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Abstract. The type-2 diabetes (T2D) is a multifactorial chronic disease that
reduces the quality of lifestyle and produces the death of a large percentage of
the population worldwide. Before the development of T2D a series of symptoms
are presented even years before T2D diagnosis. This condition that appears
before the development of T2D is called prediabetes. Prediabetes and T2D are
diagnosed from the oral glucose tolerance test (OGTT). The OGTT consists in
the measurement of glucose and insulin in five-time intervals, the first after 8 h
of fasting (0 min) and the other four measurements after taking 75 g of oral
glucose in 30-minutes intervals (30, 60, 90 and 120 min). Some parameters have
been used to improve the efficiency in the diagnosis of prediabetes and T2D, for
example: the area under the glucose (AUCg) and insulin (AUC}) curve during
OGTT has been used as a parameter for the diagnosis of prediabetes, T2D and
obesity. The aim of this study is to assess the k-means clustering algorithm in the
classification of subjects with prediabetes and T2D using the AUCs and AUC;,.
A database of 188 subjects (male = 88 subjects, age = 42.11 + 14.91 years old)
with values of plasma glucose and insulin during OGTT was used. The k-means
clustering performed for AUC presents acceptable results since the silhouette
coefficient is above 0.6 in all cases. The findings in this study indicate that the
k-means applied in the AUCq classify subjects with T2D, prediabetes and
control. Furthermore, it could even predict those subjects with high probabilities
of developing T2D.
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1 Introduction

Type-2 diabetes (T2D) is a multifactorial chronic disease that reduces the quality of
lifestyle and produces the death of a large percentage of the population worldwide [1].
The T2D imposes an enormous economic burden to the global health systems [2]. The
total annual expenses of this disease range between US$ 141.6 million and 174 billion,
and it is estimated that the health expenditure of T2D patients is at least twice the
expenditure of healthy people [3-5].

The T2D has become entrenched in developing countries, and in very recent years,
more than 80% of the deaths caused by this disease have occurred in low and middle-
income countries. Moreover, their morbidity burden is estimated that it will increase
worldwide and particularly in developing countries [6—8]. Currently, the global
prevalence of T2D in people older than 18 years has increased from 4.7% (108 million
people) in 1980 to 8.5% (400 million people) in 2017 and this increase has been faster
in middle and low-income countries [8]. Even more, the global prevalence of T2D is
projected to increase to more than 600 million affected persons by the year 2035, and
the 70% of that global estimation will be placed in developing countries [8].

T2D is a progressive disease that even years before its diagnosis a series of
symptoms are present. This condition that appears before the development of T2D is
called prediabetes [9]. Prediabetes and T2D are diagnosed from the oral glucose tol-
erance test (OGTT). The OGTT consists in the measurement of glucose and insulin
concentrations in five-time intervals (5-samples OGTT), the first measurement is taken
after 8 h of fasting (0 min) and the other four measurements after taking 75 g of liquid
glucose in 30-minute intervals (30, 60, 90 and 120 min) [10]. T2D is diagnosed
according to the World Health Organization if fasting glucose is above 125 mg/dL
and/or postprandial glucose (120 min of OGTT) is above 200 mg/dL [9]. Prediabetes is
diagnosed according to the ADA if fasting glucose ranges between 100-125 mg/dL,
which is known as impaired fasting glucose (IFG) and/or postprandial glucose range
between 140-200 mg/dL, which is known as impaired glucose tolerance (IGT) [9].

Prediabetes can be controlled, even reversed through very simple treatments or
changes in lifestyle; otherwise, when T2D is diagnosed it is not possible to reverse it.
Furthermore, it can only be controlled with more expensive treatments that diminished
the patient life quality [11]. Therefore, the diagnosis of the prediabetic diseases is
crucial to prevent the development of diabetes and thus reduce public health spending
[12]. On the other hand, it is known that early diagnosis of T2D can prevent the
progression of the disease to other related conditions such as diabetic neuropathy,
atherosclerosis, and diabetic foot [13].

