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Abstract
Objective Plasma glucose and insulin concentrations are clinical markers used to diagnose metabolic diseases, particularly
prediabetes and diabetes. In this paper, we conducted a cluster analysis using plasma glucose and insulin data collected during
both fasting and 2-h postprandial periods.
Methods Different clustering experiments were performed by changing the attributes, from one (fasting glucose) to four
(fasting and postprandial glucose and insulin) attributes input to a k-means clustering algorithm. Based on the elbow and
silhouette methods, three clusters were chosen to perform the clustering experiments. The Pearson correlation coefficient was
utilized to evaluate the association between the levels of glucose and insulin within each created cluster.
Results Results show that one cluster comprised individuals with prediabetes, another cluster consisted of individuals with
diabetes, while subjects without prediabetes and diabetes were assigned to a separate cluster. Despite not being used as an
attribute, we observed varying age ranges among subjects in the three clusters. Furthermore, significant correlations were
found between fasting and postprandial insulin levels, as well as between fasting and postprandial glucose levels, suggesting a
consistent relationship between these variables, and highlighting their interdependence in the context of glucose metabolism.
Conclusion The clustering analysis successfully differentiated individuals into distinct clusters based on their metabolic
conditions, confirming that the approach effectively captured the underlying patterns in the plasma glucose and insulin data.
Furthermore, despite not being a considered attribute, the varying age ranges observed within the clusters indicate that age
may play a role in the development and progression of diabetes. Additionally, the fasting and postprandial associations in
insulin and glucose levels exhibited greater strength in the cluster encompassing individuals with diabetes, where insulin
production or action is compromised.
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Introduction

Diabetes, a progressive disease characterized by elevated
blood glucose levels resulting from impaired insulin produc-
tion or action [1, 2], does not have a precise onset. However,
pre-diabetic conditions such as impaired glucose tolerance
(IGT) and impaired fasting glucose (IFG) predispose indi-
viduals to the development of diabetes [3], increasing the
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risk of cardiovascular diseases [4]. Diagnosis of diabetes,
IGT, and IFG often involves the oral glucose tolerance test
(OGTT) [5], which measures plasma glucose and insulin lev-
els before and after the intake of glucose. IGT is diagnosed
when the plasma glucose level at 120 min is greater than or
equal to 140 and less than 200 mg/dL, and IFG is diagnosed
when the fasting glucose level is greater than or equal to 100
and less than 126 mg/dL [1].

As urbanization and sedentary lifestyles proliferate, dia-
betes and prediabetes prevalence have surged globally. Urban
areas harbor two-thirds of adults with diabetes, while a third
reside in rural regions [6]. The prevalence of diabetes in
adults in 2017 was estimated in 425 million cases (almost
9% of adults) but it was estimated that 629 million people
(about 10% of adults) will suffer from diabetes in 2045. Simi-
larly, the prevalence of IGT in adults in 2017 was estimated in
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374 million cases (almost 8% of adults), 69% of which live in
low- and middle-income countries, but it was estimated that
587 million adults (8.4% of adults) will suffer from IGT in
2045 [6]. The North American and Caribbean region has the
highest prevalence of IGT (13.6%) and the Southeast Asia
region has the lowest one (3.4%). The prevalence of IFG is
between 43.9% and 58% for Caucasians and between 29.2%
and 48.1% for Asians [7].

Numerous methodologies have been used for the diagno-
sis of diabetes and prediabetes. Support vector machines,
genetic algorithms, and k-means have been used for the
diagnosis of diabetes [8] and gestational diabetes [9] using
datasets that include plasma glucose, plasma insulin, and
blood pressure, among others. Likewise, linear regression
has been used for the diagnosis of IGT to correlate plasma
metabolite values with insulin and OGTT glucose [10]. Addi-
tionally, machine learning algorithms have been explored to
predict the evolution of diabetes in patients at high risk [11].
Studies that explored the categorization of subjects into
more specific groups, taking into account their distinctive
metabolic characteristics, emphasize that such stratification
can significantly enhance the quality of life for patients by
enabling the development of personalized treatments tailored
to their specific metabolic conditions [12, 13].

