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Abstract

Background:

Hyperglycemia is prevalent in critical care. That tight control saves lives is becoming more clear, but the
“how” and “for whom” in repeating the initial results remain elusive. Model-based methods can provide tight,
patient-specific control, as well as providing significant insight into the etiology and evolution of this condition.
However, it is still often difficult to compare results due to lack of a common benchmark. This article puts
forward a benchmark data set for critical care glycemic control in a medical intensive care unit (ICU). Based
on clinical patient data from Secondary Prevention Reinfarction Israeli Nifedipine Trial (SPRINT) studies,
it provides a benchmark for comparing and analyzing performance in model-based glycemic control.

Methods:

Data from 20 of the first 150 postpilot patients treated under SPRINT are presented. All patients had longer
than a 5-day length of stay (LoS) in the Christchurch ICU. The benchmark data set matches overall patient
data and glycemic control results for the entire cohort and this particular LoS >5-day group. The mortality
outcome (1 =3, 15%) also matches SPRINT results for this patient group.

Results:

Data cover 20 patients and 6372 total patient hours with an average of 339.4 hours per patient. It includes insulin
and nutrition inputs along with 4182 blood glucose measurements at an average of 224.3 measurements per
patient, averaging a measurement approximately every 1.5 hours (16 per day). Data are available via download
in a Microsoft Excel format. A series of cumulative distribution functions and tables are used to summarize
data in this article.

Conclusion:

Model-based methods can provide tighter, more adaptable “one method fits all” solutions using methods that
enable patient-specific modeling and control. A benchmark data set will enable easier model and protocol
development for groups lacking clinical data, as well as providing a benchmark to compare results of different
protocols on a single (virtual) cohort based on real clinical data.
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Introduction

Hyperglycemia is prevalent in critical care.™
Increased counterregulatory hormone secretion stimulates
endogenous glucose production and increases effective
insulin resistance,** elevating equilibrium glucose levels
and reducing the amount of glucose that the body can
utilize with a given amount of insulin. Nutritional
regimes with high glucose content can exacerbate the
issue further.>"

Hyperglycemia worsens outcomes, increasing the risk
of severe infection,"! myocardial infarction,! and poly-
neuropathy and multiple-organ failure.>> Evidence also
exists of significant reductions in other therapies with
aggressive glycemic control.>®*?7 Van den Berghe et al.>1%"7
and Krinsley®® reduced intensive care unit (ICU)
patient mortality 18-45% for patients with a length of stay
greater than 3 days. Both studies also showed significant
cost savings per patient.”®? Other studies focused
primarily on glucose control are limited in duration or
patient numbers and do not extend to mortality end
points.**

All of these studies used ad-hoc sliding scale or
titration-based protocols developed primarily by clinical
experience (i.e., expert-based control), a typical “one size
fits all” solution. They are thus less optimal when faced
with the dynamic patient variation typical of critical
care. This issue has been illustrated in simulation®?
and clinical analysis.”?* There is also little agreement
on what constitutes desirable glycemic performance,®-¢
particularly with regard to how tight control affects
outcome, although evidence is emerging that tighter is
better.?”3®

In contrast, model-based tight glycemic control protocols
have been successful in producing consistent control.?#¥-#
The general state of model-based glycemic control for
critical care has been reviewed,” although the field is
evolving rapidly. However, almost all such model-based
clinical studies have been first trialled using some form
of virtual patient or simulator that is typically based
on retrospective clinical data,** with similar uses
in controlling type 1 diabetes.®>* Thus, a significant
prerequisite of model-based methods is the availability of
clinical data, or other validated virtual patient models,**%
on which to test and develop glycemic control protocols.

