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Abstract: Impaired glucagon secretion is a major component of glucose intolerance in type 2 diabetes
mellitus (T2D). Glucagon secretion exhibits heterogenous patterns in individuals and across glucose
tolerance diagnoses. Characterization of the range of glucagon secretion patterns can help clinicians
personalize diabetes care based on glucagon characteristics in addition to glucose and insulin profiles.
A total of 102 subjects with normal glucose tolerance, impaired glucose tolerance, and T2D had
their glucagon profiles recorded in response to an oral glucose tolerance test. Shapelet analysis was
used to identify the most descriptive patterns of early glucagon secretion, and spectral biclustering
was employed to identify biclusters of associated subjects and shapelets. The dynamics of glucose,
insulin, and glucagon secretion in each cluster were evaluated to identify overall patterns, and the
characteristics of the subjects in each cluster were compared. Three clusters were chosen to represent
the glucagon patterns. Membership in these three clusters was interpreted based on the presence or
lack of extrema in the first 30 min after oral carbohydrate intake. Cluster 1 (n = 23) had a minimum
at 30 min and only negative trends. Cluster 2 had a minimum at 10 min and a maximum at 20 min
(n = 25). Cluster 3 (n = 40) had a maximum at 10 min and a minimum at 20 min. Subjects in cluster
1 had the lowest average fasting plasma glucose (90.17 mg/dL) and average age (41.39 years) and
the highest HOMA-beta score (87.5%), while subjects in cluster 2 had the highest average fasting
plasma glucose (102.56 mg/dL) and average age (53.16 years) and the lowest HOMA-beta score
(55.77%). Characterization of glucagon dynamics, in addition to glucose and insulin, can aid in
personalized treatment approaches and provide greater insight about the underlying dysfunction in
glucose regulation.

Keywords: biclustering; cluster analysis; glucagon dynamics; impaired glucagon secretion; type 2
diabetes mellitus

1. Introduction

Type 2 diabetes (T2D) is characterized by an inability to regulate blood glucose levels,
and individuals with T2D can frequently experience hyperglycemia (high blood glucose)
in both fasting and postprandial states [1,2]. T2D is associated with a variety of complica-
tions and comorbidities, such as heart disease, kidney disease, impaired wound healing,
and neuropathy [1,3,4]. Treatment of T2D and associated comorbidities typically includes
lifestyle modifications through diet and exercise, and combination pharmacotherapy [4–8].
However, the combination of glucose intolerance, comorbidities, and lifestyle and socioeco-
nomic factors can vary greatly between individuals, leading to difficulty in identifying an
optimal treatment approach.

Blood glucose levels are regulated by both glucagon and insulin [1,9]. Insulin is
secreted from pancreatic beta cells to reduce blood glucose levels by increasing the uptake
of glucose by various cell types and suppressing hepatic glucose production [1]. Glucagon is
secreted by pancreatic alpha cells in response to low blood glucose levels and stimulates the
liver to convert stored glycogen to glucose, leading to an increase in blood glucose levels [9].
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Together, these hormones work to regulate blood glucose while avoiding hypoglycemia
(low blood glucose) and hyperglycemia. In T2D, this regulation is unable to adequately
control blood glucose levels [1,9].

The link between impaired glucagon secretion and T2D is well recognized [1,2,10–12].
Altered blood glucagon concentration is not only an important pathophysiological mecha-
nism in the development of T2D, but is also a therapeutic target [2,9]. Impaired endogenous
glucose production plays a critical role in the pathology of T2D [1]. This is partially at-
tributed to both elevated secretion and reduced suppression of glucagon, while glucagon
clearance remains relatively unchanged in T2D [1,2,10–14]. Hyperglucagonemia is associ-
ated with both fasting and postprandial hyperglycemia [1,2,9]. Understanding the behavior
of glucagon in T2D can aid in the treatment of hyperglycemia, and glucagon secretion and
activity have been identified as potential pharmacodynamic targets for glucose-lowering
pharmacological treatments [1,2,6,9].

Despite the critical role glucagon plays in T2D and blood glucose regulation, glucagon
dynamics are not yet fully understood. Studies have observed that glucagon dynamics
vary significantly with many factors, such as diabetes diagnosis and route of carbohydrate
intake [12,14–16]. This presents a challenge for quantifying the individual response of
glucagon to oral carbohydrate intake. Comprehensively identifying underlying patterns of
glucagon secretion can allow clinicians to understand an individual’s glucose regulation
characteristics and personalize treatment decisions more clearly.

Identifying groups with shared glucose intolerance characteristics has been inves-
tigated using cluster analysis [17,18]. While glucagon dynamics have received greater
attention in recent years, to our knowledge, unsupervised learning techniques have not
been extensively used to quantify glucagon characteristics in a time series context. The ap-
proach used in this work builds upon previous work by extracting characteristic glucagon
secretion features directly from the data in an interpretable and explainable way [15,16,19].