There are studies that have used different methodologies to classify prediabetes,
T2D and its related diseases (metabolic syndrome and insulin resistance). Some studies
have used k-means to differentiate diabetic subjects from normal subjects, achieving
accuracy classification above 80% [14, 15]. Other studies have designed indices that
include anthropometric variables [16], biochemical variables [17] and heart rate vari-
ability parameters [18] to classify subjects with insulin resistance, prediabetes and
metabolic syndrome, obtaining receiving operating characteristics curves with areas
above 0.70 [19]. On the other hand, the area under the glucose (AUC) and insulin
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(AUC)) curves during OGTT have also been used to improve the efficiency in the
diagnosis of prediabetes, T2D and obesity [20, 21].

The aim of this study is to assess the k-means clustering algorithm using AUCs and
AUC; in the classification of subjects with prediabetes and T2D. A database of 188
subjects with values of glucose and insulin during OGTT was used. In the next section
the methodological procedure will be explained. In section three and four, results and
discussion will be shown. And finally, in section five, the conclusions and future works
proposals will be presented.

2 Methodology

2.1 Database

At the Clinical Research Laboratory of the Venezuela Central University, 188 adults
were enrolled (male = 88 subjects, age = 42.11 + 14.91 years old), between the years
2010 and 2013. Each participant underwent the 5-samples OGTT. In the OGTT of five
samples, insulin and glucose levels were measured in the five different blood samples: a
sample in fasting of 8 h (Gy, Ip) and four others after oral intake of 75 g of glucose at
30 min (G30, 130,), 60 min (G609 160)7 90 min (Ggo, Igo),ﬂl'ld 120 min (G1209 1120).

Every participant was classified as T2D according to WHO criteria (Gy > 125
and/or G5y > 200) [22], as prediabetic according to ADA criteria (140 < Gjyg <200
and/or 100 < Gy < 125) [9] and as a control group if it does not meet the criteria for
T2D or prediabetes. The characteristics of the database are shown in Table 1. The
clinical protocol adhered to the principles of the Declaration of Helsinki and it was
approved by the Bioethical Committee of the Medical Science Faculty of Venezuela
Central University; all the subjects signed a written informed consent.

2.2  k-Means Clustering Method

In this investigation the k-means clustering algorithm is used to classify the one-
dimensional observations [23]. k-means technique goal is the partition of the dataset
into different clusters, so that observations in each cluster share some similar charac-
teristics. The distance between observations and centroids were calculated by squared
Euclidean distance and it was repeated 10 times to avoid local minima. The silhouette
coefficient (SC) was used to evaluate the assignment of the dataset into the cluster [24].

Two experiments were carried out using the AUC;, and two more experiments
using the AUCg. The AUCs was calculated from the curve constructed with the glu-
cose values of 30, 60 and 90 min of the OGTT. The glucose values of 0 min and
120 min from the OGTT are dismissed because they are dependent variables in the
diagnosis of T2D and prediabetes. The AUC, was calculated from the curve constructed
with the insulin values of 0, 30, 60, 90 and 120 min of the OGTT.
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Table 1. Glucose and insulin values of the OGTT, AUC,; and AUCg for prediabetic, diabetic

and control groups.

Variables Control® Prediabetic T2D p-value®

Male =33, n=87 |Male=51,n=85 |Male=4,n=16

IGT = 35, IFG = 72
IGT and IFG = 22

Age 35.78 + 13.02 46.32 + 14.69 54.19 + 10.24 <0.01><¢
[years] 18.00-75.00¢ 20.00-78.00 42.00-72.00

33.05-38.52" 43.20-49.44 49.17-59.20
Gy 90.74 + 6.23 104.18 & 7.45 134.25 + 22.17 <0.01P<d
[mg/dl] 75.00-99.00 77.00-119.00 99.00-187.00

89.43-92.04 102.59-105.76 123.39-145.11
e 134.10 £ 24.97 163.54 =+ 27.22 214.81 + 48.63 <0.01°4
[mg/dl] 85.00-202.00 100.00-230.00 135.00-312.00

128.86-139.35 157.75-169.33 190.98-238.64
Geo 125.54 + 31.54 167.19 + 39.45 243.44 + 53.62 <0.01><4
[mg/dl] 73.00-227.00 80.00-256.00 136.00-349.00

118.91-132.17 158.80-175.58 217.16-269.71
Gop 111.67 + 27.45 149.75 + 37.47 243.03 + 53.63 <0.01>¢
[mg/dl] 58.00-198.00 71.00-245.00 114.00-326.00