Finally, it is often very difficult to compare results.
Differences across patient cohorts, condition, and other

variables are almost impossible to reasonably normalize
or eliminate, making concrete direct comparison of results
from different studies or virtual trials infeasible. What
is needed is the ability to compare different protocols
on the same patient, a task that is most reasonably
feasible in virtual or simulated trials. The benchmark
data set presented here offers the opportunity to make
these comparisons in an open source data set from
the ongoing clinical implementation of the SPRINT
protocol, which has significantly reduced mortality for
a general medical ICU cohort in Christchurch Hospital
(New Zealand).20:4858-60

Methods

Benchmark Patient Cohort

All 20 patients were part of the ongoing Secondary
Prevention Reinfarction Israeli Nifedipine Trial (SPRINT)
clinical practice change in the Department of Intensive
Care Medicine at Christchurch Hospital. The details of
SPRINT and its development are well documented from
initial virtual trials to pilot study results and correlation
of virtual results with clinical results and the end result of
this approach to glycemic control.?44%% However, main
criteria to note for this benchmark data set include the
following.

e Entry criteria: random glucose greater than 8 mmol/liter
or clinician’s choice based on condition, and enteral or
parenteral nutrition

e Exclusion criteria: none
e Length of stay greater than 5 days on SPRINT

Specific patient data are presented in Table 1, including
age, sex, Acute Physiology and Chronic Health Evaluation II
(APACHE II) score and associated risk of death, principal
diagnosis, and the ICU and hospital mortality outcome.
Summary statistics are presented in the bottom portion.

All patient data are for time on SPRINT. Stopping criteria
for SPRINT were implemented when the patient was
stable and only required 2 U/hour or less of insulin.?
Therefore, time spent on SPRINT may be shorter than
the total ICU stay in Table 1.

SPRINT and Treatment Data

SPRINT uses data from current and prior glucose
measurements and prior insulin and nutrition inputs over
a prior 1- to 2-hour period to determine the intervention.
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Table 1.
Bett)lceilmark Patient Cohort Data with Relevant Summary Statistics
Patient | Age | Gender nggtlpl'(lzf '\rlrzjen;ksjﬁ:e?f APA”CHE ’?\IITsiF(')E Principal diagnosis Il_%% H(I)j%t “ ou![ScL)Jme ruizzﬁ
(hours) ments death (%) (days) | (days)
5017 75 M 755 528 17 12.7 Respiratory failure 59.0 94.0 Ward CRN
5021 68 M 178 139 18 29.1 Cardiac surgery 18.3 52.1 Died Died
5022 73 M 310 195 22 58.9 Bowel perforation 16.3 72.0 Ward CRN
5023 68 M 145 86 19 48.0 Laparotomy 7.7 55.4 Ward Died
5028 60 F 205 160 13 121 COAD?® 10.6 14.9 Ward CRN
5030 70 M 512 364 31 73.3 Pneumonia 27.0 50.9 Ward CRN
5043 70 F 159 77 42 96.4 Bowel obstruction 32.1 59.5 Ward Home
5044 65 F 287 187 25 56.1 Septic shock 124 31.0 Ward CRN
5055 76 F 458 285 20 21.3 Acute AAA° 213 25.2 Ward CRN
5056 58 F 139 102 15 4.7 Hip replacement 5.9 35.5 Ward CRN
5058 49 M 297 253 30 49.5 Hypoglycemia 12.6 38.4 Ward CRN
5067 73 M 150 95 16 33.6 Pancreatitis 6.5 8.5 Died Died
5069 20 M 743 542 15 13.7 Trauma 49.1 79.9 Ward Home
5083 74 M 192 147 23 45.8 Bowel infarction 9.6 9.8 Ward CRN
5092 63 F 323 169 29 58.7 Respiratory failure 321 60.0 Ward Home
5099 49 M 753 507 14 11.0 Pancreatitis 38.7 90.9 Ward Home
5106 45 M 524 250 16 33.6 Pancreatitis 27.2 78.6 Ward Home
5133 72 M 265 148 16 23.4 Respiratory failure 12.3 12.6 Ward Home
5137 73 M 253 171 22 37.8 Orthopedic surgery | 10.7 58.7 Ward CRN
5153 65 F 140 81 7 7.6 Pneumonia 6.2 6.2 Died Died
Average | 63.3 gqo;ﬁ 339.4 224.3 20.5 36.4 20.8 46.7
25th 59.5 173 130 16 13.5 10.4 22.6
Median 68 276 170 19 33.6 14.5 51.5
75th 73 472 261 24 51.2 28.4 63.0
Total 6372 4182 377.4 | 886.7
2 Hospital outcomes include “Home” for patients who returned home and “CRN” for those who went to chronic nursing care centers. ICU
survivors go to less acute wards, denoted “Ward.” Mortalities are shaded. These data can also be compared to full SPRINT cohort data
presented elsewhere.60
b COAD, chronic obstructive airways disease.
¢ AAA, abdominal aortic aneurysm.

