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1

Introduction

It is common for critically ill patients to experience increased levels of blood
glucose [1]. This is especially true in medical and surgical patients both with
and without diabetes [2], [3]. Glucose levels of 4.4 to 6.1 mmol/L are considered
normal [6], but in critically ill patients transient increases up to 11 mmol/L
was not considered to be harmful to health [4], [5]. Rather, it was seen as an
adaptive response to stress.

Figure 1: Results of rst Leuven study [6]. Mortality is much lower among
patients undergoing intensive insulin therapy.
The Leuven Intensive Insulin Therapy Trial [6] changed the perspective radically. Surgical Intensive Care Unit (ICU) patients were treated with insulin in
order to maintain blood glucose levels between 4 and 6 mmol/L. A 30 percent
decrease in mortality and 40 to 50 percent decrease in morbidity compared to
conventionally treated patients was observed, see gure 1. This spectacular result led to a wide adoption of intensive insulin therapy (IIT), not just in surgical
ICU patients, but also in general ICU patients.
However, the years following the rst Leuven Study saw several disapointing results concerning the benets of intensive insulin therapy. Subsequent randomized controlled trials held in dierent hospitals and in a larger, more general
groups of critically ill patients reported mixed results [7], [8], [9], [10]. More
often than not, patients treated with insulin did not have a signicantly lower
mortality.
There are several explanations for these contradicting results. First and foremost, IIT increases the risk of hypoglycemia: glucose values below the normal
range. Two randomized controlled trials had even been stopped prematurely
because of the high incidence of hypoglycemia in the experimental arm [8],
[9]. Since hypoglycemia is associated with worse outcomes, occurence of hypoglycemia might balance possibly positive eects of IIT. Indeed, even a single
episode of severe hypoglycemia is associated with an increased risk of mortality
[11],[12], independently of other cofounders. This has been demonstrated even
for normal glucose levels [13], [14], [15]. See gure 2.
A second explanation for the mixed results of IIT is that the quality of
glucose control is not just determined by the incidence of hyper- and hypo4

Figure 2: Hypoglycemia as marker of increased mortality. Mortality is lowest
among patients with a minimum glucose in the normoglycemic range [13].
glycemia. Glycemic variability is considered to be the last of the three `domains
of glycemic control' [19], [20], [21], [22]. Just like hypoglycemia, glycemic variability is independently associated with an increased risk of mortality. Figure 3
shows mortality rates of patients with dierent mean glucose during stay. For
all ranges of mean glucose, mortality is lowest in the lowest quartile of variability. Interestingly, this relationship is particularly strong for patients with mean
glucose in the normoglycemic range, see Figure 3.

Figure 3: Glycemic variability as marker of increased mortality. Figure shows
mortality per quartile of glycemic variability for dierent ranges of mean glucose.
To complicate things even further, the optimum within the three domains is
dependent on patient background: diabetic status greatly inuences the optimum glucose range. Relatively high glucose values may be optimal for diabetic
patients [36], [24]. A nal explanation for the mixed results is the dierence
in research design between the randomized controlled trials [16]. Sta experience, glucose target range and protocols used for achieving this target range
5

vary greatly. Methodological issues even led to doubts about the validity of the
original results from the Leuven trial, see [17].
Even today, 13 years after the rst Leuven Study, there is no absolute consensus
concerning the optimal goals of glycemic control and the best way to achieve
this goal. The dangers of both hyper- and hypoglycemia do suggest that extreme glucose values lead to suboptimal patient outcome. More recent results
show the existence of an u-shaped relationship between mean blood glucose and
patient outcome [25]. See Figure 4.

Figure 4: The u-shaped relationship between mean blood glucose and hospital
mortality [25]. Medical population left, surgical population right.
Given the complex nature of glucose control, standarized protocols governing insuline infusion according to a patients' need are of potentially great value
by improving patient safety and eciency while minimizing workload. This is
especially true for computerized clinical decision support systems (CDSS) [26],
[27], [28]. In order to minimize the risk of both hyper- and hypoglycemia, frequent measurements of blood glucose are necessary. This, however, And poses
an additional burden on patients either in the form of discomfort or blood loss
or both. It also increases the workload of the nurses. Measurement frequency
should therefore be dependent on the risk of dysglycemia by striking a balance
between being as frequent as needed for adequate control and being as infrequent as possible to minimize workload.
Glucose control algorithms can roughly be divided in 3 categories [29]. Perhaps the most elementary form is that of a ow chart. Simple if-then rules
lead to an advise on the optimal insulin pump rate as well as the next time for
measurement. This advice is typically based on the current glucose and glucose
trend. A protocol of this type was used in the rst Leuven Study [6]. A more
advanced class is that of the Proportional-Integral-Derivative (PID) algorithms.
These algorithms attempt to correct blood glucose values `on the go'. This is
typically done by changing the control parameter, insulin value, proportional
to a linear combination of the deviation from target glucose, glucose trend and
the sum of historical deviations. The nal and most complicated class is that of
6

the predictive controllers. Algorithms of this type seek to model the dynamics
of blood glucose and administered insulin in the human body and are therefore
bound to be complex.
In this project, we will discuss two algorithms. The rst is GRIP, a PD-type
algorithm (lacking the integral part) developed at the university Universitair
Medisch Centrum Groningen (UMCG), and is now in use in several ICU in the
Netherlands. The second is a ow chart algorithm originating from the Onze
Lieve Vrouwe Gasthuis (OLVG) hospital.

1.1 GRIP algorithm
The rst subject of our studies is an algorithm called Glucose Regulation in
Intensive care Patiens (GRIP) [32]. Designed by Vogelzang, Nijsten and Zijlstra approximately a decade ago, the algorithm takes a patient's blood glucose,
glucose trend and previous insulin doses as input. Glucose measurements are
performed with a point-of-care blood gas analyser (BGA), while the insulin is
administered by a continuous pump. Measured glucose values and insulin rate
are used to compute a recommendation both for the new optimal insulin pump
rate as well as the time at with the next glucose measurement should be taken.
At the heart of the insulin recommender lies the following equation. On time t,
the proposed change in insulin pomp is determined by [31]:

∆I = (1 + 0.25 · I4h ) · 0.3(G(t) − Gtarget ) + 0.2∆4h G ,

where I 4h is the average insulin pump rate during the last 4 hours, G(t) is the
current blood glucose value, and ∆4h G is the change in blood glucose value
between now and 4 hours ago. We note the following things. First of all, the
proposed change ∆I increases with increasing average insulin over the past 4
hours. The latter is denoted by I4h . Furthermore, blood glucose above the
target value also leads to a higher pump rates, whereas too low levels naturally
lead to a lower ∆I . Finally, an upwards (downwards) glucose trend represented
by a positive dierence with the (interpolated) glucose 4 hours ago leads to a
higher (lower) insulin advice. The through (1) calculated insulin advice is then
proportionally decreased in case of a recently lowered glucose intake. In case
the insulin advice is given within 4 hours of a patients' admission to the ICU,
GRIP wil increase the insulin advice in precence of insulin resistance causing
patient characteristics.
Directly after calculating the pump update, GRIP recommands the time to the
next measurement. First, three provisional advices are calculated. These are
based on the estimated risk of hypoglycemia, current and extrapolated glucose
levels and the new insulin advice, respectively. The actual time advise is than
taken to be the minimum of the three provisional advises.
We will look at the quality of glucose control achieved by GRIP by calculating typical metrics of glucose control. Furthermore, we will perform a sensitivity
analysis of GRIP's performance based on various inputs used. Finally, we will
compare GRIP with the algorithm used by OLVG. We will do this based on
historical data.
7

