reference
Reference
0.82 (0.61–1.10)
Reference
Reference
0.48 (0.21–1.02)
Reference
Reference
0.63 (0.47–1.02)
Reference
Reference
8.5 (6.4–11.5)
Reference
Reference
9.4 (4.3–16.4)
Reference
Reference

(35)
(32)
(33)
(28)

503 (77)
116 (18)
26 (4)
6 (1)
25.4 (23.2–28.0)
1.0 (0.4–1.3)
0.8 (0.3–1.3)
27.1 (20.9–33.7)
1.4 (0.7–2.3)
1.3 (0.5–2.4)
2.9 (2.4–3.4)
0.08 (20.01 to 0.18)
0.11 (20.03 to 0.19)
1.33 (1.14–1.60)
20.09 (20.14 to 20.05)
20.05 (20.10 to 20.01)
0.96 (0.70–1.27)
0.09 (0.04–0.14)
0.06 (0.01–0.09)
0.71 (0.32–1.57)
0.20 (0.07–0.33)
0.11 (0.02–0.20)
0.73 (0.49–1.15)
0.06 (0.01–0.12)
20.01 (20.06 to 0.05)
7.5 (5.5–10.0)
20.55 (20.90 to 20.24)
20.47 (20.84 to 0.06)
9.2 (4.2–18.1)
1.7 (0.9–2.3)
0.0 (20.6 to 0.5)

(22)
(22)
(56)
(41)

59 (53)
52 (46)
0 (0)
1 (1)
27.0 (23.9–29.7)
2.2 (1.0–3.4)
2.0 (1.1–3.0)
28.6 (23.0–33.2)
4.2 (2.2–5.3)
3.6 (2.6–5.3)
3.2 (2.5–3.6)
0.23 (0.02–0.34)
0.14 (20.11 to 0.26)
1.30 (1.07–1.53)
20.12 (20.21 to 20.03)
20.04 (20.15 to 0.01)
1.25 (0.78–1.66)
0.25 (0.14–0.43)
0.19 (0.02–0.35)
0.67 (0.35–1.49)
0.17 (0.04–0.32)
0.10 (20.08 to 0.23)
0.86 (0.64–1.56)
0.16 (0.04–0.36)
0.03 (20.06 to 0.22)
6.3 (4.9–9.2)
21.17 (21.61 to 20.38)
20.89 (21.43 to 20.17)
8.6 (4.1–18.4)
3.3 (2.2–4.6)
0.5 (20.5 to 1.6)

(44)
(25)
(31)
(47)

36 (25)
6 (4)
68 (47)
36 (25)
27.0 (25.0–29.7)
2.7 (1.9–3.4)
2.2 (1.5–3.0)
31.2 (25.9–36.6)
5.4 (4.0–6.4)
4.5 (3.4–5.9)
3.1 (2.6–3.5)
0.28 (0.12–0.43)
0.16 (20.06 to 0.38)
1.27 (1.04–1.54)
20.22 (20.25 to 20.16)
20.10 (20.16 to 20.03)
1.13 (0.86–1.63)
0.24 (0.18–0.36)
0.21 (0.12–0.29)
1.33 (0.60–3.09)
0.88 (0.47–1.41)
0.50 (0.26–1.15)
0.93 (0.58–1.42)
0.23 (0.12–0.44)
0.18 (20.03 to 0.34)
6.3 (5.0–9.0)
21.60 (22.33 to 20.78)
21.03 (21.38 to 20.38)
13.6 (7.9–25.3)
5.9 (4.1–7.5)
0.7 (20.8 to 2.4)

For the continuous clinical characteristics, the median (Q1–Q3) is presented in the ﬁrst row followed by the median (95% CI) for adjusted differences
(different levels of adjustment from quantile regression models) in the second and third rows. Other data are n (%), except for age, which is presented
as median (Q1–Q3). 1Adjusted for age and sex. 2Adjusted for age, sex, smoking status, physical activity, and alcohol consumption. 3Adjusted for age,
sex, smoking status, physical activity, alcohol consumption, and BMI.

Stability and Transitions

Glucose curves for each baseline latent
class at the 3-year follow-up are shown
in Fig. 1D. We observed regression to the
mean; however, differences in shape and
peak rankings between classes were
still clear. When we conducted the latent
class trajectory analysis using measurements from follow-up, we found patterns similar to those identiﬁed at baseline (Fig. 1E).