Almost all insulin was given as intravenous boluses over
~15-30 seconds, but a few patients may have also received
a background intravenous infusion. Infusions are shown
separately in data and were given for various clinical
reasons. The insulin employed for all patients was
Actrapid™ (Novo Nordisk Pharmaceuticals Ltd., NZ).

All patients were on a constant nasogastric feed of
RESOURCE™  Diabetic (Novartis Medical Nutrition)

or Glucerna (Abbott Laboratories, Illinois) at a rate not
exceeding 700 kilocalories of glucose per day (~90 ml/h).
This nutritional input has an approximate caloric value
of 1 kcal/ml, with 35% derived from carbohydrate. Thus,
it provides approximately 0.49 mmol/ml of glucose input.
The minimum feeding rate in SPRINT is 30% of a patient-
specific specified goal feed rate. However, lower values
may be seen in data, particularly in the first few hours,
where clinicians have adjusted it based on specific
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clinical needs. These adjustments are seen in less than
0.3% of the total hours. Some patients received parenteral
nutrition with 12.5% dextrose for a short part of their
stay for clinical reasons, which is listed separately in
glucose infusion data. Additionally, there will be some
hours without nutritional input, usually before or after
surgery or due to other complications, during which
time SPRINT only utilizes the insulin wheel. %

Sensor and dosing errors can be problematic in glycemic
control. In this case, there were no errors in dose or
timing reported for the nutrition and insulin inputs
given. All timings were rounded to the nearest hour
given based on the format of the clinical data sheets
used in Christchurch Hospital. Data for nutrition and
insulin were thus obtained directly from what the
clinical staff recorded in the patient records while using
SPRINT and were assumed to occur on or near the hour
recorded. Hence, no further error was assumed for these
values when used in modeling. However, the glucose
measurements were all made using bedside Glucocard™
test strip II glucose testing kits (Arkray, Inc, Kyoto, Japan),
which have a reported error of 7-10% depending on
glycemic level, and occasional much larger unexplained
errors.*® These sensor errors were thus embedded within
data provided.

Data Files, Structure, and Units

Data are provided in Microsoft Excel worksheets in a
single overall spreadsheet file. Each sheet has data for
a single patient, including the basic patient number and
data on length of stay. Data can be exported readily from
this format to the computational environment of choice
(e.g., Matlab or C/C++). Table 2 shows the initial portion
of the first patient record (patient 5017) as an exemplar.
The international system of units (SI) (mmol/liter) is
given for all data, as well. Note that millimoles per liter
and similar SI are used because they were the original
units provided by the sensors, and there are thus no
conversions or other manipulations placed on data.
In the remainder of this article, where specific values
are referenced in millimoles per liter, the equivalent
milligrams per deciliter value is given in parentheses
immediately following. The tables and figures utilize
only millimoles per liter units to match data.

Within the associated Excel spreadsheet for a given
patient a series of color codes and notes are used.
Pink delineates the start of SPRINT using both insulin
and nutrition wheels. Green denotes periods where
nutritional inputs were shut off for clinical reasons
and only the insulin wheel portion of SPRINT is used.
Some very evident periods of noncompliance to the

B 0 p owing of Da
A B C D E

1 | Patient 5017

2 | Age (years) 75

3 | Gender M

4

5 | APACHE Il score 17

6 | APACHE Il risk of death (%) 12.7

7 | ICU total length of stay (days) 59

8 | Hospital total length of stay (days) 94

9

1 T i 0009052 | nsuinbous | "N | Enen Gcose | | Pt
11 0 6.4 2 14.533333

12 60 5.8 3 14.533333

13 120 5.8 3 14.533333

14 180 5.7 3 14.533333
2There is one worksheet for each of the 20 patients.
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SPRINT protocol by the attending clinical staff at
that time are shaded blue, although these changes or
deviations may have been clinically related but not
specified in the notes. Periods where SPRINT has been
stopped are highlighted in yellow with an associated
note if it is evident that it was stopped by protocol or for
clinical reasons.