1.2 OLVG algorithm
The other algorithm we will investigate is a paper-based ow chart type used
by the Onze Lieve Vrouwengasthuis (OLVG) hospital. Rood et al. previously
reported on the implementation and performance of the algorithm [27]. The
rst part of the ow chart as published in the aforesaid paper can be seen in
Figure 5. Based on glucose as well as relative glucose change since the previous
measurement and current pump rate, the algorithm advises on the new optimal
pump rate as well as on the next time a glucose measurement should be taken.
In contrast with GRIP as well as the Leuven protocol, the algorithm does advise
a bolus of insulin in case of hyperglycemia.
We will analyse the algorithm based on the data from a randomized controlled
trial in 178 ICU patients made available to us. The purpose of this trial was
to compare glucose control using (1) measurements by a point-of-care (POC)
ngerprints with (2) measurements made by a continuous monitoring (CGM)
device. This comparison is motivated as follows. For optimal control over the
three domains of glycemic control, a clear picture of a patient's blood glucose
is essential. This makes the recent development of (semi-) continuous measurement devices very promising. Both the achievement of glucose control and the
assesment of its quality are potentially greatly improved by a very frequent
measurements. However, the accuracy of measurements is also important. This
poses a challenge for continous monitoring systems. We will investigate the
accuracy of the system used during this trial. We will also look at compliance
with the OLVG-algorithm, and simulate its behaviour in a CGM-context. This
can be seen as a rst step towards the revision of the algorithm for usage in
combination with CGM.

8

Figure 5: First part of the OLVG algorithm.
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Data analysis

This chapter is devoted to the process of exploring, cleaning and analyzing the
two datasets used. We will start by exploring the GRIP and the OLVG dataset.
Then, a comparison is made of the glycemic control achieved by the algorithms.
In section 2.4, the accuracy of the continuous glucose measurement (CGM)
device used in the OLVG trial is assesed. Finallly, we perform a senstivity
analysis of both algorithms by analyzing the inuence of the current blood
glucose values and insulin pump rates on future glucose levels.

2.1 GRIP data
The analysis of GRIP is done based on a dataset of over 8 million `events'.
Each event consists of the encrypted patient ID, type of record (e.g. glucose
measurement), value (e.g. 7 mmol/L), and the event time. The data was collected in 13441 patients admitted to the ICU. Not all records are relevant to
our analysis. Of rst interest is the glucose and insulin data. GRIP also uses
data on patient background (BMI, diabetic status, reason of admission) and on
the administered enteral and parenteral feeding. Together with the glucose and
insulin data, these comprise approximately 67 % of the dataset. As an example,
all glucose measurements made within a particular patient can be seen in Figure
6.

Figure 6: Glucose and insulin data for a single patient.
We will rst have to preprocess the data before starting with the actual
analysis. The rst issue we encounter is the occurence of 307 pairs of glucose
records made within the same patient and with the same time stamp but with
a dierent glucose value. These records were indeed dierent samples. The
recorded times coincide because one of these records was made in a sample sent
to the central laboratory. This changes the recorded time of the measurement.
There is no way to determine which one of the two was actually made at the
particular time and which one was made earlier. Fortunately, the dierence
between the pairs was typically at most 0.5 mmol/L. We therefore decided to
10

replace each pair by the mean of the two.
The second issue is the occurence of outliers. Extreme glucose values are to be
expected considering the nature of the patient population. A number of records
however, appears to be clinically impossible. See Figure 7 for an example. We
rst select all glucose records which are potentially incorrectly led by looking
at the dierence between values made within 24 hours of each other, as well as
the absolute deviation from normoglycemia. Visual inspection of the resulting
46 glucose values leads to the elimination of 15 (<0.01%) denitely clinically
impossible values. Note that this is a very small number compared to the size
of the whole dataset.

Figure 7: All glucose and insulin data for a single patient.

The decisions on how to counter the rst two issues are not of vital importance for the analysis because of the small size of the involved data. This
is dierent for the third issue: data recorded in readmitted patients. We are
facing two choices: using these corresponding data for analysis, or excluding
them. Including the data leads to an overrepresentation of the patients who
were readmitted. Excluding the data, on the other hand, introduces a bias towards survivors. It also means loss of valuable data. The database contains
188127 (37%) of all glucose data recorded in readmitted patients.We decided to
adhere to convention and exclude all data collected during readmissions.
As the fourth step in data preprocessing, we looked at missing values. There
are sample numbers missing, but this will not hinder our study. We did have to
deal with lacking IDs in 46 (<0.01%) glucose and 11681 (2.7%) insulin records.
Because we have no reason to suspect a bias in the data with missing ID± and
there is no feasonable way to recover the ID±, we omit these records.
11

2.2 OLVG data
We will perform a retrospective analysis of the data collected during a randomized controlled trial previously described by Boom et al. [33]. The goal of the
study was to compare the quality of Intensive Insulin Therapy (IIT) guided by
subcutaneous continuous glucose measurements on one hand, with IIT guided
by frequent point of care measurements on the other. Primary endpoints were
incidence of severe hypoglycemia (glucose below 2.2 mmol/L) and percentage
of time in target range (5 to 9 mmol/L).
Patients included in the intervention group were monitored by a subcutaneous continuous glucose monitor [CGM] (FreeStyle Navigatorr, Abbott Diabetes Care, Alameda, CA, USA). Every 10 minutes, a glucose reading is saved.
During the trial a glucose reading was used only when the algorithm required a
new input. Also, the CGM generated an alarm in case of dysglycemia, and the
reading at that time was also entered in the algorithm, resulting in a new advice.
The control group was monitored using an Ppoint-Of-Care [POC] device (the
Accu-Chek rRoche/Hitachi, Basel, Switzerland) monitor. Additionally, in all
patients glucose was measured six times a day using a blood gas analyser [BGA]
(Radiometer, Copenhagen, Denmark). Whereas the accuracy of both the CGM
and POC devices is not perfect, a BGA measurement is considered to be the
`gold standard' of glucose monitors in terms of accuracy.
The study by Boom et al. was the second randomized controlled trial in
which CGM-measurements were used for glycemic control in critically ill patients. The rst study reported less severe hypoglycemia in the CMG group
[34], whereas Boom et al. did not. A possible explanation is the use of a
higher target range by Boom and collegues [33]. We will analyse the quality of
glycemic control during the study and make a comparison with the data from
UMCG. Also, we will look at the accuracy of the CGM. Finally, we will perform
an dynamic analysis of the OLVG-algorithm.
The data for our analysis was collected in 178 patients. Of those, 87 (49%)
were included in the intervention (CGM) group, 90 (51%) belonged to the control (POC) group, see Table 1. One patient was not included in any group
because of a randomization error. For these patients, the following data is
available: glucose measurements (either CMG or POC) used as input for the
algorithm, CMG readings every 10 minutes, BGA-measurements made 6 times
per day and the insulin pump rates and boluses administered. The dataset also
includes categorical data on the use of steroids, diabetical status, and BMI.
Figure 8 shows all data for a particular patient included in the CGM-group.