In the transition analysis we determined class memberships at follow-up
using the baseline model and data from
the OGTT at follow-up. Half of the cohort (55%) was in the same class at
follow-up as at baseline, whereas 19%
moved to a class with a more favorable
glucose proﬁle (lower area under the
curve [AUC]) and 27% moved to a class
with a less favorable proﬁle (higher AUC)

(Supplementary Fig. 4). We found
that younger age and both lower baseline levels of and declines from baseline
to follow-up in BMI, fat mass, triglycerides, and CRP were associated with transition from class 2 to class 1 compared
with staying in class 2 at the follow-up
examination (Table 2).
We implemented our latent class
model in an online application, the
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Demographic and lifestyle factors
Individuals
Age (years)
Male sex (%)
Currently smoking (%)
Physical activity
Inactive
Minimally active
Active
Alcohol consumption per week
,30 g
30–80 g
.80 g
Family history of diabetes (%)
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Figure 2—Insulin sensitivity (M/I) and acute insulin secretion (GISR) by latent glucose pattern classes (A) and the time (B) and size (C) of the glucose
peak. Thin gray hyperbolas represent different levels of the disposition index, calculated as the product of insulin sensitivity (M/I) and acute insulin
secretion (GISR) during the clamp. Data are the median and quartiles (Q1–Q3) of M/I (horizontally) and GISR (vertically).

Glucose Response Classiﬁer, which is
now available at https://steno.shinyapps.
io/grc2h. The application calculates glucose response class membership probabilities for a person based on glucose
concentrations during a frequently sampled OGTT. Technical details of the model
are described in the Supplementary
Data.
CONCLUSIONS

This study highlights a novel way of
analyzing glucose responses during the

OGTT and provides new information on
the contributions of insulin sensitivity and
ﬁrst-phase insulin secretion to differences in glucose curve shapes. The identiﬁed glucose curve patterns differed
from each other with regard to insulin
sensitivity and acute insulin response,
obesity, lipid levels, and inﬂammatory
markers. In prospective analyses, changes in obesity, triglycerides, and inﬂammatory markers were associated with
transition from one glucose curve pattern
to another. Together, these ﬁndings

suggest that the glucose curve patterns
identiﬁed by latent class trajectory analysis are clinically relevant and modiﬁable
by lifestyle factors. An application was published online to provide a tool to classify
individuals outside this study.
The detailed assessment of ﬁrst-phase
insulin secretion and insulin sensitivity in
the RISC cohort allowed us to investigate
further the pathophysiological features
responsible for the different curve
shapes. Individuals with an early but
relatively low glucose peak had the
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Table 2—Risk factors associated with transitioning from class 2 at baseline to another class at the 3-year follow-up
Class at follow-up
Class 2

Class 3

Class 4

258 (54)

45 (9)

63 (13)

Age (years)

0.96 (0.94–0.99)

1.00

1.02 (0.98–1.06)

1.01 (0.98–1.04)

Sex (men vs. women)

0.74 (0.47–1.17)

1.00

0.95 (0.50–1.80)

0.86 (0.49–1.50)

Family history of diabetes
Insulin sensitivity (per 20 M/I units)

0.65 (0.38–1.12)
1.08 (1.01–1.16)

1.00
1.00

1.36 (0.69–2.71)
1.02 (0.91–1.13)

1.39 (0.77–2.50)
0.86 (0.76–0.96)

Insulin secretion (per 10 GISR units)

0.99 (0.92–1.07)

1.00

0.88 (0.77–0.998)

0.99 (0.89–1.09)

Risk factors measured at both baseline and follow-up
BMI (kg/m2)
DBMI (kg/m2)
Fat mass (%)
DFat mass (%)
HDL cholesterol (0.5 mmol/L)
DHDL cholesterol (0.5 mmol/L)
Triglycerides (log2 transformed)
DTriglycerides (0.5 mmol/L)
CRP (log2 transformed)
DCRP (mg/L)