The overall goal of this project was to combine multivariate statistical tools with time
series analysis to elucidate the characteristics of impaired glucagon secretion based on pat-
terns of secretion in the first 30 min of an oral glucose tolerance test (OGTT). The objectives
of this work were to (1) identify initial patterns of glucagon secretion dynamics stratified by
diagnosis classification, (2) develop alternative clusters of subjects by identifying glucagon
secretion patterns independent of diagnosis, and (3) quantify the glucagon dynamics and
subject characteristics in each cluster.

2. Materials and Methods
2.1. Experimental Data

Data from a previously conducted study were used for this work, and no additional
clinical experiments were conducted [12]. In the original study, an OGTT was administered
to 102 subjects (54 with normal glucose tolerance [NGT], 20 with impaired glucose tolerance
[IGT], and 28 with T2D). These classifications were also used for this work without modifi-
cation. The subjects were 20 to 65 years old, non-obese, and were excluded based on type
1 diabetes, various comorbidities, antidiabetic medications, an HbA1c > 7.9%, or fasting
plasma glucose > 110 mg/dL for subjects with normal glucose tolerance. The subjects were
diagnosed as having normal glucose tolerance (NGT), impaired glucose tolerance (IGT), or
T2D. Glucagon was measured at 0, 10, 20, 30, 60, and 120 min following oral carbohydrate
intake. Glucose and insulin measurements were taken at 0, 10, 20, 30, 60, 90, and 120 min.
The demographic information of the subjects, including age, weight, height, body mass
index, etc., was recorded and is presented in Section 3.3.2. The estimated glomerular
filtration rate (eGFR) was calculated from age, sex, and serum creatinine concentration
using the CKD-EPI 2021 equation [20]. The fasting plasma glucose, insulin, and glucagon
values were considered the concentrations measured at 0 min.
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2.2. Shapelet Extraction and Feature Generation

A single subject was identified as an outlier and initially removed due to exceedingly
high plasma glucagon values. For the remaining 101 subjects, the initial starting glucagon
value prior to carbohydrate intake (glucagon concentration at 0 min) was subtracted
from each glucagon measurement for each subject to convert the glucagon concentration
measurements to the change in glucagon relative to the fasting glucagon concentration.
A change in glucagon was used instead of the original glucagon values for the rest of the
study. The first 30 min of the glucagon change measurements were isolated and upsampled
from 10 to 1 min by interpolation with a piecewise cubic Hermite interpolating polynomial
(PCHIP) [21]. PCHIP was chosen because it preserves the shape of the data and the original
points without the possibility of overshoot.

The changes in glucose, insulin, and glucagon were considered instead of the absolute
values. Time series clustering is sensitive to magnitude differences between subjects and is
therefore prone to sorting subjects based on their fasting values. Subtracting the fasting
value converts each subject’s measurements to a change in plasma hormone level and
removes the bias from their starting value. Fasting glucose, insulin, and glucagon levels
were considered separately with post hoc analysis after the clustering.

Following the preprocessing, shapelets were extracted from the interpolated data by
computing the multivariate matrix profile with 10- and 15-min windows [22–26]. Shapelets
are short subsequences and are commonly used to classify and identify time series data.
Shapelets capture specific patterns or characteristics present in data and can be used to
compare different time series by how well they match the shapelet [22]. The minimum
number of shapelets was identified using the minimum description limit, and the rest
were discarded [23,24]. The process of extracting shapelets using the minimum description
limit finds the fewest shapelets needed to adequately describe the data while minimizing
redundancy [23].

Extracting shapelets from the glucagon data allowed for characteristic secretion pat-
terns to be identified, and these patterns were converted to a feature matrix for clustering
analysis [22–24,27]. Each shapelet was scanned over each subject’s measurements incre-
mentally. At each increment, the Euclidean distance between the shapelet and the current
data subsequence was calculated, and the minimum distance for that subject and shapelet
was saved. The distance represented the similarity of the shapelet and the subsequence,
with a larger distance indicating less similarity and a low distance indicating the shapelet
and the subsequence match closely. This was repeated for each combination of subject
measurements and shapelet. The resulting table of distances comprised the feature matrix
used for clustering [27–29].

Several subjects exhibited unusual and unique dynamics that did not correspond to
the extracted shapelets and were considered outliers. The presence of outliers often results
in shapelets being extracted from each outlier to capture their dynamics, but these shapelets
will poorly describe all or most of the other subjects, making it difficult to cluster other
subjects based on that specific shapelet.

Detecting and removing the outliers allowed for the most discriminative shapelets
to be extracted and to form clusters as uniformly as possible. First, principal component
analysis was used to reduce the dimensionality of the feature matrix and analyze the data
in a lower-dimensional space defined by the first two principal components [30,31]. Next,
a local outlier factor model was used to identify the outliers and remove them [31,32]. The
local outlier factor examines the local grouping of points and identifies outliers based on
their distance from the points nearest to them. Once the outliers were removed, a new set
of shapelets were extracted, and a new feature matrix was generated [27].

