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Abstract

Background: Glucose data from intermittently scanned continuous glucose monitoring (isCGM) is a combination of
scanned and imported glucose values. The present knowledge of glycemic metrics originate mostly from glucose data from
real-time CGM sampled every five minutes with a lack of information derived from isCGM.

Methods: Glucose data obtained with isCGM and hemoglobin Alc (HbAIc) were obtained from 169 patients with type |
diabetes. Sixty-one patients had two observations with an interval of more than three months.

Results: The best regression line of HbA I c against mean glucose was observed from 60days prior to HbA, measurement
as compared to 14, 30, and 90days. The difference between HbA|c and estimated HbAlc (=glucose management indicator
[GMI]) first observed correlated with the second observation (R2 0.61, P < .001). Time in range (TIR, glucose between 3.9
and 10mmol/L) was significantly related to GMI (R2 0.87, P < .001). A TIR of 70% corresponded to a GMI of 6.8% (95%
confidence interval, 6.3-7.4). The fraction of patients with the optimal combination of TIR >70% and time below range
(TBR) <4% was 3.6%. The fraction of patients with TBR>4% was four times higher for those with high glycemic variability
(coefficient of variation [CV] >36%) than for those with lower CV.

Conclusion: The individual difference between HbA|c and GMI was reproducible. High glycemic variability was related to
increased TBR. A combination of TIR and TBR is suggested as a new composite quality indicator.
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Introduction the actual glucose value. In contrast, data from isCGM con-
sist of values that are actively scanned, presumably more fre-
quently when high or low glucose values are recognized, as
well as data that are automatically derived. Furthermore, if
the inter-scanning interval exceeds eight hours, gaps of miss-
ing data of variable duration are created. For these reasons, it
is not obvious to apply the same principle of data handling
and interpretation from rtCGM and isCGM.

At present, the costs of iSCGM are reimbursed for all
motivated patients with type 1 diabetes in many European

The inadequacy of hemoglobin Alc (HbAlc) as an isolated
marker of glycemic control has received much attention in
recent years.? Real-time continuous glucose monitoring
(rtCGM) provides a wealth of data including time in range
(TIR), glycemic variability (coefficient of variation [CV]),
glucose management indicator (GMI), and many other data.’
These data are increasingly used in daily clinical practice and
often come in the form of a one-page ambulatory glucose
profile (AGP).*¢

While rtGM transmits glucose data automatically every
five minutes, intermittently scanned continuous glucose : X )
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countries including Norway, Sweden, United Kingdom,’ and
Belgium.® In a type 1 population with unlimited access to
isCGM, we found that approximately 80% of individuals
without rtGM preferred using isCGM rather than self-mea-
surement of glucose (SMBG).’

The present recommendation of achieving TIR >70% is
still primarily based on regressions that link TIR 70% to a
HbAlc of 7.0% rather than an assessment of the risk of
hypoglycemia or diabetic complications.!® Although isCGM
is widespread, the present definition of optimal glycemic
parameters is based largely on data from rtCGM.

On the background of data from isCGM the aim of this
study was to describe: (1) the diurnal variation of available
glucose data (“‘active CGM time”), (2) the relation of HbA,
to mean glucose, and (3) to present data for TIR and glyce-
mic variability and to relate these findings to accepted crite-
ria for optimal treatment.

Methods

In Silkeborg Regional Hospital, Denmark, we have temporar-
ily had the opportunity to offer isSCGM (Freestyle Libre,
Abbott, Witney, UK) without restrictions to adult patients with
type 1 diabetes.” As part of routine clinical care, glucose data
were downloaded from the software platform Diasend (Glooko
+ Diasend) at each patient visit to the clinic. The data included
all scanned and automatically transmitted glucose values from
three months before the date at which HbAlc was measured
(typically one week before the visit). We present results from
all patients with isSCGM who had HbAlc measured with
HPLC from February through December 2019 and had used
isCGM for more than three months. For patients with more
than one observation period, it was required that the inter-
observational interval should exceed three months.

HbA, was measured with Tosoh HLC-723G11 (Tosoh
Europe, Tessenderlo, Belgium) with one recalibration per-
formed in the observation period.