0.92
0.76
0.95
0.93
0.99
1.21
0.56
0.65
0.79
0.81

1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00

1.06
1.25
1.03
1.00
0.79
0.71
1.56
1.08
1.33
1.09

0.99
1.05
1.00
1.03
0.62
0.65
1.28
0.87
0.98
1.10

(0.86–0.99)
(0.64–0.91)
(0.91–0.98)
(0.88–0.99)
(0.70–1.42)
(0.74–1.97)
(0.36–0.87)
(0.49–0.85)
(0.69–0.91)
(0.67–0.98)

(0.97–1.14)
(1.04–1.50)
(0.98–1.09)
(0.93–1.09)
(0.46–1.37)
(0.33–1.52)
(0.89–2.75)
(0.80–1.45)
(1.07–1.65)
(0.98–1.21)

(0.92–1.08)
(0.87–1.27)
(0.95–1.06)
(0.97–1.10)
(0.38–1.01)
(0.33–1.28)
(0.77–2.12)
(0.65–1.15)
(0.82–1.17)
(0.99–1.21)

Data are odds ratios (95% CI) unless otherwise indicated. Age- and sex-adjusted odds ratios were calculated using multinomial logistic regression models
with follow-up class membership as the outcome (reference outcome: staying in class 2). Odds ratios represent the association between
moving to a speciﬁc class rather than staying in class 2 and a unit difference in the risk factors listed in the ﬁrst column. Values are baseline
measurements or are changes (D) between baseline and follow-up (e.g., DBMI = BMI at follow-up 2 BMI at baseline). Odds ratios for log2-transformed
variables should be interpreted as the effect of doubling the predictor’s value. Estimates for a variable and the change in the same variable are from
the same model including both variables at the same time.

most favorable pathophysiological proﬁle (class 1), whereas participants belonging to class 2 had lower insulin
sensitivity but normal insulin secretion.
This ﬁnding indirectly suggests that individuals with this risk proﬁle are likely
to beneﬁt from interventions aimed at
improving insulin sensitivity (e.g., exercise) (3). Individuals in class 3 had an
early but high glucose peakdfeatures
that were associated both with lower
ﬁrst-phase insulin secretion and insulin
sensitivity. Serum insulin and C-peptide
concentrations were highest in class 3
compared with the other groups despite
the lower ﬁrst-phase insulin secretion
measured during the IVGTT. Parallel to
previous ﬁndings of a discrepancy between insulin responses from oral versus
intravenous glucose testing (19), this
ﬁnding is likely to be explained by the
release of incretin hormones, which
stimulate glucose-induced insulin response
during an OGTT but not during intravenous testing. Individuals in class 4 had
a slightly later glucose peak than those
in class 3, potentially driven by the
lower degree of insulin sensitivity. Thus,
a novel ﬁnding of this study is that wholebody insulin sensitivity determines almost
exclusively the time to glucose peak
during the OGTT (Fig. 2B), whereas
ﬁrst-phase insulin secretion also plays a

substantial role in determining the size
of the glucose peak (Fig. 2C). A previous
analysis of the RISC cohort found that
individuals with normal glucose tolerance who had a high glucose peak
($8.95 mmol/L) had a risk proﬁle similar
to that of participants with IGT (20),
which underscores that a higher glucose
peak reﬂects an abnormal metabolic
state.
In line with this observation, we found
that individuals belonging to class 3,
which was characterized by the highest
and earliest glucose peak, were likely
to be men and smokers. This observation
is in accordance with previous ﬁndings
of individuals belonging to a group with
similar OGTT curve characteristics (13).
The ﬁnding is also in line with previous
ﬁndings from the RISC study, showing
higher total glucose and C-peptide AUCs
during OGTTs among men who smoke
(21). There is also evidence for higher
intermediate glucose levels in those
who smoke, despite similar FPG and
lower 2hPG (22). Possible explanations
include a delayed insulin response
among smokers (23) and a faster gastric
emptying rate (24). In a study of another
cohort, we showed that individuals with
a glucose curve pattern characterized by
a high glucose peak had an increased
risk for future diabetes and all-cause