2.3. Clustering

Once the feature matrix was generated, the subjects and shapelets were clustered
into groups using spectral biclustering [33,34]. Generally, clustering attempts to define
groups in a way that maximizes the intercluster variability and minimizes the intracluster
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variability [35]. Biclustering identifies a characteristic “checkerboard” pattern in the data
defined by groups of samples and features. Spectral biclustering works by applying
eigenvector decomposition to represent the data in a grid where certain samples and
variables are associated with each other [35]. Our goal was to generate clusters where
groups of shapelets were associated with groups of subjects while being dissimilar to
the shapelets in other clusters. Spectral biclustering allowed this underlying structure to
be revealed.

Spectral biclustering has several hyperparameters that were estimated for 3, 4, and
5 clusters and 10- and 15-min window sizes by choosing the values that yielded the maxi-
mum silhouette score in a grid search. The silhouette score compares a sample’s similarity
to its cluster versus the other clusters and returns values between −1 (similar to other clus-
ters but dissimilar to its own) and 1 (similar to its cluster but dissimilar to the others) [36,37].
This resulted in 6 total cases: a 10-min window with 3 to 5 clusters and a 15-min window
with 3 to 5 clusters. For each case, the average Euclidean distance was calculated for each
bicluster and for all biclusters. The optimal number of clusters was selected for the 10- and
15-min cases based on the lowest average bicluster distance.

2.4. Post Hoc Analysis

The percent change in glucose, insulin, and glucagon was calculated at each sample
based on (1) to interpret the direction and magnitude of each hormone’s trend. ∆X%j is
the percent change of each variable (X = glucose, insulin, or glucagon) at the jth sampling
instance. Xj and X0 represent the jth and initial hormone values, respectively. A positive
value indicates an increasing trend, while a negative value indicates a decreasing trend.

∆X%j =

( Xj

X0
− 1

)
× 100% (1)

A Kruskal–Wallis test for continuous variables or a χ2 test for categorical variables
followed by Dunn’s test for multiple comparisons with a significance value of 5% (p < 0.05)
were used [26,38]. The Bonferroni adjustment was used to adjust the significance value
for multiple comparisons [26,38]. Any p-values that rounded to 0.05 were considered
insignificant as a precaution.

3. Results
3.1. Feature Preparation and Outlier Removal

A total of 38 and 37 initial shapelets were extracted from the interpolated glucagon
measurements for 10- and 15-min window sizes, respectively (Figure 1). For the 10-min
case, 20 shapelets were extracted for NGT, 8 for IGT, and 10 for T2D. For the 15-min case,
20 shapelets were extracted for NGT, 7 for IGT, and 10 for T2D. For the 10-min window,
all shapelets except for 3 were selected between 5–20 min, with the others selected for
14–24 min (2 NGT, 1 IGT). For the 15-min window, all shapelets except for two were selected
between 5–20 min, with the other selected for 11–26 min (1 NGT, 1 T2D).

Four general trends emerged from the shapelet analysis: (1) initial increase, (2) initial
decrease, (3) delayed increase, and (4) delayed decrease. Each of these patterns was present
in the NGT and IGT groups for 10- and 15-min windows. For the T2D groups, only the
initial increase and delayed increase patterns were observed in the shapelets. A unique
pattern was observed in the T2D groups, where the initially positive trend seemed to level
off and remain constant for the remainder of the time. No single pattern was observed in
any of the groups.

An initial feature matrix was calculated for each case based on the extracted shapelets.
and 12 subjects were identified as outliers for the 10-min window case and 13 for the 15-min
window case. After reducing the dimensionality with principal component analysis and
applying the local outlier factor method subjects were eliminated due to high variation and
low density in the first principal component. Variation in the second principal component
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was mostly unaffected, indicating that the outliers mostly comprised variation in the first
principal component direction. The remaining subjects were used for the rest of this work.
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Figure 1. Initial shapelets extracted from interpolated glucagon changes in the first 30 min and
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3.2. Clustering and Model Selection

The final six clustering results were compared by calculating the average distance in
each cluster (Table 1). The lowest average distance was in the three clusters and 15-min
window case (0.795). The highest average distance was in the five clusters and 15-min
window case (2.432). Each of the 10-min window cases had an average mean higher than 1.
The 15-min cases had both the lowest (0.795, 3 clusters) and the highest (2.432, 5 clusters)
overall average (Figure 2).

Table 1. Total and individual cluster distances by case as mean (SD). The 15-min window, three-
cluster case had the lowest overall distance, while the 15-min five-cluster case had the highest
overall distance.