105.90-117.44 141.79-157.72 216.75-269.31
G20 100.03 =+ 20.21 133.52 = 29.46 231.69 + 54.47 <0.01P<¢
[mg/dl] 51.00-139.00 72.00-194.00 105.00-346.00

95.79-104.28 127.25-139.78 205.00-258.38
I 6.76 + 8.18 12.50 + 20.36 15.70 £ 15.50 <0.01°<4
[nUl/ml] 2.00-55.00 2.00-154.00 2.00-57.90

5.04-8.48 8.17-16.82 8.10-23.29
I 65.38 & 55.50 80.15 + 56.93 63.38 + 58.96 <0.01%4
[WUY/ml] 12.00-293.00 16.80-300.00 15.00-233.00

53.72-77.04 68.04-92.25 34.48-92.27
Iso 72.22 + 67.32 99.60 + 69.67 87.14 + 73.39 <0.01><¢
[uUl/ml] 5.00-300.00 10.00-300.00 26.00-300.00

58.07-86.37 84.79-114.41 51.18-123.11
Iog 64.43 & 64.74 96.32 + 66.42 94.57 + 74.13 <0.01>4
[nUI/ml] 8.79-300.00 7.00-300.00 26.00-300.00

50.83-78.03 82.20-110.44 58.25-130.89
120 53.74 & 54.59 86.88 + 62.35 100.87 =+ 88.02 <0.01P4
[pUl/mlI] 3.76-300.00 7.00-300,00 20.00-300.00

42.27-65.22 73.63-100.14 57.74-144.00
AUC, 6968.43 + 6056.84 | 9772.55 & 6137.39 | 9101.12 + 7424.06 |<0.01>¢
[(LUV/ml) min]| 1248.60-31780.50 | 2055.00-31087.50 | 2385.00-30358.50

5695.68-8241.17 | 8467.79-11077.31 | 5463.33-12738.91
AUC 7452.76 £ 1591.46 | 9715.06 + 1967.07 | 14170.78 + 2956.88 | <0.01>¢

[(mg/ml) min]

4425.00-12435.00
7118.34-7787.18

5175.00-13905.00
9296.88-10133.24

7815.00-19650.00
12721.91-15619.65

“Statistically significant difference if p-value < 0.01.
YStatistically significant differences between control and prediabetic group.
“Statistically significant differences between control and diabetic group.
IStatistically significant differences between prediabetic and diabetic group.
“Control subjects are those who do not belong to any of the groups with pathology.
Average and standard deviation.
EMaximum and minimum value.
"95% confidence interval.

"The AUCg was calculated from the glucose values of 30, 60 and 90 min from OGTT since the
values of glucose of 0 and 120 min from OGTT are dependent variables of prediabetes and T2D

diagnosis.
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The two experiments using AUC; and AUCs were made as follow:

i. First experiment: The number of clusters used was set to k = 2, in order to see if the
algorithm is able to group the observations into subjects with and without T2D.

ii. Second Experiment: The number of clusters used was set to k = 3 to group
observations according to T2D, prediabetes and control group.

To evaluate the performance of k-means algorithm clustering to group T2D, pre-
diabetic and control subjects, the accuracy (ACC), precision (P) and recall (R) were
computed in each experiment [25].

2.3 Statistical Analysis
Two nonparametric statistical tests were used in this study:

i. The Kruskal-Wallis nonparametric statistical test was used to find significant dif-
ferences between groups of three or more variables.

it. The Mann-Whitney U test was used as post-hoc to determine the differences
between groups of two.

A p value less than or equal to 5% was considered to be statistically significant
[26]. The data in the text and in the tables are presented as values of mean and standard
deviation, minimum and maximum values and 95% confidence interval.

Table 2. Best clustering results for k = 2, k = 3, accuracy, precision, recall and SC

using AUC,.