mortality independent of age, sex,
smoking, and other cardiometabolic
risk factors (8). Together, these ﬁndings and the pathophysiological differences (e.g., between classes 2 and
3 despite very similar FPG and 2hPG
concentrations; ,6%) suggest that the
shape of the glucose curve carries information that cannot be captured by
FPG and/or 2hPG. Because of the relatively
short follow-up, we could not study incidence of diabetes and cardiovascular
disease, and therefore we cannot conclude which of the glucose curve features
are most detrimental to health.
Among cardiometabolic risk factors,
obesity, triglycerides, and markers of
subclinical inﬂammation all were associated with the glucose pattern classes in
both cross-sectional and prospective
analyses. Fat mass was more strongly
associated with the glucose curve classes than BMI, and, of interest, low levels
of adiponectin, which is downregulated
in obese and insulin-resistant individuals (25,26), were related to a higher
probability of being in classes 3 and
4. Although the underlying mechanism
is not fully understood, adiponectin is
consistently found to be the only antiinﬂammatory cytokine with a decreased
level before the diagnosis of type 2
diabetes (27). Also, markers of low-grade
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needed to investigate whether accurate
classiﬁcation can be achieved by measuring glucose at fewer time points but
by adding to the model other determinants as concomitant variables (30).
The OGTTs at follow-up allowed us to
investigate the robustness of the latent
class method. These analyses showed
reassuring results in the sense that the
same latent classes found at baseline
could be identiﬁed at follow-up. Thus,
the appearance of very similar patterns
at follow-up and similarities to our previous study (13) conﬁrm the utility of
latent class trajectory analysis in ﬁnding
heterogeneous subgroups of individuals
without diabetes based on a detailed
characterization of their glucose response.
Our sensitivity analysis of transitions
showed that movements between classes
are due to random variation only to a
modest degree.
In conclusion, we identiﬁed four glucose curve patterns that differed from
each other with regard to insulin sensitivity, insulin secretion, obesity, plasma
lipids, and low-grade inﬂammatory
markers. In general, whole-body insulin
sensitivity was a more important determinant than insulin secretion of time to
glucose peak during the OGTT, whereas
both seemed to contribute substantially
to the size of the glucose peak. The
identiﬁed glucose curve patterns were
robust over time, and transitions between classes were associated with
changes in cardiometabolic risk factors,
suggesting that the latent class trajectory
method may be useful to stratify risk.
Future research is warranted to explore
in more detail genetic and lifestyle determinants, as well as long-term consequences
of different glucose curve patterns,
such as incidence of diabetes, cardiovascular disease, and response to interventions.
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Amsterdam, the Netherlands: R.J. Heine, J.
Dekker, S. deRooij, G. Nijpels, and W. Boorsma;
Athens, Greece: A. Mitrakou, S. Tournis, K.
Kyriakopoulou, and P. Thomakos; Belgrade,
Serbia: N. Lalic, K. Lalic, A. Jotic, L. Lukic,
and M. Civcic; Dublin, Ireland: J. Nolan,
T.P. Yeow, M. Murphy, C. DeLong, G. Neary, M.P.
Colgan, and M. Hatunic; Frankfurt, Germany:
T. Konrad, H. Böhles, S. Fuellert, F. Baer, and
H. Zuchhold; Geneva, Switzerland: A. Golay,
E. Harsch Bobbioni, V. Barthassat, V. Makoundou,
T.N.O. Lehmann, and T. Merminod; Glasgow,
U.K.: J.R. Petrie, C. Perry, F. Neary, C. MacDougall,
K. Shields, and L. Malcolm; Kuopio, Finland: M.
Laakso, U. Salmenniemi, A. Aura, R. Raisanen,
U. Ruotsalainen, T. Sistonen, M. Laitinen, and H.
Saloranta; London, U.K.: S. W. Coppack, N.
McIntosh, J. Ross, L. Pettersson, and P. Khadobaksh;
Lyon, France: M. Laville, F. Bonnet (now Rennes),
A. Brac de la Perriere, C. Louche- Pelissier,
C. Maitrepierre, J. Peyrat, S. Beltran, and A.
Serusclat; Madrid, Spain: R. Gabriel, E.M.
Sánchez, R. Carraro, A Friera, and B. Novella;
Malmö, Sweden: 1) P. Nilsson, M. Persson, and
G. Östling; Malmö, Sweden: 2) O. Melander
and P. Burri; Milan, Italy: P.M. Piatti, L.D.
Monti, E. Setola, E. Galluccio, F. Minicucci,
and A. Colleluori; Newcastle upon Tyne, U.K.:
M. Walker, I.M. Ibrahim, M. Jayapaul, D. Carman,
C. Ryan, K. Short, Y. McGrady, and D. Richardson;
Odense, Denmark: H. Beck-Nielsen, P. Staehr,
K. Hojlund, V. Vestergaard, C. Olsen, and L. Hansen;
Perugia, Italy: G.B. Bolli, F. Porcellati, C. Fanelli,
P. Lucidi, F. Calcinaro, and A. Saturni; Pisa, Italy:
E. Ferrannini, A. Natali, E. Muscelli, S. Pinnola,
M. Kozakova, A. Casolaro, and B.D. Astiarraga;
Rome, Italy: G. Mingrone, C. Guidone, A. Favuzzi,
and P. Di Rocco; Vienna, Austria: C. Anderwald,
M. Bischof, M. Promintzer, M. Krebs, M. Mandl,
A. Hofer, A. Luger, W. Waldhäusl, and M. Roden.
Core Laboratories and Reading Centers,
and Investigators. Lipids (Dublin, Ireland):