Window Number of
Clusters Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Total

10
3 0.395 (0.186) 4.571 (1.317) 1.368 (1.048) - - 2.237 (0.860)
4 2.991 (0.715) 2.939 (0.556) 0.175 (0.193) 0.701 (0.444) - 1.502 (0.463)
5 3.580 (0.450) 0.281 (0.312) 3.162 (0.00) 3.162 (0.00) 1.284 (0.750) 2.090 (0.187)

15
3 0.447 (0.253) 0.972 (0.518) 0.806 (0.400) - - 0.795 (0.409)
4 0.447 (0.253) 0.851 (0.613) 2.698 (1.143) 1.827 (0.837) - 1.620 (0.758)
5 3.485 (1.100) 1.220 (0.471) 7.287 (0.411) 0.895 (0.439) 0.667 (0.316) 2.432 (0.475)
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Figure 2. Calculated features for 15-min window clustering (1 = pink, 2 = purple, 3 = green). The
original feature matrix (left) was constructed by calculating the minimum distance between each
subject’s glucagon measurements and each shapelet. Darker shades indicate a lower distance and a
closer match, while lighter shades indicate a higher distance and a poorer match. The subjects and
shapelets were grouped into rectangular biclusters outlined by the assigned color (right).

The optimal clustering was produced using the 15-min window three-cluster case
(Figure 2, Table 1). Three biclusters, designated by colors (1 = pink, 2 = purple, 3 = green),
were generated by identifying both the subjects and shapelets that grouped together. A
total of 24 final shapelets were extracted and distributed relative to cluster size. Five
shapelets were associated with cluster 1 (n = 23), eight with cluster 2 (n = 25), and eleven
with cluster 3 (n = 40). Cluster 1 was associated with the shapelets in clusters 1 and 3 but
was distinctly different from the cluster 2 shapelets. Cluster 2 was associated with shapelets
from cluster 2, somewhat associated with shapelets from cluster 1, and less associated with
cluster 3 shapelets. Cluster 3 was associated with cluster 1 and 3 shapelets, but less with
cluster 2 shapelets. Therefore, for each cluster, the subjects were strongly associated with at
least one cluster of shapelets and less associated with shapelets from another cluster.

3.3. Analysis of Clusters
3.3.1. Shapelets and Time Series Analysis

The shapelets and associated glucagon measurements were extracted from the bi-
clusters and compared to the overall glucagon measurements for that bicluster (Figure 3).
Cluster 1 shapelets exhibited initial and delayed decreases with three distinct slopes. One
slope was a delayed decrease, another was an initial decrease with a moderate slope,
and the last pattern was an initial decrease that rapidly trended towards a minimum at
20 min. This was reflected in the overall glucagon measurement trend, where the glucagon
decreased in the first 30 min and then remained at a reduced level for the next 90 min.
However, the minimum at 20 min observed in some of the shapelets was not observed
in the trend of the overall measurements. This cluster also had the largest magnitude of
glucagon decrease, with the mean trend dropping by 31.43 pg/mL after 120 min.

Cluster 2 shapelets exhibited initial and delayed increases with three distinct slopes.
One shapelet had a rapid initial increase, one had a slow initial increase followed by a
rapid increase, and the rest had a modest, delayed increase. The associated measurements
increased to a maximum at 20 min before decreasing. The overall glucagon measurements
for that cluster generally increased to a maximum at 20 min before decreasing. An inflection
was observed in the overall trend at 60 min, where the curves seemed to increase. At
120 min, the trend had decreased by 9.11 pg/mL. It was observed that several subjects
exhibited an initial decrease in glucagon measurements, leading to a minimum at 10 min
before trending towards a maximum at 20 min. This behavior was not represented by the
shapelets but was observed in the overall trend and measurements.

Cluster 3 shapelets all showed an initial or delayed decrease from the fasting level.
None of the shapelets showed an initial increase, and no major oscillations or inflections
were observed. The associated measurements showed various trends after 20 min, but no
major increases were observed. The overall glucagon measurements showed a maximum
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peak at 10 min, followed by an elbow point at 20 min, and a sustained decrease for the
remainder of the test. The 10 min peak was not represented in the shapelets or the associated
measurements. The overall measurement trend was reduced by 20.29 pg/mL at 120 min
and continued to decrease.
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The glucose and insulin values were isolated for the subjects in each cluster (Figure 4).
The initial values were subtracted from each measurement for each subject to make them
consistent with the glucagon change values. The changes in glucose trends remained
relatively consistent with each other for the first 30 min. After 60 min, the cluster 1 glucose
trend dropped below the others and remained lower for the rest of the time. The changes in
insulin trends were less consistent than the glucose trends. The cluster 1 insulin trend rose
above the other after 20 min, followed by the cluster 3 and 2 trends. After 60 min, cluster 3
had the highest value. The cluster 1 glucose, insulin, and glucagon trends all showed an
elbow or knee point at the 30 min sample, at which point glucose and insulin began to
trend down, while glucagon behavior was cluster-dependent.