AUC; SC 12D Prediabetic | Control
(n=16) n=85) |(n=287)

k=2 Cluster 1 (n = 162)|0.71 £ 0.19 | 14® 70° 78°

ACC = 0.798 87.5%" | 82.4%"° 89.7%"

P =049 Cluster 2 (n = 26) 2 15 9

R =050 12.5% | 17.6% 10.3%

k=3 Cluster 1 (n = 135)| 0.64 + 0.18 | 11 53 71

ACC = 0.55 68.8% |62.4% 81.6%

P=044 Cluster 2 (n = 12) 2 6 4

R =042 125% |7.1% 4.6%

Cluster 3 (n = 41) 3 26 12

18.8% |30.6% 13.8%

“Number of subjects belongs to the T2D group and classify to a respective cluster.
PPercentage of subjects belongs to the T2D group and classify to a respective cluster.
“Number of subjects belongs to the prediabetic group and classify to a respective cluster.
9dPercentage of subjects belongs to the prediabetic group and classify to a respective cluster.
“Number of subjects belongs to the control group and classify to a respective cluster.
Percentage of subjects belongs to the control group and classify to a respective cluster.
€To construct the confusion matrix for the calculation of accuracy, precision and recall, the
assignment of each cluster was made as follow: In the case of k = 2, the cluster 1 and cluster 2
were assigned as a predicted control-prediabetic and cluster 2 predicted T2D group,
respectively. In the case of k = 3, the cluster 2, cluster 3 and cluster 1 were assigned as s
predicted T2D, prediabetics and control groups, respectively.
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Table 3. Best clustering results for k = 2, k = 3, accuracy, precision, recall and SC

using AUCg.
AUCg SC T2D Prediabetic | Control
(n=16) (n=85) |(n=87)
k=2 Cluster 1 (n = 60) |0.60 £ 0.18 | 15 39¢ 6°
ACC = 0.768 93.8%" | 45.9%" 6.9%"
P =0.62 Cluster 2 (n = 128) 1 46 81
R =083 6.3% |54.1% 93.1%
k=3 Cluster 1 (n=78) [0.62+0.191 55 22
ACC = 0.70 63% | 64.7% 25.3%
P =0.65 Cluster 2 (n = 80) 1 16 63
R=0.75 63% |18.8% 72.4%
Cluster 3 (n = 30) 14 14 2
87.5% |16.5% 2.3%

“Number of subjects belongs to the T2D group and classify to a respective cluster.
®Percentage of subjects belongs to the T2D group and classify to a respective cluster.
“Number of subjects belongs to the prediabetic group and classify to a respective cluster.
9dPercentage of subjects belongs to the prediabetic group and classify to a respective cluster.
“Number of subjects belongs to the control group and classify to a respective cluster.
fPercentage of subjects belongs to the control group and classify to a respectively cluster.
£To construct the confusion matrix for the calculation of accuracy, precision and recall, the
assignment of each cluster were made as follow: In the case of k = 2, the cluster 2 and cluster 1
were assigned as a predicted control-prediabetic group and predicted T2D group, respectively.
In the case of k = 3, the cluster 3, cluster 1 and cluster 2 were assigned as a predicted T2D,
prediabetics and control groups, respectively.
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Fig. 1. Assignment of individuals (circles) to clusters for k =2 and k = 3, using AUC,. Fork =2,
red circles belong to cluster 1 and blue circles to cluster 2, while for k = 3, red circles belong to
cluster 1, blue circles to cluster 2 and green circles to cluster 3. Cluster centroids are represented

by the character X.
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3 Results

Table 1 reports the glucose and insulin values of the OGTT, the values of AUC; and the
modified version of AUCs for the subjects with prediabetes, T2D and the control
group. The database consists of 188 subjects, 46.6% belongs to the control group,
45.2% belongs to the prediabetic group and 8.5% endure T2D. Additionally, 25.9% of
the subjects from the prediabetic group suffer from IGT and IFG in concomitance.

Tables 2 and 3 show the best clustering results of AUC; and AUCg, additionally,
they report the silhouette coefficient, accuracy, precision and recall for k = 2 and k = 3.
In the case of k = 2, to estimate the accuracy, precision and recall, the control and the
prediabetics subjects were unified as one only group.

Figures 1 and 2 show the assignment of individuals to clusters for k =2 and k = 3,
using AUC; and AUCg, respectively, and the character X represents the centroids in
each cluster.
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Fig. 2. Assignment of individuals (circles) to clusters for k = 2 and k = 3 using AUCg. For
k = 2, red circles belong to cluster 1 and blue circles to cluster 2, while for k = 3, red circles
belong to cluster 1, blue circles to cluster 2 and green circles to cluster 3. Cluster centroids are
represented by the character X.

