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ABSTRACT

Introduction: Insulin infusion therapy is applied for all Intensive Care Unit (ICU) patients who have hyperglycaemia
regardless of diabetic history or status. Unfortunately, improper glycaemic control and patient dynamics may cause
hypoglycaemia episodes. The purpose of this study was to categorise ICU patients by considering potential variables
that may affect blood glucose for the effectiveness of insulin infusion therapy. Materials and methods: Thirty-three
diabetes mellitus ICU patients who received insulin infusion therapy and had at least 12 blood glucose readings
throughout their ICU stay were selected for this study. Variables of a fraction of inspired oxygen (FiO,) and mean
arterial pressure (MAP) were chosen for clustering this cohort using K-means and density-based spatial clustering
of applications with noise (DBSCAN) techniques. Results: he outcomes showed K-means produced four clusters for
each variable, while DBSCAN provides unstandardised clusters, nine for FiO, and four for MAP. K-means is more
ap-propriate for this cohort, validated by Silhouette analysis and clinically applicable cluster numbers for both vari-
ables. The clusters obtained from K-means for FiO2 were > 0.5, > 0.4, > 0.3, and < 0.3, while for MAP were > 98.5
mmHg, 86 mmHg, > 75 mmHg, and < 75 mmHg. Conclusion: The formation of these clusters is expected to improve
the effectiveness of the insulin infusion protocol while addressing personalised treatment for the categorised patients.
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INTRODUCTION

Patients react differently to the treatment they receive
in the intensive care unit (ICU) due to differences
in physiology. Commonly, most ICU patients may
experience stress-induced-hyperglycemia (SIH) during
their stay in the ICU due to the stress induced by the
disease. SIH happened to the ICU patient with or without
diabetes prior to the ICU admission. SIH occurs because
the disease affects the insulin sensitivity of the cells
and diminishes insulin secretion as stress hormones,
including adrenaline, and noradrenaline, are released.
These conditions elevate the glucose level in the blood
and cause hyperglycemia. Thus, it is crucial to control
the blood glucose level among ICU patients to avoid

more complications leading to ICU mortality (1-4).

Insulin infusion therapy is used to regulate blood
glucose levels in ICU patients using the sliding scale
approach, especially in Malaysia’s ICUs (5). Elliot Joslin
invented the sliding scale technique in 1934 (6,7).
Nonetheless, the current sliding scale only considers
the blood glucose levels in determining the insulin
dose, and it is a one-size-fits-all procedure for insulin
therapy which is used for ICU patients with and without
diabetes history. Moreover, the main drawback of the
sliding scale is that high hypoglycemia events occurred
during the treatment, which also led to mortality in the
ICU (6,8). Thus, categorising the patients based on their
diabetic background and introducing some clinical
variables may help to optimise insulin infusion therapy’s
effectiveness.

Hence, this study introduces new potential variables to be
considered for administering insulin, which are fraction
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of inspired oxygen (FiO,) and mean arterial pressure
(MAP), which are personalised for diabetes mellitus
(DM) ICU patients. ICU patients frequently experience
acute respiratory failure and sepsis during their stay
in the ICU. Lung injury is one of the acute respiratory
failures that necessitate oxygen support during their stay
(9-11). The high quantities of oxygen will influence
glucose metabolism and insulin sensitivity in patients,
resulting in hyperglycemia episodes. Additionally,
sepsis can cause sepsis-induced hypotension, which
decreases MAP levels and causes organ failure owing to
hypoperfusion (12,13). The body’s stress response will
be triggered by the high levels of FiO, and hypotension,
which result in the release of stress hormones. Hence,
the blood glucose levels will increase as stress hormones
are released in the body, which leads to SIH among ICU
patients.

The classification of FiO, and MAP are essential in
designing the new insulin infusion protocol to provide
efficient insulin treatment. Hence, the clustering
technique should be done on FiO, and MAP to obtain
the optimum cluster. There are many clustering
approaches available, such as K-means, hierarchical,
and density-based spatial clustering of applications with
noise (DBSCAN) clustering (14,15). This study employed
K-means and DBSCAN techniques to cluster FiO, and
MAP, and to evaluate appropriate techniques applicable
to the DM cohort in this study.

K-means clustering is the simplest clustering approach
and produces excellent outcomes (14,16,17). The
k-value of this method is obtained from an elbow-
shape graph, which indicates the cluster number.
Meanwhile, the DBSCAN technique provides optimal
results for large datasets (18-21). Before executing the
DBSCAN clustering, the neighbour number (minpts) and
Euclidean distance (g) threshold must be determined
(22,23). DBSCAN implemented a knee-shape graph to
obtain the Euclidean distance (k-distance).

MATERIALS AND METHODS

This study included 33 ICU patients with diabetes
mellitus (DM) from Hospital Universiti Sains Malaysia
(HUSM), who underwent insulin treatment and had
more than 12 blood glucose readings while in the ICU.
The Universiti Sains Malaysia Human Research Ethics
Committee (HREC) approved this study with an ethics
code of USM/JEPeM/16100402. MATLAB (version
R2020a) was implemented for data processing, analysis,
and clustering.