Performance Metrics and Statistics

Statistically, all data are presented using lognormal
statistics or nonparametric counted values. Normal
statistics for glycemic control are often in error because
of the skew seen in the distributions with higher outliers
and a lower central mode with few, or no, very low
values. The main result is that normal distributions
can overestimate the mean if applied to lognormal
distributions, providing an approximately 64th percentile
value, as well as resulting in a much larger standard
deviation.®® In this case, the mean and standard
deviation are provided in both formats for comparison
and illustration, but lognormal statistics are encouraged
for glucose data. Note that for the nutrition and insulin
control input interventions given, normal statistics will
suffice, as they do not possess the same skew in this
case. Finally, nonparametric values, such as the median,
interquartile range, and 90% confidence intervals, can
also be used to describe data without these issues.

Glycemic control performance is also represented in this
article by percentage time in glycemic bands. The bands
used here match those of the earlier SPRINT studies
and overlap to provide a sense of the distribution
shape. The percentage time in band is calculated by
measurement value weighted by the time interval
between measurements, where SPRINT measured 1-2
hourly based on glycemic stability.?** Further results,
outcomes, and glycemic bands for all SPRINT patients
are also available in the literature.®

Graphically, data are presented in terms of empirical
S-shaped cumulative distribution functions derived
directly from data. These functions provide the likelihood
from 0.0 to 1.0 of glycemic level or occurrence for a
given data set where 0.0 is the likelihood of the lowest
possible measure and 1.0 is the likelihood of the highest.
If lognormal distribution data (mean, standard deviation)
derived from the same data were integrated and plotted,
they would fit these empirical cumulative distribution
functions.

Finally, all data are presented in both overall and per-
patient bases. These metrics thus provide both overall

cohort results, as well as showing per-patient differences
or variability. This overall set of summaries should
provide a complete description of data.

Ethics approval to audit, collect, and present these data
was obtained from the South Island Regional Ethics
Committee, New Zealand.

Virtual Trials and Applications

The goal of providing this data set is to encourage
further research in the field and enable comparisons in
virtual trials to the clinical results. Virtual trials can be
readily run by the following fundamental steps.

1. Fit glucose, insulin, and nutrition data to a model
obtaining the model parameters as desired.

2. Resimulate the fitted model with different insulin
and/or nutritional inputs based on the control protocol
designed to obtain a “virtual trial” blood glucose
trajectory.

3. Compare with original data and assess performance
for individual patients or the entire cohort as desired.

This broad process is outlined in Figure 1. In addition,
this fundamental process has been employed and
validated in other studies?***~%52 and provides a useful
means of obtaining an estimate of outcome before clinical
testing.

P(t(i+1)) and u(t(i+1))
Control input/s

“Virtual Patient™ |

Retrospective patient profile of |Mnd=l-hn=d targeted glucose reduction

Controller

SI(t) and pG(t) ||termive Bisection Methott control inputs
T — ] G:—pﬂG—S,(G+G,)1+§aQ +Pl8)
EW G=kgemt
3
E Pl e, PR )

| L+l ¥
+ +
- £ |
G =-paG-5,(G+G) Toad +PH) SI(i(i)) and pG(t(i))
o= -k@+kl
I o Integpral-Fitting Method: time variant patient parameters
e Ml
Itel ¥ ] [ [ ¢ =—pal —5AG +G,jl+§ 3 +P(z)
(Generate patient glycemic Glucose-Insulin System G=—kQ+k! ”
=-k{J+
response to controller-determined Model I u®
. n
control inputs —l I:_m+7

“Patient” Glycemic

G(t(i)

Figure 1. Virtual trial outline as utilized in prior work?#%62 showing
the overall approach and elements for a virtual trial. Note that the
model used does not have to be the one shown, as the figure is used to
show only the basic steps of the approach.
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The data may also be used for model validation. Simply,
model parameters may be fit to data using any number
of methods to determine if a given model can capture
the clinical dynamics seen. Additional validation can
be obtained via testing forward prediction of blood
glucose values for a given intervention in data to ensure
that a given model can provide proper trend dynamics
in treatment uses for a set of patient or model-specific
parameters.