Active CGM time (%) for a given time period, for exam-
ple 60days, was calculated as the number of 15-min periods
with at least one glucose value divided by the total number of
15-min periods (60 days = 5760 fifteen-min periods) X 100.
Accordingly active CGM time (%) for a given 15-min period
(eg, from 12:00 to 12:14) during 60 days of glucose sampling
was calculated as the number of periods with at least one
value divided by 60 X 100. Time below range (TBR [%],
glucose <70mg/dL [3.9mmol/L]), time in range (%,
70-180mg/dL [3.9-10.0mmol/L]), and time above range
(TAR [%], >180mg/dL [10 mmol/L]) were calculated as the
relevant number of 15-min periods divided by the total num-
ber with at least one glucose value X 100. Glycemic vari-
ability for a given time period was calculated as the CV
(standard deviation [SD] of 15-min glucose averages/mean
of 15-min glucose average X 100). The observation period
with the highest active CGM time (%) was selected if the
patient had more than one observation period.

Statistical Analysis

Per convention,®> most glycemic metrics are presented as
median and interquartile range (IQR). Mean glucose, calcu-
lated as area under the curve (AUC) divided by the length
of the observation period and as mean of 15-min averages,
was calculated with the R-package Flux. Linear regression
was performed to achieve R2 and standard error of the esti-
mate (SEE). Regression of HbAlc against mean glucose
values was calculated for 14, 30, 60, and 90 days before the
date HbAlc was measured and for three estimates of mean
glucose (mean of all values, AUC divided by duration of
observation period, and mean of 15-min averages). The
estimate of HbAlc is designated GMI in the following.
SEEs derived from different regression equations were
compared using Morgan-Pitman’s test. The SEE of GMI for
the regression and R2 was calculated for each of the combi-
nations of the four sampling period and three estimates of
mean glucose. The regression with the lowest SEE was
chosen for calculating GMI and for further calculation of
glycemic metrics.

Glycemic variability expressed as CV was normally
distributed as assessed by inspection of Q-Q plots and CV
for different time periods was compared with Student’s
paired ¢ test, and 95% confidence interval (CI) is presented.
The statistical packages SPSS ver. 20.0 and R ver. 3.4.1
were used.

Results

Patients

The data files of 178 patients with isCGM in the study period
were reviewed. We excluded patients with latent autoim-
mune diabetes of the adulthood (n = 4), secondary diabetes
(n = 3), type 2 diabetes (n = 1), and one patient treated with
erythropoietin.

A total of 169 individuals with type 1 diabetes were
included; their age was 52 (mean * SD) = 14years (range
18-77), diabetes duration 27 *= l14years (range 2-68), and
57% were males. Insulin delivery consisted of multiple daily
injections (MDI) in 84.6% and continuous subcutaneous
insulin infusion (CSII) in 15.4% of patients.

HbA | ¢ Measurement

The calibrator for measurement of HbAlc with Tosoh G11
was shifted on 29 March 2019. Twenty samples were mea-
sured with both the old and new calibrators. The difference
new — old calibrator was mean 0.06% (95% CI, 0.05-0.08, P
< .001). Consequently, 0.06% (0.71 mmol/mol) was added
to HbAlc values (n = 37) obtained before 29 March 2019.
HbA1c was median 7.4% (IQR: 6.9, 8.0). Sixty-one patients
had two observation periods. The number of daily glucose
scannings performed from 90 days preceding the first visit to
the clinic (n = 163) was median 11 (IQR: 8, 13).
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Figure |. The relation of HbAlc and mean glucose (mean of
I5-min glucose average for 60 days) for 169 patients with type |
diabetes.

The dotted line is the regression: GMI (%) = 0.02376 X mean glucose
(mg/dL) + 3.40. GMI, glucose monitoring indicator; HbA |l c, hemoglobin
Alc.

Active CGM Time

The active CGM time was reduced from approximately 95%
starting around 19:00, reaching a nadir of 83% at 22:30, and
returning to baseline at approximately 02:30 (Figure 2).

Calculation of Estimated HbA | ¢

Table 1 gives data for SEE and R2 for the different time peri-
ods (14, 30, 60, or 90days before measurement of HbAlc).
The three methods for calculating mean glucose (all values,
AUC, or 15-min average) had only negligible influence on
R2 and SEE for the regression and were nearly identical for
each of the four time periods. Overall, R2 increased and SEE
decreased when the period for calculating mean glucose rose
from 14 to 30 and 60 days. The standard error of the estimated
GMI based on the mean of 15-min average glucose from
60days was numerically the lowest and significantly lower
than SEE calculated from the regression based on 14- and
30-day glucose data (P < .01 for both). SEE was not signifi-
cantly different when calculated from 60days as compared
with 90days (P = .9). Consequently, GMI was calculated
from the regression line from 60days of glucose sampling.
The regression line was: GMI (%) = 0.02376 X mean glu-
cose (mg/dL) + 3.40, P < .001, SEE 0.57 (Figure 1). The
reverse regression was: mean glucose (mg/dL) = 27.366 X
HbAlc (%) —32.0, SEE 19.34.