P. Gaffney, J. Nolan, and G. Boran; apolipoproteins (Pisa, Italy): S. Baldi; hormones (Odense,
Denmark): C. Olsen, L. Hansen, and H. BeckNielsen; actigraphy (Villejuif, France): B. Balkau
and L. Mhamdi; data management (Villejuif,
France, and Padova and Pisa, Italy): B. Balkau,
A. Mari, L. Mhamdi, L. Landucci, S. Hills, and
L. Mota; mathematical modelling and website
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inﬂammation, such as CRP and IL-6, were
associated with classes 3 and 4, which
included individuals with the lowest insulin
sensitivity and poorest insulin secretion.
Markers of subclinical inﬂammation have
previously been prospectively associated
with the development of increased glycemia, insulin resistance, and b-cell dysfunction (27,28). Now we demonstrate that
these markers are also related to different
glucose curve characteristics during an
OGTT in individuals who do not have
diabetes. Differences in CRP levels, but
not in IL-6 levels, between the identiﬁed
classes were robust for confounder adjustment. In line with previous studies,
this suggests that CRP might indicate an
earlier stage of glycemic defects than
IL-6 (28).
Previous investigations used predeﬁned and rather arbitrary approaches
(e.g., mono-/biphasic curves, time to the
return to FPG level) to assess the shape of
glucose curves (29). Our study takes
advantage of methodologies routinely
used in longitudinal epidemiology by
considering change over time while accounting for measurement error and by
not relying on predeﬁned characterizations. This method captures change
over time in a more intuitive way than
the mono-/biphasic classiﬁcation, and
it provides class membership probabilities indicating the certainty of the
estimates. Recent studies have focused
on the role of 1hPG in the risk of diabetes
and diabetes complications (7). Considering our results, however, a cutoff value
at 1hPG would not be able to distinguish
between classes 3 and 4, just as 2hPG
cannot distinguish between classes 2 and
3. Our comparisons between classes
are based on individuals who mostly
have high class membership probabilities but not perfect classiﬁcation with
100% probability. In such a theoretical
comparison based on perfectly matching members, we would expect even
larger differences between the classes.
The RISC study offers a unique data set
achieved with “gold standard” measures
of insulin sensitivity and secretion, and
a repeated ﬁve–time point OGTT, but
such detailed data are seldom available.
An online application was developed
to facilitate the dissemination of our
methodology and to provide a tool for
classiﬁcation of individuals outside of
our study, even with fewer than ﬁve
measurements. Further research is
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management (Padova, Italy): A. Mari, G. Pacini,
C. Cavaggion, and A. Tura; coordinating ofﬁce (Pisa, Italy): S.A. Hills, L. Landucci, and
L. Mota.
Project Management Board. B. Balkau
(Villejuif, France), F. Bonnet (Rennes, France),
S.W. Coppack (London, U.K.), J.M. Dekker
(Amsterdam, the Netherlands), E. Ferrannini
(Pisa, Italy), A. Golay (Geneva, Switzerland),
A. Mari (Padova, Italy), A. Natali (Pisa, Italy),
J. Petrie (Glasgow, Scotland), and M. Walker
(Newcastle, England).
More information on the RISC study and participating centers can be found at www.egir.org.
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