This study included 42% female patients with a median
age of 56 years old, as indicated in Table I. The cohort
of this study showed the median blood glucose was
10.4 mmol/L, which is considered hyperglycemia.
Furthermore, this cohort had a FiO, level median of 0.4,
which is slightly higher than the lung injury prediction

score (FiO, > 0.35) (9-11). However, the median MAP of
this cohort was 82.7 mmHg, which indicates the patients
are not within the sepsis category as the guideline for
sepsis-induced hypotension is MAP < 70 mmHg (13).

Table I: Demographic of the patients.

Characteristics Value*

Number of patients 33

Percentage of female (%) 42

Age (years old) 56 [48 - 61]
Blood glucose (mmol/L) 10.4 [8.3 —12.8]
Fraction of inspired oxygen, FiO, 0.4 [0.3-0.5]

Mean Arterial Pressure, MAP (mmHg)
* Median [IQR (25" — 75")] where appropriate

82.7 [75.0-91.0]

K-means provide the elbow-shape graphs for FiO, and
MAP, as shown in Fig. 1(A) and Fig. 1(B), respectively.
The y-axis and x-axis of the elbow-shape graphs were
used to represent the within-cluster sum of squares
(WCSS) and k value, respectively. The value of k is
derived based on a significant decrease observed in the
elbow graph (24). According to the significant decrease
in these graphs, both variables gave four k values,
indicating that four clusters were obtained from DM
patients. These cluster numbers were then utilised to
categorise this cohort’s FiO, and MAP values.

Fig. 1(C) and Fig. 1(D) depict the knee-shape from
DBSCAN clustering for FiO, and MAP. It is important to
make a sensible choice for the minimum point selection
in the study since there are no established criteria for
estimating the DBSCAN parameter (25). Therefore,
different minimum points of four and 10, which have
been used in this study to identify the most appropriate
point for the cohort. For the minimum point inside the
Euclidean distance, the number four was chosen as it
resulted in a significant number of clusters, as shown
in Fig. 2. FiO, had an epsilon value of 0.05 from the
Euclidean distance at the y-axis (k-distance), while MAP
had an epsilon value of 0.12. These epsilon values were
utilised to display the FiO, and MAP clusters acquired
from DBSCAN.

Fig. 1: Graphs of k-distance from K-means and elbow-shape graphs
from DBSCAN. K-means: (A) FiO2 and (B) MAP, and DBSCAN: (C)
FiO2 and (D) MAP.

Fig. 2 shows the flowchart of the DBSCAN technique
that utilised different minimum points at the beginning
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to decide which minimum point was more applicable
to these data. The epsilon values and cluster numbers
obtained differed when other minimum points were
applied. As shown in Fig. 2(B), the MAP resulted in one
cluster with a minimum point of ten, which indicates
more clusters need to be formed. This caused the
minimum point of ten to be rejected for FiO, and MAP

in this study.
. Minp‘ls=4 ‘ ‘ Minpts = 10 ‘

’ Minpts = 4 ‘ ’ Minpts = 10 ‘ ’

‘ £=0.05 ‘ ’ £=0.07 ‘ ‘ e=0.12 ‘ ‘ e=0.18 ‘

‘ Cluster number = 12 ‘ ‘ Cluster number = 6 ‘ ‘ Cluster number = 4 ‘ ‘ Cluster number = | ‘

A) (B)

Fig. 2: Flowchart of DBSCAN method. (A) FiO2 and (B) MAP.

RESULTS

FiO, and MAP have been linked to patients’ blood
glucose levels in an indirect way, yet they are easily
obtained at the patients” bedside. This study showed that
FiO2 had a weak negative correlation with blood glucose
(r = -0.06, p-value = 0.02), as well, MAP with blood
glucose (r = -0.09, p-value < 0.05). Even though these
variables had a weak correlation with blood glucose,
they had a significant correlation with a p-value < 0.05.

Fig. 3 depicts the FiO, and MAP clusters produced from
K-means and DBSCAN clustering in DM patients. The
FiO, clusters obtained from K-means and DBSCAN are
shown Fig. 3(A) and Fig. 3(C), respectively. K-means
clustering provided four clusters, while DBSCAN
clustering provided nine clusters, which were non-
coherent clusters with some outliers. However, from
Fig. 3(C), the DBSCAN provided an excessive number
of clusters; some clusters had identical FiO, values but
different blood glucose levels. For example, Cluster 4
and Cluster 5 in Fig. 3(C) had a FiO, value of 0.6, but
different blood glucose ranges of 4.8 — 13.6 mmol/L
and 14.7 — 16.1 mmol/L, respectively. This condition
defeated the objective of classifying the information into
a functional group.

