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Abstract

Introduction: Currently used error grids for assessing clinical accuracy of blood glucose monitors are based on out-of-date
medical practices. Error grids have not been widely embraced by regulatory agencies for clearance of monitors, but this type
of tool could be useful for surveillance of the performance of cleared products. Diabetes Technology Society together with
representatives from the Food and Drug Administration, the American Diabetes Association, the Endocrine Society, and the
Association for the Advancement of Medical Instrumentation, and representatives of academia, industry, and government,
have developed a new error grid, called the surveillance error grid (SEG) as a tool to assess the degree of clinical risk from
inaccurate blood glucose (BG) monitors.

Methods: A total of 206 diabetes clinicians were surveyed about the clinical risk of errors of measured BG levels by a monitor.
The impact of such errors on 4 patient scenarios was surveyed. Each monitor/reference data pair was scored and color-coded on
a graph per its average risk rating. Using modeled data representative of the accuracy of contemporary meters, the relationships
between clinical risk and monitor error were calculated for the Clarke error grid (CEG), Parkes error grid (PEG), and SEG.

Results: SEG action boundaries were consistent across scenarios, regardless of whether the patient was type | or type 2 or using
insulin or not. No significant differences were noted between responses of adult/pediatric or 4 types of clinicians. Although small
specific differences in risk boundaries between US and non-US clinicians were noted, the panel felt they did not justify separate
grids for these 2 types of clinicians. The data points of the SEG were classified in |5 zones according to their assigned level of
risk, which allowed for comparisons with the classic CEG and PEG. Modeled glucose monitor data with realistic self-monitoring
of blood glucose errors derived from meter testing experiments plotted on the SEG when compared to the data plotted on the
CEG and PEG produced risk estimates that were more granular and reflective of a continuously increasing risk scale.

Discussion: The SEG is a modern metric for clinical risk assessments of BG monitor errors that assigns a unique risk score to each
monitor data point when compared to a reference value. The SEG allows the clinical accuracy of a BG monitor to be portrayed in
many ways, including as the percentages of data points falling into custom-defined risk zones. For modeled data the SEG, compared
with the CEG and PEG, allows greater precision for quantifying risk, especially when the risks are low. This tool will be useful to
allow regulators and manufacturers to monitor and evaluate glucose monitor performance in their surveillance programs.
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Blood glucose (BG) monitor performance can be described
based on analytical accuracy or clinical accuracy.' Analytical
accuracy is a quantitative method for describing how closely
the result of a measurement by a device being evaluated
compares with a measurement by a reference method.
Clinical accuracy is a qualitative method for describing the
clinical outcome of making a treatment decision using the
result of a measurement from a device being evaluated.”
Analytical accuracy is measured by a variety of statistical
metrics, including precision and bias. For the purpose of this
article, clinical accuracy is evaluated by plotting paired
results from both the subject device and a reference method
on a grid, known as an error grid.’

On an error grid for determining clinical accuracy of a BG
monitor, data points (representing the BG monitor value on
the y-axis and the reference value on the x-axis) are mapped
on a 2-dimensional graph. Typically, a set of risk zones are
then superimposed on the graph such that each zone repre-
sents a degree of risk of an adverse outcome due to the error
in the measured glucose value. The borders of the risk zone
are typically determined from the opinions of clinicians who
treat diabetes and are familiar with the range of clinical out-
comes that can occur due to measurement errors from BG
monitors. Error grids permit data sets to be defined on the
basis of the percentage of data points that fall into each zone
or category of clinical outcome.

A classical error grid comparing a test method with a
comparison method contains at least 3 zones. Zone A is the
allowable total error region usually associated with no harm.
Error grids for BG monitors have typically specified at least
95% of the sample results should fall within the established
zone A,* which is also known as the allowable total error
zone, but other distributions are also permissible. Zone C is
the limits of erroneous region where no data should be found,
usually associated with serious harm. Zone B is in between
zones A and C where some data (the percentage of data that
were not in zone A) can be found depending on the purpose
of the analysis. This zone contains a small amount of data
that are slightly outside the no harm zone but that is not so
inaccurate as to cause significant harm.” The 2 most widely
used error grids for BG monitors were first-authored by
William Clarke and by Joan Lee Parkes and were developed
and published in 1987° and in 1994 and 2000, respectively.
The Clarke error grid (CEG) contains 9 risk zones and the
Parkes error grid (PEG) contains 8 risk zones. Clarke and
colleagues established a single error grid for all patients
using insulin. Parkes and colleagues established 2 separate
grids for insulin users—one for patients with type 1 and one
for patients with type 2. The accuracy limits were slightly
more stringent for the type 1 patients.® The type 2 grid was
eventually dropped by most grid users and what is typically
referred to as the PEG is the type 1 grid by that team.

The 2 most widely used error grids for determining clini-
cal accuracy of BG monitors, CEG and PEG, are no longer
up to date.*” Four differences in the practice of diabetes

between the era when the CEG and PEG metrics were devel-
oped (late 1980s and early 1990s) and the present time have
resulted in expectations of greater clinical accuracy from BG
monitoring systems. First, the survey that generated the SEG
occurred in an environment where the results of the Diabetes
Control and Complications Trial (DCCT), have become part
of standard care and have influenced goals of standard ther-
apy. DCCT which was published in 1993,® appeared after the
CEG was developed and less than one year prior to the sur-
vey that generated the PEG. Second, over the past 20 years
new analog insulins (first available in 1996) have become
established’ and insulin delivery pumps have become more
widely used.'” Third, when the prior error grids were devel-
oped, self-monitoring of blood glucose (SMBG) was a rela-
tively new method and delivered far less analytical accuracy,
leading to lower performance expectations than many clini-
cians have today for the clinical accuracy of BG monitors."'
Fourth, the clinical community has recently become more
aware of the high frequency and adverse consequences of
hypo- and hyperglycemia in both type 1 and type 2 diabe-
tes'>"* and which appears to have made their judgment about
risk more conservative. For these reasons, clinicians,
patients, and regulators are currently more concerned than in
the past about inaccurate BG monitoring systems and want
systems with increasingly better performance to achieve near
normal levels of glycemia.

In addition to concerns that the perceived risks of BG mea-
surement errors have changed since the older error grids were
developed, concerns have also been raised about the methods
that were used for creating these 2 classical metrics. These
error grids might not have represented a consensus of the dia-
betes clinical community because input was sought from only
a small number of clinicians or from clinicians whose demo-
graphics were not documented. The 2 classical metrics assign
data points with different risks into the same risk zone, and
there is no way to detect differences in risks for points within
the same risk zone. For all these reasons there is a need for a
new error grid that reflects modern ideas about clinical risk of
BG monitor error and presents the risk in a way that allows
for granular analysis of individual data points.