Building upon these concepts, this study aims to cluster
subjects based on fasting and postprandial plasma glu-
cose and insulin levels using the k-means algorithm. This
approach unveils patterns reflecting metabolic deterioration
processes, enriching our understanding of these conditions.
As simple lifestyle changes can reverse prediabetes, early
detection is crucial. However, the traditional OGTT test’s
invasiveness and costliness warrant alternative diagnos-
tic methodologies that optimize accuracy and efficiency.
These alternatives, often incorporating non-invasive vari-
ables, offer promise, especially in resource-limited settings.
Early diagnosis and prediction of diabetes onset are piv-
otal for improved patient outcomes, tailored treatments,
extended life expectancy, symptom alleviation, and com-
plication prevention. The novelty of this paper lies in the
introduction of a novel approach to differentiate individuals
with varying metabolic conditions using clustering analy-
sis. This approach holds the potential to transform diabetes
diagnosis and management. By utilizing clustering analysis
to categorize individuals based on comprehensive metabolic
markers, this methodology captures nuanced variations that
traditional tests might overlook. The results provide insight
into metabolic deviations even before blood sugar levels
reach the diabetic range, enabling proactive interventions
with personalized treatments aligned to individual metabolic
dysregulations.

The significance of this study is rooted in its ability to
uncover intricate patterns and relationships among metabolic
markers, contributing to a more refined understanding of

distinct metabolic conditions. Beyond its diagnostic value,
the proposed approach stands as an alternative diagnos-
tic tool, transcending the limitations of existing tests and
ensuring individuals at risk receive appropriate attention. As
we navigate the complex landscape of diabetes research,
this novel approach to categorizing individuals based on
metabolic conditions offers a beacon of hope, potentially
enhancing diagnosis accuracy, treatment efficacy, and overall
patient well-being.

Methods andMaterials

Dataset

The age and levels of glucose and insulin in plasma in fasting
from 2835 women, collected in a previous study at Caracas
University Hospital, Venezuela, were employed in this work.
Please refer to [13] for a more detailed explanation of the
clinical protocol and the dataset in general. The dataset is
openly accessible on the IEEE DataPort platform at https://
dx.doi.org/10.21227/5g52-jc59 [14].

k-means clustering

In this work, our primary focus was to analyze the clustering
outcomes across various attribute combinations. To accom-
plish this, we performed four distinct clustering experiments
by changing the attributes as follows:

1st clustering

The first clustering experiment was performed using only
fasting glucose levels (G0). This experiment is important
since estimating the fasting glucose concentration is a feasi-
ble task to be performed by an inexperienced person using,
for example, commercial devices, such as a glucometer or
a smartphone application [15, 16], or wearable technology,
such as a contact lens [17, 18]. Therefore, discovering phys-
iological patterns or clinical indicators using only fasting
blood glucose concentration could have a significant impact
on society since people could obtain useful information with-
out going to a specialized clinical laboratory.

2nd clustering

The second clustering experiment uses fasting and post-
prandial glucose levels (G0&G120). Although two blood
samples are required to perform this experiment and ingest
a certain glucose concentration, which indicates that it is a
more expensive and complicated procedure than the previ-
ous one, most specialized laboratories perform this type of
test to diagnose metabolic diseases. Therefore, discovering
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physiological patterns or clinical indicators using fasting and
postprandial blood glucose concentrations could be a useful
tool for clinical laboratories.

3rd clustering

The third one uses fasting glucose and insulin levels (G0&I0).
The measurement of the concentration of insulin in the blood
is carried out with specialized equipment in a clinical labo-
ratory, therefore, it is an expensive procedure that requires
specialized personnel. This experiment, like the previous one,
could yield useful information for clinical laboratories.

4th clustering

The fourth and final clustering experiment uses fasting and
postprandial glucose and insulin levels (G0&G120&I0&I120).
Observing these four variables at the same time can help
contribute to discovering patterns or clinical indicators in the
data. Besides, we recall that the dataset was classified into 28
classes based on fasting and postprandial glucose and insulin
values defined in the literature [13]. However, this test would
require two blood samples, the intake of a certain amount of
glucose, and a specialized instrument to determine the con-
centration of insulin in the blood (glucose concentration can
also be obtained with a specialized instrument, however, as
mentioned, a person can estimate its blood glucose concen-
tration using, for example, a glucometer). This experiment
would, therefore, have an impact on clinical laboratories.