2.3 Glycemic control
Our rst goal is to assess the quality of glycemic control achieved by both algorithms. For GRIP, this was done before in a smaller patient population [32]
[35]. We will also compare the results obtained by both algorithms.
Adequate glycemic control comes down to controlling the three domains: hyperglycemia, hypoglycemia and glycemic variability [36]. There is an abundance
12

Patients
CGM-measurements
glucose input
insulin
pump
bolus

Total
178 (100%)
70531
14461

CGM-group
87 (49%)
37572
8346

POC-group
90 (51%)
32959
6055

14461
648

8346
354

6055
292

Table 1: Main contents of the OLVG-dataset.

Figure 8: Data for a single patient included in the CGM-group.

of metrics available to test each of these three domains [37]. Unfortunately, a
lack of consensus on the `best' metrics is hampering the comparison of research
results [38], [39]. We decided to use the metrics used in the original GRIP paper [32]. The result can be seen in Table 2. All glucose statistics are based on
BGA-measurements. Two points should be taken into account when comparing
the data from Table 2. First, the density of GRIP measurements is dependent
on the (estimated) risk of dysglycemia, whereas the OLVG measurements are
taken on xed times with the sole purpose of calibrating the CGM. Secondly,
the two algorithms use dierent target ranges. GRIP originally aimed to keep
glucose between 4.5 and 7.5 mmol/L. In 2009, the upper limit to 8 mmol/L.
OLVG aims higher: at the 5 to 9 mmol/L range.
GRIP achieves a higher time in range (Table 1) and less moderate hypoglycemia
as well as less hyperglycemia (Table 2). In constrast to the GRIP patients, no
severe hypoglycemia was recorded among OLVG patients. This could be explained by the smaller size of the OLVG dataset and the higher range. Table 3
shows that OLVG patients receive more insulin than GRIP patients.
13

Indicator
First glucose measurement
Glucose change in rst 24 hours
Glucose after 24 hours
% of time in range [5, 9]
Hyperglycemic index (mmol/L)
Number of algorithm measurements per day
Number of BGA-measurements per day
Time weighted glucose

OLVG (AC)
8.8 [7.9, 10.4]
0.6 [0, 1]

9.7 [8.5, 10.9]
69%[49%, 88%]
0.24 [0.07,0.69]
7.1 [5.9,8.7]
7.0 [5.9, 8.4]
8.1 [7.6,9.1]

OLVG FS
8.1 [6.7, 9.7 ]

GRIP
7.2 [5.9, 9.5]

0.9 [0, 1]

0 [−1.4, 2.1]
7.2 [6.4, 8.2]

8.7 [7.5, 10.2]
74% [52%,92%]
0.17 [0.01,0.65]
7.2 [6.5,8.0]
7.1 [6.4, 7.8]
7.9 [7.2,8.8]

89% [71%,100%]
0.04 [0.0,0.28]
6.6 [5.0, 8.6]
6.6 [5.0, 8.6]
7.3 [6.7, 8.1]

Table 2: All glucose statistics are median [IQR] and in mmol/L.
Glucose at least one in range:
[0, 2.5) mmol/L
[0, 5) mmol/L
(9, ∞) mmol/L
Total: [0, ∞) mmol/L

OLVG (AC)
0 (0%)
20 (27%)
59 (81%)
73 (100%)

OLVG (FS)
0 (0%)
29 (38%)
59 (77%)
77 (100%)

GRIP
158 (1%)
3510 (24%)
7477 (52%)
14394 (100%)

Table 3: Percentages of patients experiencing at least one episode of dysglycemia. Any dysglycemia within 6 hours of admission was specically not
taken into account.

2.4 Accuracy
We will analyse the accuracy of the Freestyle continuous glucose by comparing the continuous data with the measurements made by a blood gas analyser
(BGA). We used the following approach. First we collected all 2934 BGAmeasurements. Subsequently, we nd for every BGA-measurements the the
closest CGM measurement. Following [40], we select all pairs for which the
time dierence between the BGA and the CGM measurement was at most 10
minutes and for which the BGA measurements are at least 15 minutes apart.
This results in 2769 BGA-measurements and the corresponding 2769 closest
CGM-measurements available. The median absolute time dierence between
the BGA and FreeStyle pairs is small: 2 minutes with an IQR of 1 to 4 minutes.
All BGA and FreeStyle measurements for a patient from the CGM group can
be seen in Figure 9.
Naturally, the absolute dierence between the measured (here CGM) and
the actual (BGA) glucose should be small. But what matters in the end is
whether the clinical decision based on the glucose measured glucose is close to
what would have been done based on the actual glucose. The relative dierence
is much more important in this respect. The Clarke Error Grid (CEG) was
developed to quantify the clinically relevant dierence between a set of `true'
reference glucose values and the corresponding measured values. The CEG is
made by splitting the x-y (reference value - estimated value) plane in 5 regions:
A to E. Measurement pairs consisting of a reference and measured value contained in region A are marked as good. Region B contains estimations in which
the error made would not lead to inappropriate treatment. The next regions
each correspond to a worse estimation, leading to an unacceptable dierence in
treatment.
We perform a Clarke Error Grid analysis to asses the accuracy of the FreeStyle
14

Indicator
Time weighted insulin pump
Time weighted bolus
Time weighted total insulin
Average number of pump changes per day

OLVG
2.1
0.2
2.3
7 [4, 8]

GRIP
1.5
0.0
1.5
5 [2, 8]

Table 4: All insulin statistics are in inuline units per hour, rounded to 1 decimal
place.