The purpose of error grids initially was to educate patients
and clinicians about the clinical accuracy of BG monitors.
Data from error grids more recently have been proposed by
some manufacturers to support regulatory clearance of BG
monitors; however, the use of error grids for this purpose has
not been widely embraced by regulatory agencies. A modern
consensus error grid could be useful as a tool for assessing
the clinical performance of BG monitors for the purposes of
postmarket surveillance.

In the United States, the FDA and BG monitor manufac-
turers perform surveillance to monitor the performance of
glucose monitors in use by patients and health care providers.
Adverse event data are collected and investigations are per-
formed when devices malfunction and/or when patients or
device users are injured. Postmarket BG monitor problems
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are varied and can include, for example, monitor systems that
provide erroneous results due to test strip manufacturing
errors, design deficiencies that result in unanticipated but sig-
nificant user errors, or component failures that result in
shorter than expected expiration of strip reagents. Sometimes,
the root cause of device problems is not definitively identi-
fied. When these postmarket issues occur, the FDA and man-
ufacturers must work together to assess the potential health
impact of the problem. For BG monitor systems, the health
impact generally relates to the likelihood that the monitor will
generate erroneous results, and that patients or health care
providers will act on those results. Therefore, the frequency
and magnitude of the error is evaluated to try to assess the
overall risks to the public. A new error grid that can better
indicate the clinical risk of device errors can facilitate deci-
sion making for manufacturers and the FDA to allow for effi-
cient and appropriate postmarket actions.

Diabetes Technology Society (DTS) in association with
representatives of the Food and Drug Administration (FDA),
the American Diabetes Association (ADA), the Endocrine
Society (TES), and Association for the Advancement of
Medical Instrumentation (AAMI), convened a series of 3
meetings in 2012 and 2013 with representatives of the FDA,
National Institutes of Health, US Army, academia, and indus-
try to develop a new error grid as a metric of clinical accu-
racy for BG Monitors. The panel of experts decided that (1)
the greatest need for an error grid would be for surveillance
and postmarket assessment of cleared devices and (2) a mod-
ern error grid would provide a metric for use by FDA, BG
monitor manufacturers, and other regulatory bodies to assess
the degree of clinical risk from clinically inaccurate BG
monitors for postmarket decision making. This grid was not
developed as a tool for assessing the clinical performance of
BG monitors for the purpose of supporting premarket regula-
tory clearance or approval of a new device. This article
describes the development, features, and performance of the
new surveillance error grid (SEG).

Methods

The panel surveyed diabetes clinicians to develop a consen-
sus metric of clinical accuracy based on the clinicians’
assessments of clinical risk resulting from various errors in
measured BG levels by a monitor. The impact of such errors
on 4 types of archetypal patient scenarios was surveyed.

Respondents were selected by invitation if they were
included in one of 3 databases: (1) member of the ADA, self-
declared as a clinician; (2) attendee, speaker, or Planning
Committee of a DTS meeting between April 2009 and April
2013; (3) clinician colleague of a member of the Error Grid
Panel (whose names are listed either as being among the
authors of this article or as being among the panel, which is
identified on the list of authors of this article). If a survey
respondent requested permission to pass the survey website
to another clinician, then this request was granted.

Table I. Error Grid Survey Demographic Questions.

I. Are you a clinician who Yes No
typically sees each week at
least 10 diabetes patients
who perform SMBG?

2. How would you describe Diabetes Primary Nonphysician ~ Other
yourself most closely? specialist care diabetes
physician physician health care
professional
3. Where do you mainly see In the US Outside of
patients? the US
4. What type of patients do you Adults only Some or all
usually see? pediatric

Respondents who agreed to take the online error grid sur-
vey were initially asked 4 demographic questions under the
heading, “Tell us about yourself.” These questions and the
permitted responses in parentheses following each question
are listed in Table 1. Respondents were required to answer all
4 of these demographic questions before they could progress
to see the patient scenarios or the questions about clinical
accuracy. Data from nonclinicians were not used for the pur-
pose of creating this error grid.

Respondents were randomly presented 2 scenarios out of
4 possible fictitious scenarios. We elected to ask respondents
to rate only 2 scenarios to not overly burden them and pro-
mote more clearly reasoned responses. There were 6 possible
pairs of scenarios that could be presented to a respondent.
The pair that was presented to each respondent was selected
with software for random number generation. The 4 arche-
typal patient scenarios included scenario 1 (type 1 diabetes
mellitus [DM] patient using an insulin pump), scenario 2
(type 2 DM patient using insulin), scenario 3 (type 2 DM
patient not using insulin), and scenario 4 (type 1 DM patient
using multiple doses of insulin [MDI] and a real-time con-
tinuous glucose monitor [CGM]). The description of each
patient is in Table 2. The patient histories were constructed to
reflect 4 types of patients where errors by BG monitors
would have clinical impact.

For both patient scenarios, respondents were asked to
complete a table with the minimum and maximum end of the
range of BG levels that would correspond to one of 5 types
of actions: (A) emergency treatment for low BG; (B) take
oral glucose; (C) no action needed; (D) take insulin; and (E)
emergency treatment for high BG. Scenario 3, which was a
non-insulin-using patient, had a different action for action D,
which was exercise and eat less. For each patient the respon-
dent was then asked to assess the clinical risk (ranging from
severe hypoglycemia to severe hyperglycemia) that could
result from taking action (or not taking action) based on vari-
ous monitor errors. Each respondent was asked to compare
monitor measurements from each of the 5 possible BG
ranges A-E above to actual BG concentrations from each of
the same 5 possible glucose ranges. Each respondent used
their own glucose ranges for A-E which they had previously
defined. Respondents were asked to choose 1 of 9 magni-
tudes of clinical risk for each possible combination. The 9
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Table 2. Four Patient Scenarios.

Scenario I: Type This patient is an |8-year old man with

| DM patient type | diabetes who uses an insulin pump
using an insulin that delivers fast-acting insulin analog. He
pump has hypoglycemia unawareness. He was

hospitalized last year for ketoacidosis.
Most days he drives his motorcycle 50
miles to get to school, work after school,
sports practices, and social commitments.
He has received 2 speeding tickets in the
past 2 years. He is monitoring himself to
try to avoid running glucose levels that
are too high or too low. His BMl is 25.

This 62-year old man with type 2 diabetes
uses fast-acting insulin analog 3 times daily
with meals and also uses basal insulin.
He has mild peripheral neuropathy and
mild hypoglycemia unawareness. He had
a myocardial infarction 4 years ago. His
BMl is 30.

This 57-year old woman with type
2 diabetes uses metformin and a
sulfonylurea. She tries to watch what
she eats and exercises occasionally. She
is being treated for hypertension and
hyperlipidemia. Her BMI is 35.