Results

Table 3 outlines glycemic control performance for the
benchmark cohort for individual patients and selected
overall statistics. The results are provided in lognormal
statistics with multiplicative (unitless) standard deviations.
The overall averages reported for glycemic levels, time in
band, insulin, and nutrition are weighted by the patient
time for each record. The maximum and minimum

Table 3.
Benchmark Cohort Glycemic Performance Summary Data*“

L;i;g{g:' % of measurements BG range Insulin + nutrition
3 8 £ £ E | 3 | @ g | g | £ § | 5
Patient g E E E é E E E g, § o\? %’
s a % < £ BN = 3 é o § §
%5} X © = z Z
5017 5.9 1.17x 61.2 86.7 94.7 0.9 0 1.7 3.3 75 65.9 2.7
5021 5.5 1.14x% 79.9 95.7 97.8 2.2 0 7.4 3.1 75 72.4 2.4
5022 6.4 1.23x 46.7 74.4 82.6 1.5 0 16.4 3.6 75 61.1 2.2
5023 6.2 1.18x 52.3 74.4 87.2 1.2 0 9.2 3.9 75 56.1 3.1
5028 5.8 1.21x 59.4 80.6 91.9 3.8 0 10.6 3.1 60 55.7 23
5030 6.1 1.13x 51.1 91.8 98.1 0.5 0 8.9 3.2 80 58.1 3.0
5043 6.2 1.19x 51.9 72.7 90.9 1.3 0 10.6 3.9 60 69.8 2.4
5044 5.5 1.31x 69.0 791 82.9 10.2 1 18.4 2.2 55 81.0 1.4
5055 5.7 1.19x 611 85.6 91.9 4.2 1 8.2 21 60 61.1 2.4
5056 5.9 1.22x 53.9 76.5 87.3 4.9 1 8.7 2.2 75 541 2.6
5058 6.7 1.27x 32.0 55.3 70.4 4.0 1 14 1.9 90 44.7 2.8
5067 5.3 1.15x 811 93.7 94.7 4.2 0 7.8 3.5 75 59.9 2.1
5069 5.6 1.16x 73.2 94.3 96.5 3.0 0 8.9 2.8 90 35.0 3.0
5083 6.1 1.23x 49.0 67.3 85.0 4.8 0 9.8 3.2 75 26.2 2.4
5092 5.9 1.19x 68.6 88.2 911 0.6 0 10.4 3.8 60 74.6 29
5099 5.4 1.17x 79.9 92.5 95.9 3.0 0 15.2 3.4 90 81.8 4.2
5105 5.8 1.21x 59.6 84.8 90.4 3.6 0 9.8 3.1 90 91.8 2.5
5133 5.8 1.21x 60.1 85.1 91.2 3.4 0 9.6 2.5 75 91.8 2.2
5137 6.1 1.18x 50.9 84.8 92.4 1.8 0 10.1 3.1 80 43.5 2.8
5153 6.1 1.25x% 67.9 84.0 88.9 1.2 0 12.6 3.7 65 65.7 3.4
Overall 5.8 1.20x 59.3 89.4 4 16.4 1.9
2 Summary averages are weighted by the number of hours on SPRINT in Table 1 for overall mean and time in band statistics. Overall results
are presented for selected statistics with the rest determinable from data and/or Figures 2 and 3. Mortalities are shaded.
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summary values are the overall maximum and
minimum for the cohort. The goal feed is in milliliters
per hour or feed rate and thus represents the maximum
patient-specific rate for that individual, while the average
percentage of goal feed shows the average level given.

Specific data show that the average time in band
ranges from 59.3 to 894% as the band widens from
4.0-6.1 mmol/liter (72-110 mg/dl) to 4.0-7.75 mmol/liter
(72-140 mg/dl). Note that the ranges provided by these
bands match the upper/goal limits of van den Berghe
et al*7 and Krinsley" where the 4.0- to 7.0-mmol/liter
(72126 mg/dl) band is provided in between to give a
better overall description of the distribution.

The overall weighted glycemic averages using appropriate
lognormal statistics are 5.8 mmol/liter (105 mg/dl) with a
first multiplicative standard deviation of 1.2x, yielding a
66% one standard deviation range of 4.8-7.0 mmol/liter
(86-126 mg/dl). The 95% two standard deviation interval
is thus ~4.0-8.4 mmol/liter (72-151 mg/dl), where the
lognormal skew in data is now more evident.

Figure 2 shows the overall cumulative distribution
function for all glycemic measurements, where the x axis
tick marks are modified to show the different bands in
Table 3 and the 95% range noted previously. Matching
glucose ranges or values from Table 3 on Figure 2 reveal
the same results for time in band or 95% confidence
intervals. Hence, Figure 2 summarizes overall glycemic
data of the cohort.