Figure 9: Data showing a suboptimal agreement between FreeStyle measurements BGA measurements.
device. The results are shown in Table 5 and Figure 10. Overall, most measurement pairs fall into the 'A' region. Still, almost 30 percent of all measurements
is contained in regions B to E. The FreeStyle device seems to underestimate glucose, especially in the hyperglycemic range. The resulting errors are contained
in the D-region (on the middle-right). There are also quite some errors made
when the FreeStyle device overestimated very low glucose values. These cases
are contained in the left D-region. C-errors are rare, because they correspond to
underestimation (lowest C-region) or overestimation (highest C-region) of normoglycemic values. Table 5 shows that accuracy is worse when actual glucose
is dysglycemic.
We also analysed the accuracy of Accu-Chek measurements and the agreement
between Accu-Chek and FreeStyle measurements. The latter is comparable to
the agreement between BGA and FreeStyle, the former is quite good. See Figures 11 and 12.
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BGA-measurement
[0, ∞)
[0, 4.5)
[4.5, 6)
[6, 9)
[9, 12)
[12, 14)
[14, ∞)

Number (%)
2769 (100 %)
65 (2.3%)
320 (11.6%)
1622 (58.6 %)
645 (23.3%)
75 (2.7%)
42 (1.5 %)

A
70.3
56.9
78.1
74.4
63.4
38.7
38.1

B
28.5
23.1
21.6
25.6
36.3
50.7
40.5

C
0.0
0.0
0.3
0.0
0.0
0.0
0.0

D
1.1
20.0
0.0
0.0
0.0
10.7
21.4

E
0.1
0.0
0.0
0.0
0.3
0.0
0.0

Table 5: Results of the Clarke Error Grid analysis: BGA versus Freestyle.

Figure 10: The Clarke Error Grid containing all 2769 pairs of BGA and FreeStyle
measurements.

3

Sensitivity analysis

Recall the main equation of the new advice calculated by GRIP, see page 6. We
will perform a senstitivity analysis by studying the inuence of the three inputs
on future glucose levels. That is, given the data used by the algorithms on time
t = 0, what are the chances of a the next glucose measurement being in the
dysglycemic range?

3.1 GRIP
We start by looking at the average insulin preceding the advice (Table 6). The
risk of hyperglycemia seems to be an asymmetric u-shaped function of previous
insulin rate. The highest percentage of hyperglycemic measurements are seen
after high insulin infusions. This is not too surprising, since such high doses
are naturally the result of earlier hyperglycemia. However, this does indicate
that a more aggressive approach may be benicial. Especially since the very
16

Figure 11: The Clarke Error Grid containing all measurement pairs of Accucheck
and FreeStyle with time dierence at most 10 minutes.

Figure 12: The Clarke Error Grid containing all 889 pairs.
high insulin doses do not seem to be followed by an sharply increased risk of
hypoglycemia. In contrast, the risk of hypoglycemia is the biggest in patients
who previously recieved either no insulin, or 4 to 6 insulin units per hour.
Hyperglycemia is also relatively common in patients who recieved no insulin.
The second input parameter of GRIP is the dierence between the last glu17

I4h

0

(0, 2]
(2 − 4]
(4, 6]
(6, 8]
(8, 10]
(10, 12]
(12, ∞)

Total

Total
35.61
30.4
18.8
8.1
3.5
2.9
0.4
0.3
100

G>8

G > 15

38.6
32.9
27.2
26.8
27.8
42.8
67.1
75.8
33.7

4.9
0.8
0.7
1.0
1.4
1.7
3.53
9.4
2.3

G<4

1.5
0.6
0.8
1.2
0.8
0.3
0.2
0.1
1.0

G < 2.5

0.11
0.05
0.04
0.06
0.04
0.04
0.09
0
0.07

Table 6: Discretized average insulin versus risk of hyper- and hypoglycemia.
The `Total` column gives the percentage of glucose records with previous I−4h
in the corresponding interval. The `Total` row shows the percentages of glucose
records within the corresponding range.

cose measurement and the target value. We will simply look at the last glucose
in order to make the relationship with future glucose values easier to appreciate. As expected, lower (higher) previous glucose values correspond to lower
(higher) new glucose values. The only interesting observation here is that very
low glucose values (below 2.5 mmol/L) are occasionally followed by a high glucose value. This is probably due to an acutely increased glucose intake.
G0
[0, 4.5]
(4.5, 5.5]
(5.5, 6.5]
(6.5, 7.5]
(7.5, 8.6]
(8.5, 10.5]
(10.5, 14.5]
(14.5, 21.5)
[21.5, ∞)

Total
1.2
8.2
19.3
26.8
18.2
15.3
8.1
2.5
0.4

G>8

15.3
13.2
13.9
16.9
31.8
63.1
87.4
94.5
96.8

G > 15

1.4
0.4
0.2
0.2
0.3
1.1
5.9
46.1
86.5

G<4

26.7
2.8
0.5
0.5
0.6
0.6
0.4
0.5
0.4

G < 2.5

2.33
0.11
0.03
0.03
0.03
0.05
0.04
0.04
0.09

Table 7: Discretized target dierence versus risk of hyper- and hypoglycemia.

Finally, we look at the glucose trend over the last 4 hours represented by

∆−4h G = G0 − G−4h . Table 8 shows that an upward trend corresponds to

an increased risk of hyperglycemia, while an downward trend corresponds to
an increased risk of hypoglycemia. The converse is not necessarily true: a
strong downward (upward) trend also increases the risk of hypoglycemia (hypoglycemia). However, this relationship is not as clear as its more obvious
counterpart. We conclude that in general, very strong trends in glucose values
lead to an increase in risk of both hyper- and hypoglycemia.
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G0 − G−4h
(−∞, −3)
[−3, −1)
[−1, 0)
[0, 1)
[1, 3)
[3, ∞)

Total
6.4
17.1
26.4
29.5
15.2
5.5

G>8

36.6
29.1
24.5
27.7
50.7
77.8

G > 15

4.4
1.6
1.4
1.0
2.6
13.2

G<4

3.3
1.5
0.1
0.5
0.7
0.8

G < 2.5

0.22
0.09
0.07
0.03
0.03
0.09

Table 8: Discretized glucose trend over the last 4 hours versus risk of hyperand hypoglycemia.

3.2 OLVG
The sensitivity analysis of the OLVG algorithm is based on the average insulin
over the previous 4 hours and current glucose. Table 9 shows that higher pump
rates are followed by higher incidence of hyperglycemia. This is to be expected
because the algorithm advises more insulin exactly when glucose is higher. Note
that the incidence of hypoglycemia is slightly higher than average in case of a
high insulin pump. This suggests that a lower pump might have been optimal.
I 4h \ G1
all: [0, ∞)

0

(0, 3]
(3, 6]
(6, 9]
(9, 12]
(12, ∞)

all: [0, ∞)
100
17.3
53.5
20.6
6
1.8
0.8

[0, 4.5)

3.9
5.1
3.7
4.4
6.2
4.2
6

[4.5, 6)

16.5
21.1
17
14.9
11.8
15.9
21.6

[6, 9)

53.7
55.4
54
50.8
58.8
61.4
49.1

[9, 12)

21.9
15.5
21.4
25.2
19.7
14.8
19

[12, 14)

2.8
1.9
2.7
3.1
2.2
2.7
0.9

[14, ∞)