This 35-year old woman with type |

Scenario 2: Type
2 DM patient
using insulin

Scenario 3: Type
2 DM patient
not using insulin

Scenario 4: Type

| DM patient diabetes uses fast-acting insulin analog 3
using MDI and times daily with meals along with basal
CGM insulin. She uses a CGM every day. The

patient works at home and lives alone.
She uses a home BG monitor to calibrate
the CGM and to calculate her mealtime
insulin doses. She depends on the CGM’s
alarms to protect her from overnight
hypoglycemia and hyperglycemia, as

well as to provide her with real-time
information. Her BMl is 24.

possible clinical impacts or levels of performance that could
be selected are presented in Table 3. If the measured BG and
the actual BG were in the same range, then that square was
prefilled as a no-risk outcome.

Calculation of Clinical Risk for Each Combination
of Measured and Reference BG Levels

The degree of risk for hypo- or hyperglycemia identified by the
survey responders was later coded according to the ranges in
Table 4. The risk ratings in zones defined by SMBG and actual
values were calculated and presented in a 5 % 5 table for each of
the 4 scenarios. These tables presented the mean action bound-
aries for each of the 5 actions for each of the 4 scenarios.

A grid was created for each respondent, such that each
point on the grid represented a data pair consisting of refer-
ence glucose on the x-axis and measured glucose on the
y-axis. Each data point was then integrated and averaged for
the entire set of respondents such that for the overall

Table 3. Nine Risk Zones of Clinical Impact each with their
Magnitude of Risk for 5 Measured Zones of BG Levels by SMBG
Combined With 5 Reference BG Levels (Both Within the Range
of 0 to 600 mg).

Name of the

clinical impact

zone Magnitude of risk

0 No risk

Hypo | Slight risk of hypoglycemia
Hypo 2 Moderate risk of hypoglycemia
Hypo 3 Great risk of hypoglycemia
Hypo 4 Extreme risk of hypoglycemia
Hyper | Slight risk of hyperglycemia
Hyper 2 Moderate risk of hyperglycemia
Hyper 3 Great risk of hyperglycemia
Hyper 4 Extreme risk of hyperglycemia

consensus error grid each data point could be assigned a
unique mean score according to the mean perception of clini-
cal risk for that data pair. This calculation created a gradual
spectrum of risk within each risk zone that was defined by a
range of risk scores (rather than a set of risk zones whose
data points all contained the same risk). The spectrum of risk
fanned out from no risk whatsoever (the identity line between
measured and reference measurements) toward the greatest
risk where the 2 measurements were maximally divergent.
The average risk scores for each data point were plotted out
in color using a spectrum presented in Figure 1.

Each surveyed clinician identified 9 risk zones ranging
from extreme risk for hypoglycemia, to no-risk, to extreme
risk for hyperglycemia (Table 3). Across all surveyed clini-
cians these ratings produced a nearly continuous risk esti-
mate for each reference-SMBG data pair. These risk estimates
range from —4 to +4, with zero corresponding to no risk
(Table 4). Figure 1 presents the risk level map that is color-
coded by absolute risk value (Figure 1). The risk estimates
were further divided into 15 risk zones with risk increments
of 0.5 resulting in 1 “no risk,” 7 hypoglycemic, and 7 hyper-
glycemic risk zones. The risk ranges associated with each
risk zone and a name for each zone are presented in Table 5.

Comparison of the Clarke, Parkes, and
Surveillance Error Grids With Modeled Data

To compare the risk sensitivity scoring of the 2 prior error
grids (CEG and PEG), to the new SEG we generated a set of
simulated reference-monitor data pairs corresponding to the
accuracy of an “average meter” as tested in recent survey of
43 SMBG devices by Freckmann et al.'® In this article, the
devices were tested for compliance with ISO 15197-2013,
which specifies that 95% of the data pairs should be within
+15 mg/dl from reference for reference glucose levels < 100
mg/dl, or within £15% from reference for reference glucose
levels 2100 mg/dl. In addition, Tables 3 and 4 in Freckmann
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Table 4. Scoring System for Degree of Risk for Any Pair of Data
Points of Measured BG and Reference BG.

Table 6. The Demographic Distribution of the 206 Error Grid
Survey Clinician Respondents.

Clinical impact/

degree of risk Hypoglycemia Hyperglycemia
None 0 0
Slight -1 |
Moderate -2 2
Great -3 3
Extreme -4 4

Table 5. The Degree of Risk and Range of Risk Scores of the |5
Risk Zones of the SEG and the 9 Magnitudes of Risk of the Clinician
Survey From Which the 15 SEG Risk Zones Were Derived.

Risk zone
Degree of risk Range of risk scores coding
None -0.5 to +0.5 0
Slight for hypoglycemia, lower <-0.5and>-1.0 -1
Slight for hypoglycemia, higher <-l.0and>-I.5 -2
Moderate for hypoglycemia, lower <-l.5and >-2.0 -3
Moderate for hypoglycemia, higher <-2.0and>-25 -4
Great for hypoglycemia, lower <-25and>-3.0 -5
Great for hypoglycemia, higher <-3.0and>-35 -6
Extreme for hypoglycemia <-35and>-4 -7
Slight for hyperglycemia, lower >0.5and< 1.0 |
Slight for hyperglycemia, higher >1.0and< I.5 2
Moderate for hyperglycemia, lower >1.5and <20 3
Moderate for hyperglycemia, higher >20and <25 4
Great for hyperglycemia, lower >25and<3.0 5
Great for hyperglycemia, higher >3.0and < 3.5 6
Extreme for hyperglycemia >35and<4 7

Frequency Percentage

Professional distribution

Diabetes specialist physician 114 55.3

Primary care physician 5 24

Nonphysician diabetes 72 35.0

health care professional

Other I5 7.3

Total 206 100.0
Patient type treated

Adults only 157 76.2

Some or all pediatric 49 23.8

Total 206 100.0
Geographic distribution

In the US 161 78.2

Outside of the US 45 21.8

Total 206 100.0

Table 7. The Number of Responses by Clinicians for Each of the
4 Patient Scenarios.