The clusters for MAP from the K-means and DBSCAN
methods are visualised in Fig. 3(B) and Fig. 3(D),
respectively. Both methods provided four clusters for
MAP among DM ICU patients. However, DBSCAN
provided one large cluster and three small clusters. There
were also outliers marked in red due to the patients’
variability, as shown in Fig. 3(D). The MAP cluster
obtained from the DBSCAN technique also resulted in
non-coherent clusters as it formed the cluster based on
the dense data region. The large cluster from DBSCAN
is the MAP within 63 — 110 mmHg. The smallest cluster,

Cluster 2, has four members, as seen in Fig. 3(D). Cluster
2 is formed only between 10.0 — 11.3 mmol/L blood
glucose readings.

i

> @)

Fig. 3: Clusters obtained from K-means and DBSCAN techniques.
K-means: (A) FiO2 and (B) MAP, and DBSCAN: (C) FiO2 and (D)MAP.

From this study, K-means is a more appropriate
technique applicable to the DM ICU cohort. Hence, the
range of FiO2 and MAP clusters derived from K-means
are tabulated in Table II. The FiO2 range is FiO2 < 0.3,
FiO2 > 0.3, FiO2 > 0.4, and FiO2 > 0.5, while the MAP
range is MAP > 98.5 mmHg, MAP > 86.0 mmHg, MAP
> 75.0 mmHg, and MAP < 75.0 mmHg.

Table II: The cluster ranges of FiO, and MAP in DM patients.

:l?l:.i; Ctl:rs- Nor(rj\;atl;ised Absolute value Range
1 -1.42 t0 -0.99 0.25t0 0.3 <0.3

) 2 -0.45 to -0.14 0.35t0 0.4 >0.3
RO, 3 0.28 10 0.71 0.45t0 0.5 >0.4
4 1.14t0 1.57 0.55t0 0.6 > 0.5

1 1.19to0 2.84 99to 118 >98.5

(ml\;‘nA:g) 2 0.17t0 1.19 87 t0 98.33 > 86.0
3 -0.69t0 0.17 75.67 to 86 >75.0

4 -2.96 to -0.74 48.33t0 75 <75.0

Silhouette analysis was done on the K-means to validate
the separation distance between the clusters obtained
from this research. The graphs of Silhouette for FiO, and
MAP are visualised in Fig. 4. Silhouette’s score for FiO,
was 0.677, while MAP was 0.467, which is indicated as
a straight line (red) in the graphs.

™)

Fig. 4: Silhouette graphs. (A) FiO, and (B) MAP.

The thickness of the graphs for FiO2 fluctuated, which
can be seen in Fig. 4(A). This shows that the cluster size
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for FiO, is not similar in size, and the thinnest cluster
among FiO, is Cluster 4. Meanwhile, MAP had quite
similar thickness for three clusters, but it also had one
thinnest cluster similar to FiO,.

DISCUSSION

From this study, FiO, and MAP can be utilised to design
novel insulin infusion therapy as these variables have
a significant correlation with blood glucose. Hence,
introducing these potential variables can improve the
effectiveness and efficiency of the current sliding scale-
based insulin infusion therapy. Besides, hypoglycemia
events can be reduced during insulin treatment.

The findings showed that K-means is a more acceptable
approach for the DM ICU cohort in this study, as
K-means provided a standardised cluster for FiO,
and MAP. Meanwhile, DBSCAN formed an excessive
number of clusters and non-coherent clusters since it
developed the cluster based on the data density within
the Euclidean distance. This result makes it challenging to
utilise the cluster acquired from the DBSCAN technique.
Furthermore, this will increase the complexity of the
protocol when adopting insulin infusion treatment since
it has too many classifications. The main impetus for
this study is to improve the effectiveness of the insulin
infusion treatment by clustering the cohort and providing
effective insulin administration.

The cluster of FiO, > 0.3 obtained from this study is
closely equivalent to the lung injury prediction score
(FiO, > 0.35) (11). This cluster will facilitate the clinical
staff in deciding the insulin dose to be administered to
the DM patients, which will improve the effectiveness
of the insulin infusion treatment. Moreover, the MAP
cluster of <75 mmHg from this study is approximately
matched with the MAP score (< 70 mmHg) for sepsis-
induced hypotension (13). The MAP < 75 mmHg
from this study may also be a reference for nurses and
clinicians in implementing insulin infusion therapy for
sepsis DM patients. Thus, different groups will receive
appropriate insulin doses during their treatment in the
ICU.

The choice of K-means as the better clustering approach
in this study is validated by the Silhouette analysis
results. Silhouette’s score for FiO, and MAP was 0.677
and 0.467, respectively, and all clusters obtained
surpassed Silhouette’s score, indicating that all clusters
are practically acceptable. Furthermore, the K-means
clusters are well separated, with one relatively smallest
cluster for both variables.

CONCLUSION
The clustering method can be used to classify data

in order to assess the impact of potential variables in
establishing novel insulin infusion protocols. The

findings from this study showed that K-means clustering
is ideal for the DM cohort of this dataset compared to
the DBSCAN technique. K-means provided standardised
clusters for FiO2 and MAP compared to DBSCAN.
Furthermore, the potential variables of FiO2 and MAP
can be considered in developing a novel personalised
insulin infusion therapy to improve the effectiveness and
efficiency of the current insulin infusion protocol.
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