Since our goal is to group the subjects based on blood
glucose and insulin concentrations, the age variable was not
considered as an attribute in the clustering process, however,
it was used for analyzing the groups created. The number
of subjects per group was determined for each clustering
experiment.

The squared Euclidean distance was used as the distance
measure in which, for each attribute, each centroid corre-
sponds to the mean of the values of the attribute of the
individuals assigned to that cluster.

Since hyperparameter k must be specified before the clus-
tering process, the elbow and silhouette methods were used
to estimate the number of clusters. In the case of the elbow
method, for different values of k, we performed the clustering
process and computed the percentage of variance explained.
Then, the optimal number of clusters corresponds to the low-
est k that gives 90% of the percentage of variance explained.
The elbow method was also employed by considering the
total within-cluster sum of squares (WCSS) as a function of
the number of clusters. In the case of the Silhouette cluster-
ing evaluation criterion, again for different values of k, we
performed the clustering process and computed the average
Silhouette of observations. Then, the optimal number of clus-

ters is the one that provides the highest average Silhouette
value.

Statistical analysis

The statistical analysis applied in this study ensures a robust
and objective evaluation of the data, allowing for the identi-
fication of significant differences, relationships, and patterns
within the study variables.

The mean and standard deviation of age, fasting glucose,
postprandial glucose, fasting insulin, and postprandial insulin
levels were computed for the subjects assigned to the clusters
to provide important descriptive information about these sub-
jects and to summarize the central tendencies and variability
of the variables under investigation.

The Kruskal-Wallis nonparametric test was utilized to
identify significant differences between the clusters for age,
fasting glucose, postprandial glucose, fasting insulin, and
postprandial insulin levels. This test is appropriate for com-
paring independent samples and determining if there are
statistically significant variations among the clusters. To
further analyze and validate the findings, Tukey’s honestly
significant difference test was employed as a post hoc anal-
ysis. This test allows for pairwise comparisons between the
clusters, revealing specific differences between groups and
providing more detailed insights into the variations observed.
Moreover, the Wilcoxon signed-rank test was utilized to
assess the significant differences between fasting and post-
prandial glucose and insulin levels. This test is suitable for
analyzing dependent samples and allows for a thorough
investigation of the changes in these variables within indi-
viduals.

Lastly, the use of the Pearson correlation coefficient (ρ)
facilitated the examination of the linear relationship between
glucose and insulin levels within each cluster. This measure
quantifies the strength and direction of the correlation, pro-
viding valuable insights into the interdependence of these
variables.

Statistical significance was defined as a p-value of 5% or
less.

Results

A capsule in Code Ocean to reproduce the results of this
paper is available at [19]. Moreover, a GitHub repository
was created with the MATLAB code [20].

Based on the results of applying the elbow and average
Silhouette methods for deciding the number of clusters (See
details in the supplementary material), we have opted for
three clusters (k = 3) for all experiments.

Table 1 provides an overview of the subject distribution
across clusters for the various clustering experiments con-
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Table 1 Number of subjects assigned to each cluster based on different
attribute combinations used by the clustering algorithm

Cluster Attributes
G0 G0&G120 G0&I0 G0&I0&G120&I120

C1 2080 2013 2124 2256

C2 724 724 680 441

C3 31 98 31 138

ducted, considering different attribute combinations such as
G0, G0&G120, G0&I0, and G0&G120&I0&I120. Cluster
C1 comprises the largest number of subjects, while Cluster
C3 has the lowest representation. The variation in subject
distribution suggests the influence of different attribute com-
binations on the clustering outcomes.

Table 2 presents the results for the variables age, G0, G120,
I0, and G120 of the subjects assigned to each cluster in the
conducted clustering experiments. This table provides a com-
prehensive understanding of the distribution of insulin and
glucose levels within the three clusters and reveals significant
differences in variables between clusters and the cluster’s
association with glucose and insulin levels in fasting and
postprandial states. Cluster C1 particularly stands out with
the lowest average age and consistently lower levels of fasting
and postprandial plasma glucose and insulin. The supplemen-
tary material contains box plots illustrating the distribution of

these variables across clusters for each attribute combination
involved in the clustering process.