Responses to each of 4

patient scenarios Frequency Percentage
Scenario |—patient | 101 245
Scenario 2—patient 2 102 248
Scenario 3—patient 3 105 255
Scenario 4—patient 4 104 252
Total 412 100.0

et al'® present data for the percentage readings yielded by the
tested devices within =10 mg/dl and +5 mg/dl from reference
when BG is below 100 mg/dl, and within £10% and +5%
from reference when BG is above 100 mg/dL. These data
allow the analytical reconstruction of the distribution of
meter errors observed during this testing, thereby allowing
this distribution to be computer-simulated for testing of the
association between SEG and CEG/PEG as follows: First,
the error distribution of the average meter was approximated
by a 4-parameter Johnson distribution that had characteris-
tics approximating these observed by Freckmann et al, on
average 91%, 81%, and 55% of all readings within =15 mg/
dl, 10 mg/dl, and £5 mg/dl from reference for reference glu-
cose levels < 100 mg/dl, and 93%, 80%, and 50% of all read-
ings within +£15%, +10%, and £5% from reference for
reference glucose levels >100 mg/dl. Then, 10 000 data pairs
spanning the glucose range as required by ISO 15197-2013
were generated, which yielded simulated data that were
92.5% accurate according to the ISO 15197-2013 accuracy
criteria. This degree of accuracy of the simulated data corre-
sponded to the average accuracy observed by Freckmann et
al in real devices. After a realistic meter error distribution
was generated, the resulting 10 000 data pairs were sent

through the SEG to compute the risk values corresponding to
each data pair and through the CEG and PEG to compute the
percentage pairs falling in lower or upper zones A, B, C, D,
and E (and zones >B were defined by us as regions where
measurement errors are likely to affect the clinical outcome).
To assess numerically the agreement between SEG and the
CEG and PEG we computed Spearman’s rho (correlation)
and Kendall’s tau-b—standard measures of association
between ordered values.

Results

Descriptive Statistics

There were a total of 234 respondents to the error grid sur-
vey. The professional distribution of the 234 error grid sur-
vey respondents was 206 clinicians (88% oftotal respondents)
and 28 nonclinicians (12% of total respondents). The demo-
graphic distribution of the 206 error grid survey clinician
respondents is presented in Table 6. Each clinician evalu-
ated 2 scenarios. The number of responses by clinicians for
each of the 4 patient scenarios is presented in Table 7. The
distribution of error grid action boundaries for all 4 patient
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Table 8a. The Type | Patients of Scenario | and Scenario 4.

Type | diabetes Scenario | Scenario 4
Min BG Max BG Min BG Max BG

Action (Mean, SD) (Mean, SD)  (Mean, SD)  (Mean, SD)
A: Emergency RX for — 54.6 (14.6) — 50.1 (13.6)

low BG
B: Take oral glucose 55.6 (14.6) 81.7 (15.7)  51.1 (13.6) 75.2 (10.5)
C: No action needed 82.7 (15.7)  153.5(35.2) 76.2 (10.5) 147.2 (32.5)
D: Take insulin 154.5(35.2) 3353 (118.0) 1482 (32.5) 321.3(1233)
E: Emergency RX for  336.3 (118.0) — 322.3(1233) —

high BG

Table 8b. The Type 2 Patients of Scenario 2 and Scenario 3.

Type 2 diabetes Scenario 2 Scenario 3
Min BG Max BG Min BG Max BG
Action (Mean, SD) (Mean, SD)  (Mean, SD) (Mean, SD)
A: Emergency RX for — 54.5 (13.6) — S5L1(11.9)
low BG
B: Take oral glucose 55.5 (13.6) 79.9 (129)  52.1 (11.9) 747 (10.7)
C: No action needed 80.9 (12.9) 152.7 (43.3) 757 (10.7) 149.8 (32.3)

D: Take insulin (scenario 153.6 (43.3)
2) exercise/eat less
(scenario 3)

E: Emergency RX for
high BG

330.2 (109.3) 150.8 (32.3) 281.2 (86.7)

3312 (109.3) — 282.2 (86.7) —

scenarios is presented in Table 8. We performed 4 compari-
sons of the responders’ opinions about the boundaries for the
5 treatment actions according to (1) clinicians versus noncli-
nicians, (2) clinicians across types of professionals, (3) adult
versus child endocrinologists, and (4) US versus non-US cli-
nicians. We also compared the opinions of all the clinicians
for boundaries between risk zones across all 4 patient
scenarios.

Comparing the Opinions of Clinicians Versus
Nonclinicians

F test (ANOVA) comparison reveals no “distance” between
the 2 types of professional (clinician and nonclinician) for
any of the variables in Tables 8a and 8b: all F values < 2.0,
all P values > 0.15. The selection of clinician responses only
for use in creation of the error grid was felt to be justified by
the scope of the study and by the lack of differences between
these 2 types of professionals.

Comparing the Opinions of Clinicians across
Types of Professionals

F test reveals no significant distance between the types of
clinicians for the boundaries between A-B, B-C, and D-E
zones. However, the boundary between C (no action) and D
(either take insulin, or exercise and eat less) zones was
judged differently by different clinicians: diabetes specialist

physicians set this boundary higher (158 mg/dl) in all 4 sce-
narios (F =7.1, P <.005) than primary care physicians (132
mg/dl), nonphysician diabetes health care professionals (143
mg/dl), and other clinicians (139 mg/dl). There were no sig-
nificant differences between the 4 scenarios.

Comparing the Opinions of Adult Versus Child
Endocrinologists

F test (ANOVA) comparison reveals no “distance” between
the boundaries for different treatment actions in Tables 8a
and 8b set by clinicians who see only adults and those who
see some or all children. All F values were < 2.0 and all P
values were > 0.2.

Comparing the Opinions of US Versus Non-US
Clinicians

The opinions of US versus non-US clinicians differed sig-
nificantly in the determination of A-B, C-D, and D-E bound-
aries as presented in Table 9. These differences were
consistent across all scenarios—there was no significant
“interaction” between US—non-US choices and any specific
scenario. Thus, separate US versus non-US boundaries of the
grid was considered, particularly at the C-D and D-E bound-
aries, which would be lower according to US clinicians.
Based on the fairly small specific differences in risk bound-
aries, however, the panel decided that creating a US error
grid and a non-US error grid is not justified.

Comparing the Opinions of All the Clinicians for
Boundaries Between Risk Zones Across All 4
Scenarios

There were some statistically significant differences
between the boundaries determined for the 4 scenarios: the
B-C boundaries were significantly lower for scenarios 3
and 4 compared to scenarios 1 and 2 (F'=7.7, P <.05). The
numerical difference, however, was only 3-4 mg/dl, which
is not clinically significant. The only statistically and clini-
cally significant difference was observed for the D-E
boundary, determined to be lower in scenario 3 (type 2 not
on insulin), F/=5.2, P <.05. However, the panel concluded
that creation of 2 separate error grids because of these 2
separate lower boundaries just for this single case is not
justified. Combining all 4 scenarios together and then
averaging the boundaries for this mean scenario generated
mean boundaries across all 4 scenarios. The average ranges
and average boundaries (rounded to the nearest integer) of
glycemia for the treatment actions across all 4 scenarios
are presented in Table 10. The average cutoff points sug-
gested by this analysis for the boundaries between various
action zones are then given in the rightmost column of
Table 10.
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Table 9. Risk Boundaries for Blood Glucose Levels (mg/dl) Set
by US and Non-US Clinicians.

US vs non-US blood

Risk boundary glucose level (mg/dl) Probability
A-B 53.5vs 48.9 F=183,P<.005
B-C 78.1 vs 76.7 P = nonsignificant
C-D 147.0 vs 164.3 F=17.0,P<.00l
D-E 310.0 vs 340.8 F=5.0,P<.05

Table 10. Average Zone Boundaries (Mean Across All 4
Scenarios Combined Together).