4 Discussion

Table 1 shows significant statistical differences in the ages between all groups. The
subjects with T2D show higher values of age than the prediabetic subjects, and these
have a higher age than the control subjects. This could indicate that the prevalence of
T2D as well as the risk of developing diabetes increase with age [27].
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On the other hand, the AUC; of the control and T2D subjects have not statistically
significant differences, nevertheless, in the AUCg, the T2D subjects have a higher
AUCg than the control subjects. All this indicates that control and T2D subjects have a
similar insulin production; however, that is not reflected in the metabolism of glucose.
This is consistent with researches that indicate the production of insulin does not ensure
the correct metabolization of glucose [28]. In the same sense, it could be observed that
prediabetic subjects have higher values of AUC; compared to control subjects. It was
also observed that the AUCg is significantly higher in the prediabetic subjects com-
pared to the control subjects. All this indicates that alterations in glucose absorption can
be seen even in a prediabetic phase [29].

The k-means clustering performed for AUC; and AUC presents acceptable results
since the SC is above 0.6 in all cases. In Table 2, it can be seen that the k-means from
the AUC; values are not able to differentiate between prediabetic, T2D and the control
subjects. In the case of k = 2, most of the T2D (87.5%), prediabetic (82.4%) and the
control (89.7%) subjects are located in cluster 1. In the case of k = 3, most of the T2D
(68.8%), prediabetic (62.4%) and the control (81.6%) subjects are located in cluster 2.
On the other hand, it can be stated that although the AUC; can identify the subjects
without T2D, which explains the high accuracy in the case of k =2 (ACC = 0.79), it
cannot detect the subjects with T2D, which it is reflected in the low recall and precision
values (P = 0.49, R = 0.50).All these indicate that the k-means method is not capable to
differentiate between prediabetic, T2D and control with the AUC; in this sample.

In Fig. 1, it can be observed that the subjects with higher AUC; are in the cluster 1,
and the subjects with lower AUC in the cluster 2, it is known that the higher AUC; is
related with the insulin resistance [30]. Insulin resistance is a condition that can appear
in normal subjects, prediabetics subjects, or T2D subjects indistinctly. These facts
suggest that the incapability of AUC; k-means clustering to differentiate subjects with
T2D and prediabetes could be due to the presence of insulin resistance in the three
groups that bias the results [30].

Table 3 shows that AUCs k-means clustering was able to classify the T2D, predi-
abetic and control subjects with accuracy and recall above 0.70 and precision above
0.60. Additionally, in the case of k = 2, in cluster 1 was located the 93.8% of the T2D
subjects and 45.9% of prediabetic subjects; in cluster 2 was located the 93.1% and
54.1% of control and prediabetics subjects respectively. The prediabetic subjects located
in cluster 1, 56% endure IFG and IGT in concomitance, also indicating that the k-means
method was able to differentiate those subjects with high probabilities of developing
T2D [30]. In the case of k = 3, it could be observed that 87.5% of the T2D subjects were
located in cluster 3, 72.4% of the control subjects were located in cluster 2 and 64.7% of
the prediabetic subjects were located in cluster 1. The 16.5% of prediabetics subjects
located in cluster 3 suffer from IFG and IGT in concomitance; also they have the highest
values of AUC; and AUCg. All these are in consistency with the findings with the
k = 2 k-means clustering, where it was observed that the k-means method classifies as
diabetic those subjects with high probabilities of developing T2D [31].
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5 Conclusions

The findings in this study indicate that the k-means applied in the AUC classify
subjects with T2D, prediabetes and the control group. Furthermore, it could even
predict those subjects with high probabilities of developing T2D.

On the other hand, it was observed that the classifier does not work in the case of
the AUC,. This could be due to the fact that the T2D and the control subjects could
produce comparable amounts of insulin, thus, the difference is not perceptible in the
insulin values but in the values of glucose, because although they produce insulin, the
correct metabolism of glucose does not occur. Another explanation is the presence of
other associated diseases such as insulin resistance in all groups that could be biasing
the results.

In this work, an unsupervised machine learning technique was used to identify
subjects with T2D and prediabetes, other machine learning techniques such as neural
networks and support vector machine will be explored in the future to assess the T2D
diagnosis. Additionally, since the increment of the age has a direct proportional rela-
tionship with the prevalence of T2D, it would be interesting to investigate machine
learning techniques using the age as a variable for the study.
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