Table 3 shows the Pearson correlation coefficients in
each cluster (C1, C2, C3) between the variables of glucose
and insulin in fasting and postprandial, in the four experi-
ments carried out (with attributes G0, G0&G120, G0&I0,
and G0&I0&G120&I120). We can see that the lowest corre-
lation, ρ = −0.008, was obtained in the cluster C1 between
the variables G0 and I120 using G0&G120 as attributes
of the clustering process, whereas the highest correlation,
ρ = 0.714, was obtained in the cluster C3 between the vari-
ables G0 and G120 both using G0 as attribute and using
G0&I0 as attributes of the clustering process. These correla-
tions provide insights into the relationships between variables
within each cluster. The strong correlations between glucose
levels at different time points (G0 and G120) suggest a con-
sistent pattern of glucose behavior. Similarly, the positive
correlations between insulin levels at different time points
(I0 and I120) indicate a similar pattern.

Discussion

In all the experiments carried out with the different attribute
combinations, subjects in cluster C1 have G0 and G120 lower
than subjects in cluster C2, and they, in turn, have G0 and
G120 lower than subjects in cluster C3. It is important to note

Table 2 Mean ± standard deviation of the variables per cluster for each attribute used in the clustering process

Variable Cluster Attributes
G0 G0&G120 G0&I0 G0&I0&G120&I120

Age C1 39.83 ± 14.57 1 2 40.05± 14.74 1 2 3 40.07±14.61 1 2 41.87±14.81 2 3

C2 50.11 ± 12.96 48.33 ±13.46 50.04±13.00 43.07±15.06

C3 50.65 ± 10.04 52.00 ± 10.67 50.65±10.04 52.58±10.43

G0 C1 91.16±7.25 1 2 3 4 93.13 ±9.50 1 2 3 4 91.44±7.44 1 2 3 4 95.73±12.38 1 2 3 4

C2 116.09±13.24 4 107.01 ± 16.52 4 116.82±13.35 4 99.37±12.83 4

C3 234.48±64.54 4 163.22 ±61.80 4 234.48±64.54 4 153.25±55.44 4

G120 C1 107.54±23.62 1 2 3 100.52 ±13.53 1 2 3 107.88±23.95 1 2 3 107.52±21.75 1 2 3

C2 145.30±50.34 149.25 ±22.89 146.70±50.96 136.33±29.80

C3 313.55±112.95 287.78 ±66.85 313.55±112.95 260.34±70.39

I0 C1 8.01±6.70 1 2 5 8.03 ±6.74 1 2 3 5 7.81±6.48 1 2 5 7.35±5.82 1 2 3 5

C2 11.01±8.79 5 10.21±8.00 5 11.82±9.13 5 15.13±9.80 5

C3 12.39±8.87 5 14.99 ±11.45 5 12.39±8.87 5 12.82±9.96 5

I120 C1 62.94±46.03 1 2 3 55.08 ±38.74 1 2 3 62.08±44.95 1 2 3 47.79±22.06 1 2 3

C2 73.27±51.83 91.35 ±56.91 76.61±54.37 153.11±48.34

C3 38.45±28.57 83.03 ±60.84 38.45±28.57 71.15±41.02

1 The variable shows significant difference between clusters C1 and C2
2 The variable shows significant difference between clusters C1 and C3
3 The variable shows significant difference between clusters C2 and C3
4 The cluster shows significant difference between variables G0 and G120
5 The cluster shows significant difference between variables I0 and I120
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Table 3 Correlations between variables within each cluster

Cluster Variable Attributes
G0 G0&G120 G0&I0 G0&I0&G120&I120
G120 I0 I120 G120 I0 I120 G120 I0 I120 G120 I0 I120