Cutoff points of

Average  boundaries from the
upper  top of one zone to the
Treatment action Range (mg/dl) boundary  next zone (mg/dl)
A: Emergency RX for 0-52.5 A-B 52-53
low BG

B: Take oral glucose 53.5-77.8 B-C 77-78

C: No action needed 78.8-150.8 C-D 150-151

D: Take insulin 151.8-316.7 D-E 316-317

(scenarios 1, 2, 4),
exercise/eat less
(scenario 3)

E: Emergency RX for
high BG

317.7 and
higher

Table 11. Absolute Values and Actual Values of 5 Hypoglycemia
and 5 Hyperglycemia Risk Zones Assigned by Clinician Survey
Respondents, as Well as Color Family for Each Risk Zone in the
Surveillance Error Grid.

Range of Range of

Degree of Abs value of the  hypoglycemia hyperglycemia  Color
risk range of scores risk scores risk scores family
None 0to 0.5 0to -0.5 0to 0.5 Green
Slight >05t0<15 <-05to-I5 >05tol5 Yellow
Moderate > 15t0<25 <-15t0-25 >15t025 Orange
Great >25t0<35 <-25t0-35 >25t035 Red

Extreme >35to<4 <-35t0o-40 >35t040 Brown

Continuous Color-Coded Error Grid

For each degree of risk for hypoglycemia or hyperglycemia
identified by the survey responders a score was assigned as
presented in Table 11 For each data point a color was assigned
from a continuous palette ranging from green in the lowest
risk zone through yellow, orange, and red and finally to brown
in the highest risk zones according to the following system
presented in Table 11. The degrees of risk are each linked to a
range of scores that could be awarded by clinicians for this
much risk. For each degree of risk a dominant color (or a
color family) was used but the individual data points within
each range were each assigned a unique color within the color
family according to their exact score. The exact risk scores

s
| Extreme ‘

N w w
n i
| High

Risk Level
~

Measured BG
Moderate

100 200 300 400 500 600

Reference BG

Figure 1. (a) Color-coded continuous surveillance error grid
and (b) key to color-coded risk levels.

that were calculated for all the pairs of monitor measurements
and reference measurements are presented in Appendix A.

During the data review, outliers were identified that
affected 6.6% of all data entries. Typically, these outliers
involved lower risk rating in a higher risk zone. For example,
a sequence of increasing hypoglycemia risks A-B = -2, A-C
=—3, A-D =—4 was followed by a rating of A-E = 0 (no risk).
These sequences are further analyzed in Appendix B and
were removed using a data cleaning procedure described in
Appendix B. The cleaning resulted in slightly “steeper” risk
ratings at the edges of the risk table—see Appendix B for
details. All results below reflect cleaned risk ratings. We
believe these were likely errors in filling out the survey
rather than intended answers.

Each data pair (actual BG value, meter value) plotted on
the SEG graph, received a weight that is proportional to the
average risk rating for that point. The average risk rating was
computed for all clinician respondents and represents the
mean group opinion associated with this specific data pair.
Different respondents endorsed different boundaries between
the risk zones of the survey. Each point on the grid received
an average value, which was color coded as presented in
Figure 1. The boundaries between risk zones in this grid
were blurred, unlike in a traditional error grid, because each
data point can have a unique score and therefore a different
color than its neighbor. Figure 1 presents the continuous
error grid which contains no demarcated risk zones, because
the user can select whichever boundaries for risk that they
wish. Figure la contains the color-coded risk zones and
Figure 1b contains a key to the color-coded risk zones.

The limits of some of the risk levels in Figure 1a had a cor-
rugated rather than a smooth boundary. These notched bound-
aries were present because many respondents used the same
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Figure 2. Distributions of the modeled data across the zones of the (a) Surveillance Error Grid, (b) Clarke Error Grid, and (c) Parkes

Error Grid.

boundary levels for taking an action. Because the boundary
levels were not selected randomly, there was a tendency for
risk zones to sometimes be distributed in quantum packets
rather than always in gradually distributed patterns. Because
the grid was a consensus of experts, we elected to use actual
risk indices for every data point, rather than use a smoothing
calculation to alter empirically collected data points.

It should be noted that the SEG is not symmetrical with
respect to risks for data pairs that are above/left compared to
below/right of the identity line. This means that clinical sig-
nificance of risk zones above/left of the identity line (hypo-
glycemia risk) is different from the clinical significance of
risk zones below/right of the identity line. Using a continu-
ous gradient error grid, a BG monitor rating can be defined
as the percentage of data points above or below any particu-
lar score or between any pair of scores. The upper limit of the
SEG was set at a BG value of BG = 600 mg/dl because this
is the upper limit of measurement of most SMBG devices.

Comparison of the Clarke, Parkes, and
Surveillance Error Grids With Modeled Data

The modeled data had the following descriptive statistics:

e Reference BG: mean = 171.9, SD = 109.2, min = 25,
max = 594, 30% of all readings below 100 mg/dl
e SMBG: mean = 171.6, SD = 109.9, min = 20, max =

599
e SMBG reference: mean = 0, SD = 16.8, min = —140,
max = 122

In other words, the simulated SMBG did not have bias, but
could overestimate or underestimate the reference by more
than 100 mg/dl. Figure 2 presents the distribution of the error
of the modeled data. It is seen that the distribution is not nor-
mal (Gaussian)—it has higher accumulation of mass in the
middle and heavier tails—properties that are governed by the
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Figure 3. Comparison of the 3 error grids by presenting the (a) Clarke Error Grid and the (b) Parkes Error Grid each superimposed

over the Surveillance Error Grid.

meter accuracy data reported by Freckmann et al.'® Based on
the generated N = 10 000 (reference, SMBG) data pairs, we
computed the zones of SEG, CEG, and PEG. Figures 2a, 2b,
and 2¢ present histograms (in log scale) of these zones. The
5 zones of the CEG (Figure 3a) and the 5 zones of the PEG
(Figure 3b) are presented superimposed over the continuous
zones of the SEG to pictorially compare the 3 error grids.

In Table 12, the modeled data are classified according to
the percentages in the 5 zones of the CEG (Table 12a) and
the PEG (Table 12b) and the clinical risk zones of the SEG.
The statistical comparisons between the 3 frequency distri-
butions yield the following results:

e CEG versus SEG: Spearman correlation = .36,
Kendall’s tau-b = .35, P <.001 (Table 12a)

e PEG versus SEG: Spearman correlation = .31,
Kendall’s tau-b = .30, P <.001 (Table 12b)

e CEG versus PEG: Spearman correlation = .58,

Kendall’s tau-b = .58, P <.001 (Table 12¢)

While all these associations are statistically significant
(partly because of the large amount of modeled data), the
association between the classic CEG and PEG is much stron-
ger than the association between these 2 classic analyses and
the new SEG.