The percent change in glucagon was calculated for each sample after the initial sample
and subject and compared across the clusters (Table 2). The initial sample was excluded
because each subject was normalized to start at 0 pg/mL. No significant difference was
found between any sample or cluster for glucose or insulin. For glucagon, significant
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differences were found for each time sample. The only sample where all cluster percent
changes were significantly different was 20 min. Clusters 1 and 3 were significantly different
at all time samples except for 120 min. Clusters 1 and 2 were not significantly different at
10 and 60 min. Clusters 2 and 3 were not significantly different at 30, 60, or 120 min, but
were at 10 and 20 min.
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cluster 3 had the highest value. The cluster 1 glucose, insulin, and glucagon trends all 
showed an elbow or knee point at the 30 min sample, at which point glucose and insulin 
began to trend down, while glucagon behavior was cluster-dependent. 

 
Figure 4. Glucose, insulin, and glucagon changes grouped by cluster (mean +/− standard deviation, 
1 = pink, 2 = purple, 3 = green). Glucose and insulin trends stayed at or above the fasting level for all 
clusters. Cluster 2 and 3 glucagon trends initially peaked before dropping below the fasting level. 
Cluster 1 glucagon trended immediately downward. 

The percent change in glucagon was calculated for each sample after the initial sam-
ple and subject and compared across the clusters (Table 2). The initial sample was ex-
cluded because each subject was normalized to start at 0 pg/mL. No significant difference 
was found between any sample or cluster for glucose or insulin. For glucagon, significant 
differences were found for each time sample. The only sample where all cluster percent 
changes were significantly different was 20 min. Clusters 1 and 3 were significantly dif-
ferent at all time samples except for 120 min. Clusters 1 and 2 were not significantly dif-
ferent at 10 and 60 min. Clusters 2 and 3 were not significantly different at 30, 60, or 120 
min, but were at 10 and 20 min. 

Table 2. Post hoc analysis of glucagon percent change by sample and cluster. Results are presented 
as mean (SD), and insignificant p-values are indicated as NS. 

Time 
Cluster Significance 

1 2 3 1 and 2 1 and 3 2 and 3 

10 
−7.837 
(7.721) 

−0.320 
(15.536) 

11.063 
(10.844) 

NS <0.001 0.003 

20 
−16.196 
(8.678) 

8.495 
(17.121) 

−6.499 
(12.386) 

<0.001 0.015 0.001 

30 
−25.412 
(10.823) 

−7.520 
(17.624) 

−7.534 
(10.552) 

<0.001 <0.001 NS 

60 
−25.131 
(12.151) 

−14.933 
(17.145) 

−15.007 
(12.593) 

NS 0.024 NS 

120 
−28.427 
(13.665) 

−11.226 
(13.254) 

−21.063 
(14.410) 

<0.001 NS NS 

Figure 4. Glucose, insulin, and glucagon changes grouped by cluster (mean +/− standard deviation,
1 = pink, 2 = purple, 3 = green). Glucose and insulin trends stayed at or above the fasting level for all
clusters. Cluster 2 and 3 glucagon trends initially peaked before dropping below the fasting level.
Cluster 1 glucagon trended immediately downward.

Table 2. Post hoc analysis of glucagon percent change by sample and cluster. Results are presented
as mean (SD), and insignificant p-values are indicated as NS.

Time
Cluster Significance

1 2 3 1 and 2 1 and 3 2 and 3

10 −7.837
(7.721)

−0.320
(15.536)

11.063
(10.844) NS <0.001 0.003

20 −16.196
(8.678)

8.495
(17.121)

−6.499
(12.386) <0.001 0.015 0.001

30 −25.412
(10.823)

−7.520
(17.624)

−7.534
(10.552) <0.001 <0.001 NS

60 −25.131
(12.151)

−14.933
(17.145)

−15.007
(12.593) NS 0.024 NS

120 −28.427
(13.665)

−11.226
(13.254)

−21.063
(14.410) <0.001 NS NS

3.3.2. Subject Characteristics

The characteristics of the subjects in each cluster were compared (Table 3). Cluster 1
was the smallest, with 23 subjects; cluster 2 had 25 subjects; and cluster 3 had 40 subjects.
Various demographic information (age, sex, body mass index [BMI], eGFR, diagnosis),
HbA1c, insulin sensitivity (HOMA-IR, HOMA-beta), and fasting values (fasting plasma glu-
cose [FPG], fasting plasma insulin [FPI], fasting plasma glucagon [FPGn]) were compared.
The mean and standard deviation of each variable were computed from the inlier subjects.

No significant difference was found between any variables for clusters 1 and 3 or 2 and
3. Age, HOMA-beta, and FPG were significantly different between clusters 1 and 2. Cluster
1 had the lowest average age (41.39 years), and cluster 2 had the highest (53.16 years).
Cluster 1 had the highest average HOMA-beta value (87.5%), while cluster 2 had the lowest
(55.77%). Cluster 1 had the lowest FPG value (90.17 mg/dL), while cluster 2 had the highest
FPG (102.56 mg/dL). While not statistically significant, cluster 1 had the highest ratio of
NGT to IGT or T2D subjects (17:3:3), and cluster 2 had an almost even breakdown between
diagnoses (8:9:8).
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Table 3. Post hoc analysis of clustered subject characteristics. Results are presented as mean (SD),
and insignificant p-values are indicated as NS.