1.3
1.1
1.1
1.6
1.3
1.1
3.4

Table 9: Inuence of average insulin pump rate during the hours preceding G0
on the value of G1 .
Table 5 shows that a measurement in a given glucose range is most likely
followed by yet another measurement in that particular range. We also looked at
the inuence of BMI, diabetic status on the incidence of dysglycemia. This did
not result in any signicant results. We also did not nd a statistically signicant
relationship between prednisone administration and dysglycemia. However, we
only had binary data, indicating whether a patient was treated with prednisone.
This made it impossible to establish a possibly dose-response relationship.
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G0 \ G1

all: [0, ∞)
[0, 4.5)
[4.5, 6)
[6, 9)
[9, 12)
[12, 14)
[14, ∞)

[0, ∞)

100
3.9
16.3
53.4
22
2.9
1.4

[0, 4.5)

3.9
53.5
8
0.7
0.4
0.2
0

[4.5, 6)

16.5
32.6
55.1
10.5
2.5
1.4
1

[6, 9)

53.7
12.7
34.3
74.2
34.2
10.2
9

[9, 12)

21.9
1.1
2.2
13.5
56.7
48.7
22.6

[12, 14)

2.8
0
0.3
0.8
4.8
30.2
28.6

[14, ∞)

1.3
0.2
0.1
0.3
1.3
9.3
38.7

Table 10: Inuence of glucose at the time of advice G0 on next glucose G1 .
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4

Dynamic Analysis

In this chapter we look at how compliant the actual insulin therapy is with the
regime prescribed by the protocol. First we study the compliance to the insulin
advice, then compliance to time advice. This is done by running the OLVG
algorithm on the data of all 178 patients. We implemented the algorithm in
Matlab, and this way calculated the advice at each time the insulin pump was
adjusted during the study. Finally, we compared this advice with what actually happened. After looking at compliance, we try to simulate the algorithms
behaviour in a near-continuous setting (section 4.3).

4.1 Insulin compliance
Nurses followed advised pump rates by the algorithm 53.6% of all cases. Adherence to the protocol is better in some patients than in others: mean (SD)
compliance time per patient was 46.8 (20.5 %), see Figure 13. Compliance in
the CGM-group is 56.6% versus 49.9 % in the POC-group. Overall, the time
averaged total insulin (pump and bolus) as dictated by the algorithm does not
dier much from the time weighted actual insulin, see Table 11. The amount of
insulin per individual patient is also similar (Table 12).
Clear dierences do occur when distinguishing between dierent glycemic ranges
used by the algorithm, see Figure 14. Compliance is relatively high for glucose
values within the target range, but low outside the target range. Figure 15
shows the direction of deviation. Given a hypoglycemic measurement, the actual insulin dose is on average higher than advised. Given a hyperglycemic
measurement, the actual insulin is typically lower. Non-compliance might in
principle be advantageous. In that case the algorithm should be changed. It
can also be suboptimal when the advise would have led to better glucose control. Table 13 suggest that more often than not, the latter is the case. Giving a
higher dose than advised increases the chance of hypoglycemia. Giving a lower
than advised doses increases the chance of hyperglycemia. For the available
trial data, we have for example:
7
P ( Severe hyper |I < Iadvies )
≈ = 1.75,
P (Hyper)
4

and

8
P (Severe hypo|I > Iadvies )
≈ = 2.00.
P (Severe hypo)
4

This result should be carefully examined. From Figure 15, we know that the
administered insulin, on average, exceeds the advised insulin. From our sensitivity analysis, we know that a hypoglycemic measurement is often preceded by
another hypoglycemic measurement. Therefore, drawing conclusions from the
statistics in Table 13 is not as simple as it may seem. Nevertheless, giving a
lower insulin dose increases, ceteris paribus, future glucose values. If the future
glucose turns out to be too low, a lower dose would have been better. We therefore conclude that better compliance to insulin advice in the dysglycemic ranges
would lead to a possible improvement in the quality of glycemic control.
.
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Figure 13: Distribution of compliance time per patient.
I pump
I bolus

Total insulin

Actual
2.12
0.16
2.28

Advised
2.11
0.13
2.24

Table 11: Time averaged insulin (IU/h).

4.2 Time compliance
On average, one measurement is made every 127 minutes. The average advised
time to the next measurement was 83 minutes. This corresponds to an average
of 11.3 and 17.3 measurements per day, respectively. Hence, glucose is measured less often than advised. In general, time compliance is low. In only 17
percent of all advices, the next measurement time falls within 10 minutes of the
adviced time. Compliance to the time advice is higher given a dysglycemic last
measurement, see Figure 16. According to this retrospective analysis, glycemic
range is related to time compliance by a U-shaped curve. Figure 17 shows just
how much the mean deviation of the time advice is. In the hypoglycemic range,
measurements are later than advised. In the normoglycemic range and higher,
the measurement times are on average closer to the adviced times.

4.3 Input frequency
For the experimental group, insulin advice was based on the FreeStyle measurements on times, adviced by the algorithm as well. However, these measurements
were made much more frequently, namely every 10 minutes. We can use these
measurements to calculate the hypothetical insulin advice for time intervals
22

I pump
I bolus

Total insulin

Actual
2.22 (1.85)
0.26 (0.39)
2.48 (2.03)

Advised
2.23 (1.80)
0.21 (0.35)
2.44 (2.00)

Table 12: Mean (SD) per patient Time averaged insulin (IU/h).

Figure 14: Compliance to insulin advice per glycemic range.

Total
% of G1 ∈ [0, 4)
% of G1 ∈ [4, 6)
% of G1 ∈ [6, 9)
% of G1 ∈ [9, 12)
% of G1 ∈ [12, ∞)

All
100.0
4
17
54
21
4

It0 < I0advice

29
1
10
50
32
7

I0 = I0advice

43
4
18
60
15
3

I0 > I0advice

28
8
22
49
19
2

Table 13: Compliance: insulin. We divide glucose measurement values G1 in
5 dierent subintervals, [0, 4) to [12, ∞). For every range, we list the number
of cases contained in this subinterval. Also, we list the percentage of times the
preceding insulin rate was lower than, equal to, or higher than the adviced rate.
For example, 4% of the glucose measurements was below 4 mmol/L. Of these
measurements, in 29%, the preceding insulin rate was lower than the adviced
insulin rate.
shorter than the advised time. This simulates the behaviour of the algorithm
when used in combination with a CGM. In this section we will analyze the behaviour of the algorithm when a new glucose value is given every 30 minutes.
23

Figure 15: Deviation I − Iadvice per glycemic range.
Total
[0, 4.5)
[4.5, 6)
[6, 9)
[9, 12)
[12, ∞)