SEG correlates to a moderate extent with the two classic
error grids (indicating that a similar effect is being measured)
but not to an extremely strong extent (indicating that SEG is
measuring a different effect than the two classic error
grids). The strength of the associations of SEG with CEG
and PEG demonstrates the SEG to be in the so called “sweet
spot” for a new metric, in that it is different but not too dif-
ferent from prior metrics.

Discussion
Consensus Process

The surveillance grid is based on a consensus of 206 interna-
tional clinicians whose responses were analyzed and pro-
cessed into a continuous risk error grid. They provided input
about the clinical risks of inaccurate BG monitors in 4 spe-
cific archetypal patient scenarios (Table 2). Data from non-
clinicians were not used for the purpose of creating this error
grid. Based on the similarity of risks reported by various
types of clinicians and for contrasting scenarios, the Error
Grid Panel decided that a single grid would suffice for type 1
and type 2 as well as for various types of health care profes-
sionals working in the United States and outside of the
United States. When we initiated the project we did not know
whether different types of clinical situations would result in
significantly different grids or whether a single grid would
suffice for all types of patients and all types of clinicians in
all types of locations. The continuous error grid that we
developed is an unweighted composite of all the risks scores
for all the patient scenarios that were submitted by the clini-
cal experts. Additional archetypal scenarios could have also
been considered, but (unlike the Clarke grid that specified
one scenario and the Parkes grids that specified 2 scenarios),
the panel thought the 4 scenarios in this report represented
the vast majority of patients with diabetes, and a larger num-
ber of scenarios would have been unwieldy to work with.
Our survey indicated that diabetes clinicians believe that
BG monitor errors leading to hypoglycemia or hyperglyce-
mia present equivalent risks regardless of the type of diabetes
or the treatment modality. The finding that the survey respon-
dents found no significant difference in risks of inaccuracy
for insulin treated and non-insulin-treated patients is relevant
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Table 12a. Association Between Clarke Error Grid and Surveillance Error Grid.

SEG risk zone

CEG zone <=2 -2--15 -1.5--1 -1--05 -0.5-0.5 0.5-1 I -1.5 1.5-2 >2
Hypo D, E 2 18 36 2 0 0 0 0 0
Hypo C 0 0 0 0 0 0 0 0 0
Hypo B 0 0 17 96 19 0 0 0 0
A 0 0 20 1149 7587 885 16 0 0
Hyper B 0 0 0 0 14 71 58 8 0
Hyper C 0 0 0 0 0 0 0 0 0
Hyper D, E 0 0 0 0 0 | I 0 0
Table 12b. Association between Parkes Error Grid and Surveillance Error Grid.

SEG risk zone
PEG zone <=2 -2--15 -1.5--1 -1--05 -0.5-0.5 05-1 I -1.5 1.5-2 >2
Hypo D, E 0 0 0 0 0 0 0 0 0
Hypo C 2 3 2 0 0 0 0 0 0
Hypo B 0 14 15 18 0 0 0 0 0
A 0 | 56 1229 7604 834 38 0 0
Hyper B 0 0 0 0 16 123 37 8 0
Hyper C 0 0 0 0 0 0 0 0 0
Hyper D 0 0 0 0 0 0 0 0 0
Table 12c. Association Between Clarke Error Grid and Parkes Error Grid.

PEG zone

CEG zone Hypo D, E Hypo C Hypo B A Hyper B Hyper C Hyper D
Hypo D, E 0 5 15 38 0 0 0
Hypo C 0 0 0 0 0 0 0
Hypo B 0 2 29 101 0 0 0
A 0 0 3 9583 71 0 0
Hyper B 0 0 0 40 11 0 0
Hyper C 0 0 0 0 0 0 0
Hyper D, E 0 0 0 0 2 0 0

for the current debate as to whether payers are justified in
providing less accurate (and presumably less costly) monitors
to diabetes patients who are not using insulin than to patients
who are using insulin, which is an occasionally expressed
payer position.'” Our data indicate that diabetes experts
strongly believe that both groups are at similar risks of acute
complications with inaccurate monitors and that both groups
need similarly accurate BG monitors. A prior survey about
accuracy of BG monitors of multiple physicians from multi-
ple specialties (family practice, internal medicine, and endo-
crinology) noted no significant differences between the
opinions of these 3 types of practitioners related to: 1) upper
and lower (respectively) limits of hypoglycemia, and hyper-
glycemia; 2) the upper and lower limits of acceptable blood
glucose for patients.'® To our knowledge this article presents

the first survey of health care professionals which addresses
the inadequacy of 2-tiered accuracy levels of BG monitors
based on patients’ use of insulin.

Using the Surveillance Error Grid

The survey compared the results of a test method to a refer-
ence method. In some cases where the SEG will be used, the
so-called gold standard reference method could actually be a
routine laboratory method, known then as a comparison
method.

It should be noted that in any SEG, data points that are
above or below a risk threshold or between 2 isobars of risk
do not necessarily have the same risk. There is a spectrum of
risk for the data points within any risk zone that can be



668

Journal of Diabetes Science and Technology 8(4)

constructed to lie between a pair of risk scores. As discussed
in Appendix A, there are 360 000 risk values defining the
SEG on a 600 x 600 nearly continuous grid. Although the use
of risk isobars produces an approximation of average risk
within a zone, only a calculation and summation of the risk
for each data point produces the average risk of a particular
set of data points. With the CEG and PEG, every point within
8-9 discrete risk zones has the same degree of risk. What
distinguishes the present SEG from the 2 prior grids is that in
the present grid it is not necessary to combine groups of data
points into discrete risk zones (although this can be done).
The SEG, which uses risk scores to individually account for
each data point, will produce a more granular analysis of BG
monitor clinical performance data than has been possible
previously. Using the continuous scoring feature of this grid,
it is also possible to define any risk score that the user wishes
to specify to determine the percentage of data points falling
above and below this risk level.

The SEG permits the user to select risk ranges in several
ways, including ranges based on (1) user-selected risk score
cutoffs, leading to either binary pass-fail outcomes (based on
the percentage of data points above or below a single cutoff
risk score) or nonbinary outcomes (based on sets of percent-
ages of data points above or below multiple cutoff risk
scores); (2) actual risk scores assigned by the survey respon-
dents divided into 9 wide risk zones (per Table 3), where the
clinical significance of hypoglycemia and hyperglycemia
scenarios with the same magnitude of risk are distinguished
from each other, or divided into 15 narrow risk zones (per
Table 5) in increments whose absolute value is 0.5 units of
risk score; and (3) absolute values of the risk scores assigned
by survey respondents, where the clinical significance of
hypoglycemia and hyperglycemia scenarios with the same
magnitude of risk are not distinguished, leading to 5 (per
Table 4) or 8 (per Table 5) risk zones. Part of the value of this
grid is that it is so versatile in how it can be used. Because
each data point in the SEG has a unique clinical risk score,
there is an important difference between assigning data
points into zones with the SEG compared to the 2 classical
error grids.