C1 G0 0.251 0.138 0.092 0.259 0.159 −0.008 0.262 0.088 0.060 0.438 0.163 0.027

G120 0.142 0.448 0.089 0.338 0.121 0.432 0.016 0.289

I0 0.513 0.492 0.504 0.411

C2 G0 0.587 0.112 0.038 0.196 0.117 −0.165 0.588 0.024 −0.023 0.430 0.155 0.049

G120 0.095 0.267 −0.019 0.110 0.056 0.239 −0.049 0.151

I0 0.492 0.484 0.492 0.282

C3 G0 0.714 0.319 −0.030 0.701 −0.058 −0.439 0.714 0.319 −0.030 0.699 0.093 −0.361

G120 0.345 −0.089 −0.084 −0.377 0.345 −0.089 0.074 −0.231

I0 0.530 0.559 0.530 0.460

Correlations that are statistically significant and greater than ±0.5 are highlighted in bold text

that we have named cluster C1 the one with the most sub-
jects and cluster C3 the one with fewer subjects, as shown in
Table 1. Moreover, the results of the clustering algorithm are
in accordance with the diagnostic values of diabetes and pre-
diabetes stated by the American Diabetes Association [1]:
Cluster C2 contains prediabetics, cluster C3 contains dia-
betic, and cluster C1 contains subjects without any of the
above pathologies.

Age is an important factor in the development of diabetes,
which is reflected in the clustering performed. In all experi-
ments, subjects in cluster C1 were younger than subjects in
cluster C2, and they, in turn, were younger than subjects in
cluster C3. Consequently, as we age, we are more likely to
suffer from diabetes. Moreover, a chronological trend was
observed: the youngest tend to be healthy (cluster C1), pre-
diabetes tends to occur in middle-aged adults (cluster C2)
and diabetes tends to appear at an old-age (cluster C3) [21].

By considering the insulin concentration, on the one hand,
in all the experiments, cluster C1 grouped subjects with lower
I0 and greater insulin sensitivity (mean HOMA-IR < 1.84).
This is an expected result since these subjects tend to have
normal fasting glucose and insulin levels. Clustering experi-
ments with G0, G0&G120, and G0&I0 as attributes, grouped
subjects with higher I0 levels in cluster C3. These subjects
have lower insulin sensitivity (mean HOMA-IR> 6.04). It is
known that low insulin sensitivity can cause the development
of diabetes. This can be reflected by the fact that subjects in
cluster C2 have a mean HOMA-IR> 2.6, indicating that
these subjects (with glucose values consistent with predia-
betes) have insulin resistance [22]. On the other hand, in all
the experiments, cluster C2 contains subjects with elevated
levels of I120, which could indicate that subjects with predi-
abetes tend to produce more insulin for glucose metabolism
than normal. These findings are in line with the fact that pre-
diabetes refers to a state in which blood glucose levels are
higher than normal but not high enough to be diagnosed as

type 2 diabetes. In this state, the body can produce more
insulin to try to maintain blood glucose levels within the
normal range. However, over time, the body can become
less sensitive to insulin, which means that more insulin is
needed to achieve the same effect on reducing blood glu-
cose levels [23]. This decrease in insulin sensitivity is known
as insulin resistance and can be a precursor to type 2 dia-
betes [24].

Cluster C3 contains the lowest level of I120 when the
clustering is carried out with G0 and G0&I0 as attributes.
Subjects in cluster C3 are mostly diabetic as indicated by their
fasting and postprandial glucose levels, their insulin produc-
tion is thus compromised due to the diabetic condition [25]. In
the presence of diabetes, it is common to achieve low insulin
levels in the body, this is because, over time, beta cells of the
pancreas can wear out due to excessive insulin production.
Therefore, diabetic subjects usually have low levels of insulin
production, which can make it difficult to control blood glu-
cose levels. It is important that people with diabetes work
with their physician to develop a treatment plan that includes
changes in diet, exercise, and medicines to help control dia-
betes and prevent long-term complications [26].

The influence of various factors on insulin utilization
in our bodies is widely recognized and well-established.
For instance, some genes modulate insulin production and
insulin receptors, and it is believed that both insulin quality
and insulin receptor endocytosis signaling may be associ-
ated with insulin resistance and the development of type
2 diabetes [27, 28]. Also, an increase in body fat results
in a decrease in adiponectin production by adipose tissue.
Adiponectin plays an important role in regulating insulin
sensitivity and possesses anti-inflammatory properties. Con-
sequently, when the body accumulates excess adipose tissue,
adiponectin levels tend to decrease, potentially leading to
insulin resistance and an elevated risk of developing type
2 diabetes and other metabolic disorders. Therefore, main-
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taining a healthy weight and an appropriate amount of
adipose tissue becomes crucial for achieving optimal lev-
els of adiponectin and improving insulin sensitivity [29].
Numerous studies have demonstrated that individuals who
engage in regular exercise exhibit enhanced insulin sensitiv-
ity compared to people with sedentary lifestyles. This effect
stems from the exercise-induced signaling of glucose recep-
tor exocytosis, which promotes glucose uptake and reduces
the reliance on high insulin levels for facilitating glucose
uptake [30].