All
100.0
4
16
53
22
4

Early
37
4
22
39
52
32

On time
17
32
15
15
18
28

Late
46
63
63
47
31
40

Table 14: Compliance: time. Early: at least 10 minutes early, on time: within
10 minutes (before or after) advice time, late: at least 10 minutes later than
advice.
Table 15 shows that, on average, the algorithm advises higher pump rates when
feeded 30 minutes. Table 16 shows that there are sharp dierences in mean
pump rate per patient. Visual inspection of individual patients shows why. The
algorithm's advice is, besides glycemic range, based on the relative change in
glucose compared to the previous measurement. A simple example is the advice
when the current glucose is higher than 14 mmol/L. If this value is lower than
the previous measurement, but the decrease is at most 40%, the pump should
be increased with 2 U/h. If the decrease is more than 40%, the current pump
rate should not be changed. This treshold of 40% is based upon an time interval of at least an hour. Naturally, the treshold will be passed less frequently
when reducing the interval to half an hour. This is true in general: the relative changes used by the algorithm should be decreased in order to make the
algorithm sensitive enough to detect changes within 30 minutes. Perhaps the
most evident change would be to convert the percentages to the change in 30
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Figure 16: Percentage of measurements compliant (within 10 minutes) of advised measurement time. Glycemic range indicates glucose value at the moment
the time advice was given.
minutes which would, when extrapolated to the original time interval, amount
to the original change. For example, a decline of 40 % over an hour corresponds
to an approximate decline of 22.5% over half an hour.
Another possible update of the algorithm would be to smooth the CGM trace.
This can be done by using the moving average of, or linear regression on the last
couple of measurements in stead of the last measurement. This method also has
the advantage of incorporating all data available from the CGM-device.
I pump
I bolus

Total insulin

Actual
2.11
0.17
2.27

Advised
2.05
0.11
2.16

Every 30 m.
2.94
0.11
3.05

Table 15: Time averaged insulin (IU/h) during study.

4.4 Comparison: actual GRIP and simulated OLVG advice
The comparison between GRIP and OLVG made in chapter 2 was made by
comparing the same metrics calculated for two dierent data sets. Hence, this
approach assesses the performance of both algorithms in dierent patients. The
comparison is therefore only valid in case of comparible datasets. Unfortunately,
the datasets are quite dierent in terms of characteristics of included patients
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Figure 17: Deviation of time advice. Glycemic range indicates glucose value at
the moment the time advice was given.

I pump
I bolus

Total insulin

Actual
2.23 (1.79)
0.23 (0.42)
2.46 (1.98)

Advised
2.17 (1.74)
0.18 (0.44)
2.35 (1.98)

Every 30 m.
3.44 (7.25)
0.21 (0.75)
3.66 (7.54)

Table 16: Mean (SD) time averaged insulin (IU/h) during study per patient.
and recorded parameters. Concerning the latter: the GRIP dataset is a lot
`richer' than the OLVG dataset.
In this section we present a comparison of the algorithms based on an alternative
approach. We will simulate the behaviour of the OLVG algorithm on the GRIP
dataset in the following manner. For every insulin advice given by GRIP, we
calculate the advice that would have been given by OLVG based on the available
data. After doing this, we can compare the actual GRIP and simulated OLVG
advice. It should be noted that the adherence to the GRIP insulin advice is
very high. Our calculations show that almost 95 % of the actual pump rates are
equal to the adviced pump rates. Using the actual GRIP pump rates is hence
close to using the GRIP advised pump rates.
Since we do not know what would have happend when the OLVG advice was
followed, it is impossible to determine which of the two advices is better. However, it does make sense to compare recent advices followed by an dysglycemic
measurement. In case of hypoglycemia, it is reasonable to consider the the lowest of the two (GRIP and OLVG) as the best advice. In case of hyperglycemia,
the highest of the two is the best.
For dierent glycemic ranges, Figure 18 shows the time weighted average in26

sulin of both the actual GRIP advice and the OLVG advice. The GRIP and
OLVG pump rates look similar. Hypoglycemic measurements are preceded by
a slightly lower OLVG pump rate. Hyperglycemic measurements are preceded
by a higher OLVG pump rate. A dierent picture emerges when taking the
advised boluses into account. These strongly increase the total OLVG insulin,
especially in the hyperglycemic range. Consequently, the total OLVG advised
insulin is higher for all glycemic ranges (Figure 19). It's notable that the mean
recent bolus is not zero for hypoglycemic measurements. This indicates that
administering boluses sometimes lowers a patients' glucose levels too much.

Figure 18: Time weighted recent insulin pump (actual GRIP and advised
OLVG) per glycemic range.
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Figure 19: Time weighted recent insulin pump (actual GRIP and advised total
OLVG) per glycemic range.
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5

Conclusion

Critically ill patients commonly suer from dysglycemia, i.e. blood glucose values outside the normal range. Since dysglycemia is associated with a worse
outcome, this poses a challenge in critical care. Several algorithms have been
developed during the last decade for performing this dicult task. These algorithms use intermittent glucose measurements to compute the insulin administration and the time of the next glucose measurement. In this bachelor's thesis,
we compared two of such algorithms.
More recently, continuous glucose monitors (CGMs) have been developed. When
suciently accurate, CGM has the potential to revolutionize glycemic control
by using a patient's actual blood glucose values. It could furthermore reduce
workload by relieving nurses of the obligation to frequently check glucose. Eventually, a closed loop system could be the new optimal way of glycemic control.
New algorithms should be developed that fully exploit the potential of CGM.
As a start, we simulated the behaviour of the traditional OLVG algorithm in a
near continuous context.
We have analysed two of these algorithms. The rst one is GRIP, developed
at the academic hospital Universitair Medisch Centrum Groningen (UMCG).
GRIP tries to control blood glucose values by proportionally correcting the insulin pump rate based on the deviation from the target range and the glucose
trend. This puts GRIP in the class of proportional-derivative algorithms. The
second algorithm is a computerized ow chart used by the Onze Lieve Vrouwe
Gasthuis hospital. By nature, this algorithm is less complicated than GRIP.
Based on current glucose and the relative change since the previous measurement, the algorithm calculates the optimal change in insulin pump rate, possibly
accompanied by the administration of an insulin bolus. In contrast with GRIP,
the adviced change is not proportional to the input.
The analysis of both algorithms was done based on historical data. The
GRIP dataset consists of data recorded in 13441 ICU patients admitted the
ICU of the UMCG between 2006 and 2014. The OLVG data was collected in
178 ICU patients enrolled in a randomized controlled trial previously described
by Boom et al [33]. Blood glucose of patients in the conventional group was
controlled by measuring glucose values with a Point-of-Care (POC) device. For
patients in the experimental group, continous glucose monitoring (CGM) was
used to measure glucose. For both groups, a glucose value was entered in the
OLVG algorithm only then when it was required. However, the CGM-device
measured glucose every 10 minutes.
In Chapter 2, we compared the performance of GRIP and OLVG by looking at
typical metrics of glycemic control. Both algorithms perform satisfactory. By
comparing the continous with the intermittent glucose records from the OLVG
dataset, we analysed the accuracy of the used CGM-device. The CGM typically underestimates blood glucose. We concluded chapter 2 with a sensitivity
analysis based on the data used by both algorithms.
Chapter 3 concentrated on the dynamic analysis of the OLVG-algorithm.
We rst looked at compliance, how well the sta adheres to the advice given by
the algorithm. This was done by running the algorithm every time an actual
29