Comparison of the Surveillance Error Grid With
the Clarke Error Grid and the Parkes Error Grid

The 2 error grids that are currently widely used for describ-
ing the clinical accuracy of BG monitors are known as the
CEG and the PEG. The CEG was developed by 5 diabetes
experts from the University of Virginia and published in
1987 and was adapted to evaluate the clinical accuracy of
BG monitors at that time® and also to evaluate the clinical
significance of errors by patients in estimating BG levels."
The PEG refers to 2 grids (also known as the consensus error
grids) for evaluating the clinical accuracy of BG measure-
ments, which were intended for type 1 diabetes and type 2
diabetes.”’ They were developed by 4 diabetes experts from

Becton Dickinson, Inc and Albert Einstein College of
Medicine. These 2 error grids were developed in 1994
through a survey of 100 physicians who treat patients with
diabetes and who were attending the 1994 American Diabetes
Association Meeting. Their identities, specialties, and loca-
tion were not recorded. These error grids were published 6
years later in 2000.

The CEG presented 9 risk zones corresponding to the
degree to which a decision that was made based on one zone
would be clinically acceptable or unacceptable. The zones
were called A, B, C, D, and E. Zones B, C, D, and E appeared
twice on the grid depending on whether a clinically inappro-
priate response to an inaccurate BG level would lead to either
overtreatment or undertreatment. The A zone was not
repeated because data points in this range were clinically
acceptable and only one clinical outcome (acceptable) was
associated with points in this zone.

The PEG presented 8 risk zones corresponding to the
degree to which a decision that was made based on one zone
would be clinically acceptable or unacceptable. The zones
were also called A, B, C, D, and E. Zones B, C, D, and
appeared twice on the grid depending on whether a clinically
inappropriate response to an inaccurate BG level would lead
to either overtreatment or undertreatment. The A zone was
not repeated because data points in this range were clinically
acceptable and only one clinical outcome (acceptable) was
associated with points in this zone. The E zone was also not
repeated. This is because the outcome defined by the E zone
(an altered clinical action, which could have dangerous con-
sequences) was only defined to occur for a risk of adminis-
tering glucose-lowering therapy excessively (ie, overtreating)
in cases of true hypoglycemia but not for a risk of adminis-
tering such therapy inadequately (ie, undertreating) in cases
of true hyperglycemia.

Compared to CEG and PEG, the new SEG is continuous,
that is, each point of the grid has its own risk value. A classic
error grid maps risk zones on a two-dimensional graph,
whereas the SEG is a three-dimensional graph plotted on two
dimensions, with the third dimension being color. The SEG
can accommodate contour lines of equal risk which appear
similar to the contour lines of equal elevation found on a
topographical map. When split into zones at 0.5 risk incre-
ments, the SEG results, compared to the CEG and PEG
results, are more granular, including 15 risk zones as pre-
sented in Figure 2a. The SEG results better follow the distri-
bution of the difference between SMBG and reference
glucose presented in Figures 2b and 2c. The use of the SEG
with 15 risk zones is justified because many contemporary
meters (particularly those meeting the ISO 15197-2013 stan-
dard) would have all of their data points in the Clarke’s or
Parkes’ A-zones, which would make these meters virtually
indistinguishable in terms of accuracy. With the SEG, a dif-
ference could still be noted because of the continuity and the
greater granularity of the analysis. Nevertheless, the SEG is
in good agreement with both CEG and PEG as evidenced by
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the modeled data presented in Tables 12a and 12b. However,
the agreement between the classic CEG and PEG is still bet-
ter (Table 12¢) mainly because with these modeled data over
95% of the data points fall within the A zones of both of these
analyses. We have to note, however, that the modeled data
are representative of the average meter accuracy observed
during testing of 43 different devices. Therefore, using CEG
and PEG to assess the accuracy of contemporary meters is no
longer justified—most new devices would yield primarily
A-zone readings in both CEG and PEG. The sequestration of
data into 15 risk zones in the SEG, rather than 8 or 9 zones as
were specified by the 2 earlier error grids, allows greater pre-
cision for quantifying risk, especially when the risks are low.

In addition to presenting data in 15 narrow zones (with a
range of 0.5 risk units) or in nine wide zones (with a range of
mostly 1.0 risk units), the risks can also be segmented into
scales of absolute risk irrespective of whether the risk is for
hypoglycemia or hyperglycemia. The 15 risk zones can be
condensed into 8 zones of severity irrespective of the direc-
tion of risk and the 9 zones can be condensed into five zones
of severity irrespective of the direction of risk. We expect
that for regulatory purposes the 15-zone distribution will be
used.

How the SEG Can be Used to Express Clinical
Performance

An error grid traditionally assigns each data point a risk
zone, which is based on whether there is a risk and how
much risk there is of an adverse clinical outcome from the
clinical action that would be taken in response to the BG
reading. The present SEG is the first one to our knowledge
that can not only use specific risk zones to assess each data
point, but can also calculate and then assign a unique, clini-
cian-assigned risk score (from the lowest risk to highest
risk of an adverse outcome) for each data point. A tradi-
tional error grid presents only risk zones that contain data
points with a variety of risks (some higher than the mean
risk score of the zone and some lower than the mean risk
score of the zone), but the data points for each zone are all
lumped together into a single risk zone. For our SEG the
calculated outcome is not limited to the percentage of data
points falling between a predefined set of defined perfor-
mance isobars of risk. By presenting data with continuous
risk scores, the SEG allows continuous gradient to be cre-
ated with a rating of a BG monitor that can be defined as the
percentage of data points above or below any particular
score or between any pair of scores. Each user can create a
unique scoring system with this method. For users who
want the option of working with the same risk levels that
were defined by the clinician respondents, and who want to
calculate the percentage of data points that exceed or fall
below a specific target risk level, the risk scores that each
clinician used for their own clinical risk zones are located

in a legend on the right margin of the continuous grid
(Figure 1b). The data points in our error grid within each
zone do not all have the same risk and are intended to be
presented so that the percentage of data points exceeding a
risk threshold can be calculated.

Example of How the Surveillance Error Grid Can
be Used by Regulatory Agencies

When postmarket BG monitor issues occur, such as mal-
functions causing injuries or potential injuries, regulatory
agencies, such as FDA, and manufacturers must work
together to assess the potential health impact of the prob-
lem. For BG monitor systems, the health impact generally
relates to the likelihood that the monitor will generate
undetected, erroneous results, and that patients or health
care providers will act on those results. As demonstrated
by the modeled data example described here, the SEG has
the capability to provide an assessment of the clinical risk
of device errors in a more granular way than other tools
(such as prior error grids). In addition, the SEG risk score
for each data point plotted directly relates to the surveyed
opinions of a large group of clinicians about the risk of that
error for people with diabetes. This tool can help regula-
tory agencies, such as FDA, and manufacturers assess the
risk of the malfunction, as illustrated by the following
example.