Variable Original Inlier
Data

Cluster Significance

1 2 3 1 and 2 1 and 3 2 and 3

Size 101 88 23 25 40 - - -
Age

(years)
47.44

(10.97)
47.45
(0.85)

41.39
(10.2)

53.16
(8.58)

47.38
(10.97) <0.001 NS NS

Sex
(M:F) 64:37 55:33 13:10 15:10 27:13 NS NS NS

BMI(
kg/m2 )

22.15
(2.52)

22.05
(2.53)

21.25
(2.48)

22.39
(2.21)

22.30
(2.65) NS NS NS

eGFR
(mL/min
/1.73m2)

88.56
(13.43)

88.61
(12.42)

86.11
(10.52)

87.07
(12.27)

91.01
(13.08) NS NS NS

Diagnosis
(NGT:IGT:T2D) 53:20:28 46:18:24 17:3:3 8:9:8 21:7:12 NS NS NS

HbA1c (%) 5.45
(0.60)

5.41
(0.56)

5.17
(0.39)

5.58
(0.57)

5.45
(0.6) NS NS NS

HOMA-IR (-) 1.76
(1.96)

1.59
(0.97)

1.44
(0.89)

1.47
(0.93)

1.74
(1.01) NS NS NS

HOMA-beta (%) 73.75
(46.23)

75.08
(46.63)

87.5
(47.07)

55.77
(35.41)

80.0
(48.78) 0.019 NS NS

FPG
(mg/dL)

99.22
(18.31)

99.32
(18.96)

90.17
(9.54)

102.56
(14.47)

100.62
(19.66) 0.013 NS NS

FPI
(mU/L)

6.75
(5.45)

6.75
(5.45)

6.38
(3.75)

5.65
(3.09)

6.97
(3.78) NS NS NS

FPGn
(pg/mL)

100.89
(31.17)

100.89
(31.17)

110.35
(27.23)

91.28
(26.59)

99.42
(31.81) NS NS NS

4. Discussion

We identified a variety of glucagon dynamics within the study dataset. While impaired
glucagon dynamics have been observed in many populations and settings, we observed a
wide range of dynamics across diagnosis classifications. Broadly, we saw (1) an initially
positive trend, (2) an initially negative trend, (3) a delayed positive trend, and (4) a delayed
negative trend. However, within each of these groups, there was significant variation in
terms of oscillation and inflections, the presence or lack of extrema, and the magnitude of
glucagon change. Most of these dynamics occurred in the first 30 min, while the 30–120 min
trends were more consistent. We hypothesized that the glucagon dynamics within the first
30 min could be quantified and used to describe longer glucagon dynamics.

Previous studies have similarly investigated glucagon dynamics in response to oral
carbohydrates. A multivariate statistical approach was used to cluster young women into
four distinct subgroups [15]. However, the approach and glucagon dynamics in the study
population differed from ours. Fasting values and overall elevation or suppression of
hormone levels were major variables in the previous analysis, whereas we normalized
our data to remove their effects. While the observed glucagon dynamics differed from
those in this data set, the presence of great interpersonal variation in glucagon dynamics
was similar and provided a foundation for our approach. Morettini et al. expanded on
the results of that study by applying a dynamic model approach. A set of structured
differential equations was used to model and simulate the glucagon response of each
cluster in response to oral carbohydrate intake [19]. Another line of work applied a form of
quantitative trend analysis to identify glucagon dynamic patterns based on the number
of inflections in the data [16]. The analysis counted the number of inflections in the data
and compared the change in area under the curve for glucagon across several conditions.
While the goal was not to automatically cluster the subjects with unsupervised learning,
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the results do confirm that glucagon dynamics are highly variable, with major differences
in the number of fluctuations between subjects even under similar conditions.

We chose to approach this as a time series analysis problem. Our goal was to identify
characteristic subsequences in the glucagon measurements that would accurately capture
the glucagon dynamics in each cluster while clearly distinguishing clusters from each other.
We chose to use biclusters, as opposed to more traditional clustering techniques, to identify
not only the subjects in each cluster, but also their associated shapelets. Additionally,
clustering suffers from a lack of interpretability, and the reasoning for specific clusters may
not be immediately clear. These biclusters visualize which features are correlated with
which clusters and the magnitude of the association. To further emphasize the dynamics
patterns and improve interpretability, we chose to first identify the patterns in the data and
then apply clustering to automatically sort them. This was performed by calculating our
feature matrix based on how well each subject matched with each shapelet.