pump update was made. In general, compliance to insulin advice is not very
high. Patients are on adviced insulin pump rates only 55% of the time. Insulin
compliance is higher following a normoglycemic measurement, but lower following a dysglycemic measurement. Interestingly, average insulin pump rates are
higher in the hypoglycemic range, but lower in the hyperglycemic range. Giving
a higher (lower) insulin dose than advised increases the change of hypoglycemia
(hyperglycemia). This suggests that better compliance to the insulin advice
would potentially improve glycemic control. Compliance with the time advice
is even lower. On average, measurements are 9 minutes later than advised.
This is mainly caused by poor compliance in the hypoglycemic range. The next
measurement following a hyperglycemic measurement is, on the other hand, is
generally on time or even earlier than advised.
As third part of our dynamic analysis, we used the CGM-traces of the OLVG
dataset to run the algorithm every 30 minutes. The result shows that the current
algorithm probably needs to be revised before it can be used in combination with
CGM. Mainly, this is because the algorithm uses the relative change between
the current and previous glucose measurement without explicitly accounting for
the elapsed time. A second way in which the algorithm could be updated is
the following. Instead of using the most recent glucose measurement every 30
minutes, a moving average of or regression on the previous measurements could
be used. This smoothens the variable CGM traces and uses all measurements
in stead of only every fourth measurement.
Finally, we compared the two algorithms by running the OLVG algorithm
on the GRIP dataset. The results shows that OLVG pump rates are lower
just before hypoglycemic measurements and higher just before hyperglycemic
measurements. The boluses advised by the OLVG algorithm increase the total
insulin in such a way that the total insulin (pump and bolus) is higher than the
GRIP insulin for all glycemic ranges.
The possibility of CGM leads to new challenges and questions. We would
like to direct future reseach to this area, building upon some of the results
presented in this thesis. In general, it is important to think about what an
algorithm guided by CGM should look like. An analysis of the performance
of GRIP when combined with CGM would be a next step. Especially because
GRIP handles glucose trend in a way dierent (proportional) from the OLVG
algorithm. We would also like to dive deeper into the comparison of GRIP and
OLVG by using the approach from chapter 4. Furthermore, a thorough analysis
of the compliance with GRIP might indicate ways to improve glucose control
by either improving the algorithm or improving compliance. Finally, the most
exciting direction of further research might be the development of an learning
control algorithm. An adaptation of GRIP which improves its performance over
time by learning from past experiences seems like a potentially valuable idea.

30

References
[1] Dungan KM, Braithwaite SS, Preiser JC. Stress hyperglycaemia. Lancet
2009;373(9677):1798 - 1807. 813-824
[2] Umpierrez GE, Isaacs SD, Bazargan N, You X, Thaler LM, Kitabchi AE.
Hyperglycemia: an independent marker of in-hospital mortality in patients with undiagnosed diabetes. J Clin Endocrinol Metab. 2002;87:97882. [PMID: 11889147]
[3] Levetan CS, Passaro M, Jablonski K, Kass M, Ratner RE. Unrecognized diabetes among hospitalized patients. Diabetes Care. 1998;21:246-9.
[PMID: 9539990]
[4] McCowen KC , Malhotra A , Bistrian BR . Stress-induced hyperglycemia.
Crit Care Clin . 2001 ; 17 ( 1 ): 107 - 124.
[5] Marik PE , Raghavan M . Stress-hyperglycemia, insulin and immunomodulation in sepsis . Intensive Care Med . 2004 ; 30 ( 5 ): 748 - 756
[6] Van den Berghe G, Wouters P, Weekers F, et al. Intensive insulin therapy
in critically ill patients. N Engl J Med 2001;345:1359-1367
[7] Van den Berghe G, Wilmer A, Hermans G, Meersseman W, Wouters PJ,
Milants I, Van Wijngaerden E, Bobbaers H, Bouillon R. Intensive Insulin
Therapy in the Medical ICU. N Engl J Med 2006;354:449-61.
[8] Brunkhorst FM1, Engel C, Bloos F, Meier-Hellmann A, Ragaller M,
Weiler N, Moerer O, Gruendling M, Oppert M, Grond S, Oltho D,
Jaschinski U, John S, Rossaint R, Welte T, Schaefer M, Kern P, Kuhnt E,
Kiehntopf M, Hartog C, Natanson C, Loeer M, Reinhart K. Intensive
Insulin Therapy and Pentastarch Resuscitation in Severe Sepsis. N Engl
J Med 2008;358:125-39.
[9] Preiser JC, Devos P, Ruiz-Santana S, Mélot C, Annane D, Groeneveld
J, Iapichino G, Leverve X, Nitenberg G, Singer P, Wernerman J, Joannidis M, Stecher A, ChiolÃ©ro R. A prospective randomised multi-centre
controlled trial on tight glucose control by intensive insulin therapy in
adult intensive care units: the Glucontrol study. Intensive Care Med. 2009
Oct;35(10):1738-48.
[10] NICE-SUGAR Study Investigators, Finfer S, Chittock DR, Su SY, Blair
D, Foster D, Dhingra V, Bellomo R, Cook D, Dodek P, Henderson WR,
HÃ©bert PC, Heritier S, Heyland DK, McArthur C, McDonald E, Mitchell
I, Myburgh JA, Norton R, Potter J, Robinson BG, Ronco JJ. Intensive
versus Conventional Glucose Control in Critically Ill Patients, N Engl J
Med 2009; 360:1283-1297
[11] Krinsley JS, Gover A. Severe hypoglycemia in critically ill patients: risk
factors and outcomes.Crit Care Med. 2007; 35: 2262-2267.
[12] Meyfroidt G, Keenan DM, Wang X, Wouters PJ, Veldhuis JD, Van den
Berghe G. Dynamic characteristics of blood glucose time series during the
course of critical illness: Eects of intensive insulin therapy and relative
association with mortality. Crit Care Med 2010 Vol. 38, No. 4 1021
31