Hypothetically, a test strip manufacturing error causing
a defect in approximately 2% of strips in each lot produced,
occurred during the manufacture of 17 lots of 1 million
strips each, and the defect in this subset of test strip causes
falsely low BG readings. Lot release testing would not be
likely to detect this defect, and control testing by the user
would also not detect this relatively infrequent occurrence.
Once on the market, the manufacturer becomes aware of
this problem due to user complaints, and performs an inves-
tigation. The SEG can be used to assess data sets generated
during the investigation by the manufacturer, modeled data
based on the root cause analysis of the problem, and/or
actual data reported by users compared to repeat test results
on unaffected strips from the same vial. The clinical impact
of the underestimation of BG caused by the defect can be
evaluated, and the regulatory authorities and the manufac-
turer can use the SEG risk estimation as a platform to com-
municate with each other about the overall risk to the public
due to the defect. This may lead to more efficient decision
making and risk communication toward resolution of post-
market problems.

Summary

The SEG is intended to assist regulatory authorities and man-
ufacturers in assessing the risks resulting from BG monitor-
ing systems that are on the market but encounter problems in
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the postmarket environment (eg, monitors that are reported
to have contributed to adverse events, or are under recall).
The incorporation of input from over 200 diabetes clinicians
and the analysis of the clinicians’ survey results by the 33
authors of this article render this new tool to be a timely and
credible consensus metric for assessing the clinical accuracy
of BG monitors. We expect that if the application of this con-
sensus surveillance grid proves to be useful for assessing BG
monitors, then this approach can be applied in the future to
other measuring devices.

Appendix A

Risk Scores for Each Data Pair of Monitor and
Reference Glucose

The table comprising the surveillance grid risk values con-
tains 337 561 numbers, which define a 581 x 581 grid of
risks for every reference-meter data pair within the SEG
range. Presenting the entire table in this would be cumber-
some. Therefore, we are providing an Excel spreadsheet with
all 337 561 risk scores, which is available for downloading at
www.diabetestechnology.org/SEGsoftware.

Appendix B

Data Cleaning Procedure and Results

Risk Zone Renumbering. The original risk zones in the survey,
which were numbered from 1-5, were renumbered as 0-4
after the survey was completed so that the risk scores could
conform more closely to the risk zones. The zone numbers in
this article all represent the renumbered zones.

Identified Outliers. As noted in the section on the continuous
color-coded error grid, during the data review, outliers were
identified that affected approximately 6.6% of all data
entries (543 out of 8240 entries) made by the clinicians par-
ticipating in the study. Typically, these outliers involved
lower risk rating in a higher risk zone. For example, a
sequence of increasing hypoglycemia risks A-B = —2,
A-C =-3, A-D = —4 was followed by a rating of A-E =0
(no risk) in each of 9 defined risk levels that were defined
by the surveyed clinicians.

Data Cleaning Procedure. These inconsistent sequences were
removed using a 2-step data cleaning procedure illustrated in
Figure B1.

At step 1, the data cleaning procedure identified sequences
of risk ratings that were not increasing with increased risk
(decreasing for hypoglycemia due to the inverse coding with
negative numbers). If an out-of-order value was encountered, it
was replaced by a value that preserved the risk-increase order.

* Risk alongblue lines must be decreasing
(eg.-45-35-2<-1<0)

* Risk alongred line must be increasing
(e.g.021222324)

« If either not true, replace first ‘notin
order’ value alongan arrow by last

o value:e.g.

* (01230)becomes(01234)or

1] * (0-1-200) becomes(0-1-2-2-2)

Step 1 0

* Risk alongblue lines must be decreasing
(e.g.-4<-3<-2<-1<0)

0 * Risk alongred line must be increasing
(eg.021222324)

< |If either not true, replace first ‘not in
order’ value alongan arrow by last

=0 value:e.g.

*« (01230)becomes(01234)or

* (0-1-200) becomes(0-1-2-2-2)

Step 2 0

o
-

Figure Bl. Action of the data cleaning procedure.

Table BI. Average Risk Ratings in Zones Across All 4 Scenarios
Defined by Reference and SMBG Values Computed Without Data
Cleaning.

SMBG E -3.42 -332 -273 -1.67 0
valuein D -3.04 -2.61 -1.62 0 1.33
zone c -22 -1.34 0 1.26 1.94

B -1.31 0 1.24 1.88 2.51
A 0 1.04 1.8 2.47 3.02
A B C D E

Reference BG value in zone

Similarly, at step 2 the procedure looked for out-of-order
sequences in reverse and made appropriate replacements.

Impact of the Data Cleaning. As noted above, the data cleaning
affected 543 values (6.6% of all entries). However, the effect
on the average risk across the error grid cells ratings was min-
imal. If we compute the average risk in each zone of risk
without activation of the data cleaning procedure, then we
will obtain the following risk ratings presented in Table B1.

If we recompute Table B1 with activation of the data
cleaning procedure, we will obtain the following risk ratings
presented in Table B2.

The difference between the “cleaned” and “noncleaned”
results (Tables B1 and B2) is presented in Table B3.

It is evident that the differences introduced by the data
cleaning are minimal (average = 0.095) and affect predomi-
nantly the outer edges of the table; that is, the extreme ratings
are slightly amplified by the cleaning.

To illustrate this effect further, Figure B2 presents a
recomputed error grid, with color-coded risk levels based on
noncleaned data. Careful comparison with Figure 1 would
reveal slight “discoloration,” or lower intensity colors along
the extreme edges of the figure.
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Table B2. Average Risk Ratings in Zones Across All 4 Scenarios
Defined by Reference and SMBG Values Computed With Data
Cleaning.

SMBG E -3.65 -3.47 -2.84 -1.67 0?
value D -3.18 -267 -1.62 0* 1.33
inzone C -2.35 -1.34 0? 1.26 2.11

B =1.31 0? 1.24 1.98 2.69
A 0? 1.04 1.98 2.66 3.25
A B C D E

Reference BG value in zone

“Risk ratings were not asked for reference BG and SMBG in the same
zone; thus 0 on the diagonal is implied value.

Table B3. Difference in Risk Ratings Due to Data Cleaning.

SMBG E 023 0.15 0.11 0 —
value in D 0.14  0.06 0 — 0
zone C 0.15 0 — 0 0.17

B 0 — 0 0.1 0.18
A — 0 0.18 0.19 0.23
A B C D E

Reference BG value in zone
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Figure B2. Color-coded Surveillance Error Grid based on
noncleaned data with a key to color-coded risk levels.
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