Our results suggest that the clustering was largely based on extrema in the first 30 min.
Cluster 1 exhibited a minimum at 30 min and a constant trend, which was not observed in
other clusters. Clusters 2 and 3 had a mix of dynamics, with different patterns of fluctuations
and varying trends within each cluster. However, cluster 2 exhibited a minimum at 10 min
and a maximum at 20 min, while cluster 3 measurements showed a maximum at 10 min
and a minimum at 20 min. Post hoc analysis of the percent change of glucagon at each
sample across clusters revealed that the 20 min sample was the only one where all clustered
glucagon trends were significantly different from each other, further indicating that was
the significant feature identified through clustering. Additionally, clusters 1 and 3 and 2
and 3 were significantly different in the 10-min sample. This indicates the minimum and
maximum locations are significant characteristics of each cluster and would also account
for the presence of two different sets of initial dynamics in both clusters 2 and 3.

Defining glucagon clusters based on extrema is reasonable from a pharmacokinetic
perspective. Plasma concentration curves for exogenous compounds, such as drugs, or
endogenous compounds, like secreted hormones, are often evaluated based on their shape.
Several studies have identified the shape of glucose responses, defined by peak glucose
concentration, as an indication of glucose tolerance [39,40]. However, defining the shape is
not necessarily straightforward, and various metrics are used, such as area under the curve,
maximum concentration, and time to maximum concentration [41]. Defining the clusters
based on extrema may therefore be an intuitive and interpretable way to group the subjects.
This was not the explicit intent when the feature matrix was designed, but it is noteworthy
that the model seems to have identified these characteristics and extracted the shapelets
that would emphasize them.

The mix of dynamics in clusters 2 and 3, and the differences between the shapelets and
overall trends, may be partly explained by the shapelet extraction and feature calculation
processes. The shapelet analysis extracted time subsequences, and these were compared
to each subject’s measurements. However, the shapelets were not required to match with
subsequences at the time when the shapelet was extracted. Because of this, shapelets
extracted in the earlier phase could closely match subsequences from the later phase or
vice versa. This may explain the different dynamics in clusters 2 and 3; the shapelets
extracted from the 0–30 min region for the first set of dynamics also describe the second set
of dynamics. Even though they occur at different times, the subsequences still match to
some degree based on a different portion of the data in that cluster.

One of the goals of this work was to evaluate whether the extracted glucagon shapelets
could be used to separate longer glucagon dynamics. While the shapelets were extracted
only from the first 30 min of measurements, the overall trends were noticeably different
between clusters, and significant differences were measured for the 60- and 120-min mea-
surements. This suggests that the initial dynamics are critical in determining the overall
glucagon dynamics. Interestingly, fasting plasma glucagon levels were not significantly
different across the clusters, indicating that elevated fasting levels were not representative
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of the different dynamics. However, it should be noted that the relatively small IGT and
T2D proportions may not be large enough to accurately represent possible relationships.

Post hoc analysis of the glucose and insulin trends associated with each cluster revealed
no significant differences. Despite stark differences in glucagon dynamics across the
clusters, the glucose and insulin trends are relatively unchanged. In particular, the lack of
glucose or insulin differences in the 10- and 20-min samples, where glucagon characteristics
were most notable, suggests that the glucagon characteristics in each cluster were also not
directly and immediately related to glucose-insulin dynamics in that cluster. However, this
is not sufficient evidence for the interaction between glucagon, insulin, and glucose.

The subject characteristics seem to mirror the diagnosis distribution between clus-
ters when comparing the ratio of subjects with NGT to those with some degree of glu-
cose intolerance (IGT + T2D). Cluster 1 (n = 23) was largely characterized by NGT sub-
jects (17:6) (NGT:IGT + T2D), cluster 2 (n = 25) was mostly IGT and T2D subjects (8:17)
(NGT:IGT + T2D), and cluster 3 (n = 40) was a nearly even mix of NGT, and IGT and T2D
(21:19) (NGT:IGT + T2D). This may explain why cluster 1 subjects had a lower FPG and
a higher HOMA-beta, cluster 2 subjects had a higher FPG and a lower HOMA-beta, and
cluster 3 subjects had no significant differences. Interestingly, the FPG and HOMA-beta
differences do not correspond to differences in glucose and insulin trends across clusters.
This may indicate that, while measurable, differences in subject characteristics between
clusters are not enough to substantially differentiate glucose and insulin dynamics.

We initially observed four general patterns of glucagon dynamics ((1) initially positive,
(2) initially negative, (3) delayed positive, and (4) delayed negative), and some of the
patterns were present in 2 or 3 of the diagnosis classifications. Our clustering yielded three
clusters, with each cluster exhibiting more than one of the initial patterns. The mixture of
NGT, IGT, and T2D across clusters seems consistent with those initial findings. Even though
the clustering was undertaken solely based on glucagon dynamics, the resulting clusters
have a non-negligible but statistically insignificant proportion of NGT and IGT/T2D
subjects in each. While this may complicate the interpretation of why glucagon dynamics
exist, that was not the goal of the study.