[13] Krinsley JS, Schultz MJ, Spronk PE, Harmsen RE, van Braam Houckgeest
F, van der Sluijs JP, Mélot C, Preiser JC. Mild hypoglycemia is independently associated with increased mortality in the critically ill. Critical
Care 2011, 15:R173
[14] NICE-SUGAR Study Investigators, Finfer S, Liu B, Chittock DR, Norton
R, Myburgh JA, McArthur C, Mitchell I, Foster D, Dhingra V, Henderson
WR, Ronco JJ, Bellomo R, Cook D, McDonald E, Dodek P, HÃ©bert PC,
Heyland DK, Robinson BG. Hypoglycemia and Risk of Death in Critically
Ill Patients. N Engl J Med 2012; 367:1108-1118.
[15] Egi M, Bellomo R, Stachowski E, French CJ, Hart GK, Taori G, Hegarty
C, Bailey M. Hypoglycemia and Outcome in Critically Ill Patients. Mayo
Clin Proc. 2010;85(3):217-224.
[16] Henderson WR, Finfer S. Dierences in outcome between the NICESUGAR and Leuven trials: possible methodological explanations. Crit
Care Resusc. 2009 Sep;11(3):175-7.
[17] Marik PE, Varon J. Intensive insulin therapy in the ICU: is it now time to
jump o the bandwagon? Resuscitation. 2007 Jul;74(1):191-3. Epub 2007
Mar 23.
[18] Egi M, Bellomo R, Stachowski E, French CJ, Hart G. Variability of blood
glucose concentration and short-term mortality in critically ill patients.
Anesthesiology. 2006 Aug;105(2):244-52.
[19] Krinsley JS. Glycemic variability: A strong independent predictor of mortality in critically ill patients. Crit Care Med 2008; 36 : 30083013.
[20] Meyfroidt G, Keenan DM, Wang X, Wouters PJ, Veldhuis JD, Van den
Berghe G. Dynamic characteristics of blood glucose time series during the
course of critical illness: Eects of intensive insulin therapy and relative
association with mortality. Crit Care Med 2010; 38 : 10211029.
[21] Hermanides J, Vriesendorp TM, Bosman RJ, Zandstra DF, Hoekstra JB,
Devries JH. Glucose variability is associated with intensive care unit mortality. Crit Care Med. 2010 Mar;38(3):838-42.
[22] Siegelaar SE1, Holleman F, Hoekstra JB, DeVries JH. Glucose Variability;
Does It Matter? Endocrine Reviews 31 : 171182, 2010.
[23] Krinsley JS, Egi M, Kiss A, Devendra AN, Schuetz P, Maurer PM, Schultz
MJ, van Hooijdonk RT, Kiyoshi M, Mackenzie IM, Annane D, Stow P,
Nasraway SA, Holewinski S, Holzinger U, Preiser JC, Vincent JL, Bellomo
R. Diabetic status and the relation of the three domains of glycemic control
to mortality in critically ill patients: an international multicenter cohort
study.Crit Care. 2013 Mar 1;17(2):R37.
[24] Marjolein K Sechterberger, Robert J Bosman, Heleen M Oudemans-van
Straaten, Sarah E Siegelaar, Jeroen Hermanides, Joost BL Hoekstra, J
Hans De Vries. The eect of diabetes mellitus on the association between
measures of glycaemic control and ICU mortality: a retrospective cohort
study. Crit Care. 2013 Mar 19;17(2):R52.
32

[25] Siegelaar SE, Hermanides J, Oudemans-van Straaten HM, van der Voort
PH, Bosman RJ, Zandstra DF, DeVries JH. Mean glucose during ICU admission is related to mortality by a U-shaped curve in surgical and medical
patients: a retrospective cohort study. Crit Care. 2010;14(6):R224.
[26] Saeid Eslami, Ameen Abu-Hanna, Evert de Jonge, Nicolette F. de Keizer.
Tight glycemic control and computerized decision-support systems: a systematic review. Intensive Care Med (2009) 35 : 15051517.
[27] Rood E, Bosman RJ, van der Spoel JI, Taylor P, Zandstra DF. Use of
a Computerized Guideline for Glucose Regulation in the Intensive Care
Unit Improved Both Guideline Adherence and Glucose Regulation. J Am
Med Inform Assoc. 2005; 12 : 172180.
[28] Kalfon P, Giraudeau B, Ichai C, Guerrini A, Brechot N, Cinotti R, Dequin
PF, Riu-Poulenc B, Montravers P, Annane D, Dupont H, Sorine M, Riou
B. Tight computerized versus conventional glucose control in the ICU: a
randomized controlled trial. Intensive Care Med. 2014 Feb;40(2):171-81.
[29] Hoekstra M, Vogelzang M, Verbitskiy E, Nijsten MWN. Health technology
assessment review: Computerized glucose regulation in the intensive care
unit - how to create articial control. Critical Care 2009, 13:223.
[30] Vogelzang M, Zijlstra F, Nijsten MWN. Design and implementation of
GRIP: a computerized glucose control system at a surgical intensive care
unit. BMC Medical Informatics and Decision Making 2005, 5:38.
[31] GRIP source code written by M. Vogelzang. Version 2-2-2007.
http://grip-glucose.sourceforge.net/download.htm.
[32] Vogelzang M, Zijlstra F, Nijsten MWN. Design and implementation of
GRIP: a computerized glucose control system at a surgical intensive care
unit. BMC Medical Informatics and Decision Making 2005, 5:38.
[33] Boom D, Sechterberger MK, Rijkenberg S, Kreder S, Bosman R, Wester
JPJ, Van Stijn I, DeVries JH, Van der Voort PJH. Insulin treatment
guided by subcutaneous continuous glucose monitoring compared to frequent point-of-care measurement in critically ill patients: a randomized
controlled trial. Critical Care (2014), in process.
[34] Holzinger U, Warszawska J, Kitzberger R, Wewalka M, Miehsler W,
Herkner H, Madl C. Real-time continuous glucose monitoring in critically
ill patients; a prospective randomized trial. Diabetes Care 2010;33:467472.
[35] Vogelzang M, Loef BG, Regtien JG, Van Der Horst ICC, Van Assen H,
Zijlstra F, Nijsten MWN. Computer-assisted glucose control in critically
ill patients. Intensive Care Med (2008) 34:14211427.
[36] Krinsley et al. Diabetic status and the relation of the three domains of
glycemic control to mortality in critically ill patients: an international
multicenter cohort study.Crit Care. 2013 Mar 1;17(2):R37.
33

[37] Mackenzie IMJ, Whitehouse T, Nightingale PG, The metrics of glycaemic
control in critical care. Intensive Care Med (2011) 37:435−443
[38] Van Hooijdonk RTM, Spronk PE, Schultz MJ. Choosing the correct metrics for glucose control. Critical Care 2014, 18:414.
[39] Finfer S, Wernerman J, Preiser JC, Cass T, Desaive T, Hovorka R,
Joseph JI, Kosiborod M, Krinsley J, Mackenzie I, Mesotten D, Schultz
MJ, Scott MG, Slingerland R, Van den Berghe G, Van Herpe T. Clinical review: Consensus recommendations on measurement of blood glucose
and reporting glycemic control in critically ill adults. Crit Care. 2013 Jun
14;17(3):229.
[40] Luijf YM, Mader JK, Doll W, Pieber T, Farret A, Place J, Renard E,
Bruttomesso D, Filippi A, Avogaro A, Arnolds S, Benesch C, Heinemann
L, DeVries JH. Accuracy and reliability of continuous glucose monitoring systems: a head-to-head comparison. Diabetes Technol Ther. 2013
Aug;15(8):722-7.

34