It is interesting to note the behavior of the correlations
between the variables as the metabolic disease progresses
(from cluster C1 to C3). For instance, clustering experiments
with G0 and G0&I0 show significant correlations above 0.5
between fasting and postprandial insulin in cluster C1 and
between fasting and postprandial glucose in cluster C2. The
association between fasting and postprandial glucose appears
in cluster C2 (mostly composed of prediabetics) but it is then
strengthened in cluster C3 (mostly composed of diabetics),
with correlations around 0.7, for all the clustering experi-
ments. This suggests that the association between fasting and
postprandial plasma glucose concentration is marked in sub-
jects with problems with insulin production or action [31].
Two things could be therefore highlighted: (i) fasting and
postprandial glucose values become highly correlated when
subjects develop diabetes and (ii) the clustering method can
group diabetic subjects using any combination of attributes,
even just using G0. This does not apply to the other two
groups, particularly prediabetics, who would be the most
important group because, with the right treatment, diabetes
could be prevented.

The findings of our study carry significant implications for
the understanding and management of diabetes and related
metabolic conditions. Through a comprehensive analysis of
correlations between fasting and postprandial glucose and
insulin levels within distinct clusters, we have illuminated
previously unexplored temporal relationships between these
key metabolic markers.

Temporal relationships andmechanistic insights

Our analysis revealed compelling temporal associations
that deepen our understanding of glucose metabolism. For
instance, individuals identified within the cluster exhibiting
elevated fasting glucose levels also demonstrated corre-
spondingly high postprandial glucose levels. This observa-
tion suggests potential difficulties in postprandial glucose
clearance, hinting at an underlying mechanism of impaired
glucose tolerance. This insight provides a foundation for the
development of targeted interventions aimed at ameliorating
glucose intolerance mechanisms, thereby advancing our abil-
ity to tailor treatments to specific metabolic dysregulations.

Personalized treatment strategies

The categorization of individuals into distinct clusters based
on their metabolic profiles holds promise for the develop-
ment of personalized treatment strategies. The stratification
of clusters allows for the identification of optimal interven-
tions that align with individual metabolic conditions. For
instance, individuals within the cluster characterized by ele-
vated fasting glucose levels might benefit from interventions
aimed at directly managing blood sugar levels, while those
within the cluster with the highest postprandial glucose levels
could benefit from interventions designed to enhance insulin
sensitivity. Such tailored treatments align with the evolving
paradigm of precision medicine and have the potential to
enhance treatment outcomes and patient well-being signifi-
cantly.

Alternative diagnostic approach

The utilization of clustering algorithms to analyze fasting
and postprandial glucose and insulin levels introduces an
innovative diagnostic approach with notable advantages over
conventional methods. Traditional diagnostic tests for dia-
betes, such as the OGTT, are not only resource-intensive
but also time-consuming. Our proposed cluster analysis
methodology offers a streamlined alternative by effectively
identifying individuals at risk for diabetes or prediabetes,
even if they fall below the diagnostic thresholds of formal
criteria. This approach has the potential to facilitate early
diagnosis and intervention, contributing to improved out-
comes for individuals at risk.

Conclusion

This work has shown that the k-means clustering algorithm
with three clusters groups the subjects into healthy, predia-
betic, and diabetic, by using fasting and postprandial glucose
and insulin levels. In addition, it also groups subjects with
low insulin sensitivity. Age can also be considered an impor-
tant factor in the development of diabetes since subjects with
diabetes and prediabetes (clusters C3 and C2, respectively)
were among the oldest subjects. Low insulin sensitivity could
be another risk factor in the development of diabetes. Clus-
ters C2 and C3 contain subjects with HOMA-IR> 2.5, being
the subjects of cluster C3 (diabetics) who presented a greater
detriment in insulin sensitivity.
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