This work was focused on identifying and quantifying subgroups of glucagon pat-
terns, and future work may focus on identifying causal factors leading to various patterns
of glucagon secretion. Our approach is easily interpretable by using the glucagon mea-
surements alone. Clear differences in glucagon trends are observed across clusters, along
with characteristic extrema. The use of shapelets extracted directly from the time series
measurements allows the clustering to act on features emphasizing the patterns we have
targeted for clustering. Converting the absolute glucagon measurements to changes in
glucagon emphasized the dynamics of the fasting levels. Removing the outliers allowed
for the identification of more uniform clusters. The use of a conservative interpolator that
preserved the glucagon shape helped ensure the extracted shapelets were accurate and
smooth representations of the actual glucagon measurements.

The population used in this study comprised individuals with NGT, IGT, and T2D.
This allowed us to identify patterns in all three populations and extract a wide range of
shapelets independent of diagnosis. This allowed us to observe that certain glucagon shapes
were conserved across diagnosis classifications, while others seemed to only be present in
specific classifications. Additionally, this will allow for the possibility of extending these
clusters to subjects from other populations if their glucagon dynamics have been observed
in this data set.

Our choice of three clusters with a 15-min window was based on the model selection
criteria and visual analysis of the clusters weighed against the complexity imposed by
additional clusters. The heterogeneity of clusters 2 and 3 suggests other sets of dynam-
ics that could be used, perhaps by increasing the number of clusters to 5 and allowing
clusters 2 and 3 to be separated into two additional clusters. However, we found that
increasing the number of clusters did not stratify the dynamics in this way. Experimenting
with other clustering approaches, such as hierarchical clustering, did not provide a clear
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improvement over the current approach and was limited to monoclusters. In future work,
another approach could be chosen to separate the characteristics in question.

Our focus on glucagon allows us to identify secretion patterns, but further analysis
taking the interactions between glucose, insulin, and other incretin hormones into account
is necessary before making any claims about the causal factors differentiating the subject
dynamics. Our goal was to identify patterns of glucagon secretion in our study population,
not to assign causal factors to these secretions, which is why we chose to include only
glucagon in the clustering.

The findings of this work may shed light on how glucagon characteristics can impact
blood glucose regulation in subjects that are either glucose-tolerant or intolerant. Cate-
gorizing glucose and insulin responses during OGTTs has been effectively used to study
glucose regulation for various types of diabetes, and our approach has the potential to
augment diagnosis and classification by including glucagon characteristics. Addition-
ally, understanding the dynamics of glucagon secretion may lead to advances in various
glucagon-based diabetes treatments, such as dual-hormone artificial pancreas technology
or glucagon-like peptide 1 receptor agonists.

Several limiting factors may have influenced the results. The study population was
relatively homogenous, and their glucose levels were well controlled. While the population
comprised individuals with varying degrees of glucose intolerance, it did not include
subjects with very elevated HbA1c, so we could not assess the dynamics of more serious
glucose intolerance. Additionally, more than half of the subjects had NGT. While glucagon
dynamics are not solely explained by diagnosis classification, the relatively small IGT
and T2D sample sizes, combined with the homogeneity, mean that it cannot be assumed
that all or most possible glucagon dynamics are captured in this study. It is possible
that some influential glucagon dynamics occur after 120 min, while glucose, insulin, and
glucagon levels return to the fasting state. However, it is reasonable to assume that the
large number of individual shapes identified is a significant portion of the possible major
glucagon dynamics observed in OGTTs. Also, the overrepresentation of NGT may have
caused important glucagon dynamics or relations between physiological variables to be
undetectable from this data set.

Some limitations were imposed by the quantitative approach used in this work. The
outlier removal step may have eliminated subjects with unusual but important secretion
patterns. The use of another data set for comparison could illustrate this, but it was not
available for this work. The shapelet extraction was applied to a relatively short section
of the data. While that was chosen due to the dynamics of interest occurring in the first
30 min, it is possible that relaxing this constraint could provide insight into different phases
of the glucagon secretion profiles.

We found that a few of the variables were significantly different during the post hoc
analysis. This may be partly attributed to the approach of considering p-values that round
to 0.05 (0.045–0.049) as insignificant. This was done as a precaution to account for numerical
inaccuracy and to emphasize variables with clear differences between clusters. Relaxing
this constraint could allow for deeper analysis into the differences between the subjects
in each cluster, but it was deemed unnecessary because the focus of this work was on the
glucagon dynamics and not underlying causal factors.

5. Conclusions

Glucagon dynamics shortly after carbohydrate intake vary greatly between individu-
als and across glucose intolerance diagnoses. Identification of subject-specific dynamics
based on limited data would be useful in experimental settings where accurate plasma
hormone measurement requires frequent blood tests. We have successfully identified
subsets of glucagon dynamics based on the presence of extrema using only the first 30 min
of measurements. Future work will investigate the effect of glucose and insulin dynam-
ics on different glucagon secretion patterns and the extension of these clusters to mixed
nutrient intake.
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