Figure 3 shows same data on a per-patient basis. In this
case, each individual curve is that of a single patient.
The darker dashed lines show the calculated median
patient at each cumulative probability level and the
related 90% confidence interval range. The interquartile
range lines are not shown for clarity in this smaller
cohort. As a check, it is worth noting that the 0.50 or 50th
percentile value for the median patient is approximately
the same 5.8-mmol/liter (105 mg/dl) value it is for the
overall cohort, as expected.

Opverall, Figures 2 and 3 show the relatively tight glycemic
performance. Comparing the two plots indicates that
while individual patients are different, they are primarily
shifted rather than crossing by large amounts. Hence,
the control is similarly tight per patient versus the entire
cohort, as seen in the lognormal standard deviations in
Table 3, where the average is 1.1 mmol/liter (20 mg/dl)
and only 20% (4 patients) exceed 1.2 mmol/liter (22 mg/dl)
with a maximum of 1.8 mmol/liter (32 mg/dl). Thus,
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Figure 2. Empirical cumulative distribution function of measured blood
glucose for the entire benchmark cohort. The nonsymmetric tick marks
for blood glucose indicate the bounds for the major bands reported in
Table 3 and the calculated 95% two sigma lognormal range.
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Figure 3. Empirical cumulative distribution functions per patient of
measured blood glucose. Heavy dashed lines show the (calculated)
median and 90% confidence interval “patients” at each 0.05 of cumulative
probability. The nonsymmetric tick marks for blood glucose indicate the
bounds for the major bands reported in Table 3 and the calculated 95%
two sigma lognormal range.

the longer-staying patients in this cohort are, overall,
relatively stable in their control.

Discussion

This benchmark problem cohort has been created to
mimic the longer-staying general or medical ICU patient
cohort seen with SPRINT.®’ These longer-staying patients
are the cohort that, in most studies, sees some of the
greatest benefit from tight glycemic control in terms of
mortality and other outcomes. However, this specific
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medical ICU cohort may not fully reflect a less critically
ill cohort, such as a cardiovascular surgery-focused
cohort. Similarly, the distribution is such that it may not
represent the more critically ill cohorts found in studies
focused strictly on sepsis, for example.

The overall approach of using virtual trials is a data-
driven approach based on real patient data. However,
it is thus no better or representative than those data.
In particular, it would take very large numbers, beyond
that of a simple(r) benchmark problem, to show the
true range or variability. Hence, this cohort has been
limited in size, while still attempting to maximize its
ability to represent a major segment of the SPRINT
cohort and overall SPRINT cohort behavior. The overall
mean, standard deviations, and 90% confidence interval
spreads over this cohort are thus well matched to the
384 patient SPRINT cohort’s overall results to within
0.1-0.2 mmol/liter (1.3-3.6 mg/dl) in all overall metrics
and have a similar distribution as well. Alternatively, it is
possible to use emerging stochastic modeling techniques
to create equally well-correlated virtual cohorts.>

In terms of usefulness for designing or analyzing
protocols, the virtual patient approach hinges on how
well its predicted outcomes match eventual clinical
results. With SPRINT, the initial Monte Carlo simulation
of approximately 16,000 patient hours on a 19 patient
virtual cohort was performed prior to implementing
SPRINT clinically.* After the first approximately 16,000
clinical measurements (over ~160 patients), results of
the virtual and actual trials were compared, with the
resulting cumulative distribution functions shown in
Figure 4, which shows that the original simulations and
clinical raw data match very well, providing validation
of the overall approach in this case. The fitted lognormal
distribution to clinical data provides the same result and
reinforces the need to use this distribution to represent
these data.

Figure 4 also contains the SPRINT clinical percentiles
for different glycemic bands, which closely match data
in Table 3 for this limited benchmark cohort. Finally,
Figure 5 shows benchmark raw cumulative distribution
versus raw clinical data from Figure 4. The close match
of these two curves graphically indicates the level to
which the benchmark cohort matches the total cohort
response.

Overall, Figures 4 and 5 provide further reinforcement
for two main results. First, the overall virtual trials
approach can, in this case at least, provide a good
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similarity helps validate the accuracy of the initially run virtual trials.
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Figure 5. Empirical cumulative distributions for the first approximately
16,000 glucose measurements in SPRINT and the benchmark cohort.

indicator of how a protocol will perform in practice.
Second, the benchmark cohort presented, while a very
limited subset of all SPRINT patients, closely matches
the overall glycemic performance of the larger SPRINT
cohort.

Virtual trials also offer the opportunity to test other
technologies or approaches. In this case, bolus insulin
delivery and measurement were made using glucometers.
However, given a fitted patient-specific modeling approach
based on benchmark data, there is no limitation to utilize
the same measurement or delivery technologies, or timing
in subsequent simulation. Thus, enteral versus parenteral
feeding could be evaluated in silico in terms of glycemic
control, as could technologies such as continuous sensing
or different insulin delivery approaches.

A tertiary outcome of presenting this cohort is the
different approach to performance metrics. In particular,
the use of cumulative distributions and/or overlapping
times in glycemic bands provides a clear picture and
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allows easy comparison across studies. The cumulative
distributions can be especially useful in this regard, as
time or percentage in any band can be obtained directly
from the plot. These metrics thus provide clear illustration
of the underlying distribution and performance that
mean/median values and standard deviations cannot,
particularly if the statistics used do not fully represent
the distribution.

Finally, there are limitations to this approach, and there
is no replacement for clinical validation. However, virtual
trials can offer a great deal of insight into glycemic
performance before a protocol is implemented, thus
potentially reducing the development time and increasing
the likelihood of success. This outcome is significant
given the growing number of studies that have had
difficulty repeating the earliest results in this field.”®

Limitations and Comments on Clinical Data

One potential limitation would be whether 20 patients
are enough for creating a realistic virtual cohort that
would provide good results. Benchmark data consist
of 6372 total patient hours with 4182 blood glucose
measurements. Thus, there is, on average, approximately
1 measurement every 1.5 hours or 16 per day. Averaged
over the 20 patients, it results in 3394 hours and 224.3
measurements per patient. This data set is far denser
than the 19 patient and 1780 patient hour data set
used in developing SPRINT via virtual trials.** Hence,
given the good correlation in Figure 3 with data from
SPRINT and the subset used in this benchmark cohort,
it is reasonable to conclude that the data set presented
has the data density and size to be suitable for effective
virtual trials.

With respect to clinical data itself, there are some
limitations. As noted in the data set there are periods
of noncompliance to the protocol, periods where clinical
imperatives have overridden the protocol. There are also
periods where the protocol was stopped. All of these
can have a variety of clinical causes based on patient
condition at the time and the resulting clinical staff
decision making.

More specifically, some patients are off SPRINT for
short periods for trips to surgery or other interventions/
therapies outside the unit, including patient movement
for magnetic resonance imaging scans. Longer periods
off SPRINT are due, in this cohort, to the protocol-
stopping criterion when the patient is stabilized.
Thus, for example, patient 5105 has a 92-hour period
off SPRINT. This patient also has an extended period

at maximum feed rates that is noncompliant to SPRINT,
which is assumed because of specific clinical choices
or reasons. Similarly, patient 5069 has five periods off
SPRINT ranging from 2 to 24 hours, as this patient
had several surgical interventions resulting from their
admission because of trauma. These examples, and the
others in the set, are typical of ICU data in general
and reveal the wide range of potential difficulties and
peculiarities faced by any protocol.

However, these issues do not affect data itself nor does
it preclude virtual patient cohort development. All data
presented include any periods of noncompliance for
clinical or other reasons. Thus, the patients chosen are
also broadly representative of the best and worst cases in
terms of interruptions and compliance to provide a good
picture of the clinical problem within data provided.

Conclusions

A benchmark data cohort was presented for glycemic
control in critical care, based on clinical results from the
ongoing SPRINT protocol trials in Christchurch, New
Zealand. Data and its potential applications in model
development, model validation, and virtual trial protocol
development are provided. The overall performance
is summarized using a variety of information-dense
metrics that provide a full and clear picture of the overall
performance achieved. Finally, this benchmark cohort
presented is offered as a means of enabling comparison
of model-based protocols on the same cohort, as well as
providing data for model development and dynamic and
predictive model validation to those research groups with
less access.
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