For patients (n = 61) with two observation periods, the
interval between HbA 1 ¢ measurements was median 140 days
(IQR: 109, 203). The difference HbAlc — GMI for the sec-
ond observation was plotted against the difference for the
first observation. The regression line was: second (HbAlc
[%] — GMI [%]) = first (HbAlc [%] — GMI [%]) X 0.705

—0.04 (R2 0.61, SEE 0.28, P < .001) (Figure 3). A Bland-
Altman plot demonstrated that the difference second (HbAlc
— GMI) — first (HbA 1c — GMI) was independent of the mean
of the differences (Figure 4).

Time in Range

TBR (calculated from 60days) was 4.2% (IQR: 2.1, 7.3),
TIR 54.1% (42.6, 63.9), and TAR 39.5% (29.4, 51.6). GMI
was significantly curvilinearly related to TIR (Figure Sa):
GMI (%) = —0.0891 X TIR + 0.00041 X TIR? + 11.0 (P <
.001, R2 0.87, SEE 0.28). It follows that TIR 65% corre-
sponds to GMI 7.0% (6.5, 7.4) and TIR 70% to GMI 6.8%
(6.3, 7.4). The proportion of patients with GMI <7.0% who
also had TIR <70% was 55% (23 of 42 patients).

Given the optimal TIR >70% and TBR <4%, we can
divide the population into four categories: (A) TIR = 70%
and TBR = 4% (n = 78, 46.2%), (B) TIR = 70% and TBR
< 4% (n = 72,42.6%), (C) TIR > 70% and TBR = 4% (n
= 13, 7.7%), and (D) TIR > 70% and TBR < 4% (n = 6,
3.6%) (Figure 5b).

Glycemic Variability

CV calculated from 90days was slightly but significantly
higher than CV calculated from 14 days (CV 90days — CV
14 days = 0.72% [95% CI: 0.24-1.21, P < .01]). The relation
between CV and TBR is depicted in Figure 6. The proportion
of patients with CV = 36% who had TBR >4% was 17.2%
(10 of 58 patients) and the proportion of patients with CV
>36% and TBR >4% was 71.2%.

Discussion

We document that active isCGM time exhibits a characteris-
tic dip in the late evening of approximately six hours dura-
tion. This can be explained by an interval that for some
patients exceeds eight hours between the last scanned value
before going to bed and the first scanned value after rising in
the morning.

The temporary reduction in active CGM time is unlikely
to affect the calculation of mean glucose because the noctur-
nal reduction of glucose largely occurs after normalization of
active CGM time. To support this notion, we notice that the
equation used to calculate GMI from rtCGM obtained with
the Dexcom (Dexcom, Inc. San Diego, CA) equipment* and
other manufactures.!! GMI (%) = 0.02392 X mean glucose
(mg/dL) + 3.31 is very close to the equation found in the
present study: GMI (%) = 0.02376 X glucose (mg/dL) +
3.40. It is reassuring that the formula now used in several
AGP reports to calculate GMI confidently can be used with
data obtained from isCGM by the Abbott Freestyle Libre.
Clearly, the rearrangement: HbAlc (%) = 0.0348 X glucose
(mg/dL) + 1.63 of the original Alc-Derived Average
Glucose equation'? is misleading and should be abandoned



116

Journal of Diabetes Science and Technology 16(1)

Table 1. Calculation of Active CGM Time, Mean Glucose, Glycemic Variability, R2, and SEE for the Regression of HbAlc vs Glucose

Data From 14, 30, 60, and 90 days Before Measurement of HbAc.

14 days 30days 60days 90days
Calculation of active CGM time
Total number of glucose values® 1414 (1372, 1513) 3063 (2905, 3211) 6115 (5750, 6424) 9104 (8542, 9459)
Number of 15min with value? 1305 (1264, 1323) 2785 (2679, 2825) 5550 (5378, 5648) 8291 (7906, 8456)
Maximal possible|5min periods 1344 2880 5760 8640
Active CGM time (%) 92 (89, 93) 92 (88, 93) 93 (90, 94) 94 (90, 96)

Calculation of mean glucose
Mean all glucose values®
Mean glucose (AUC)®
Mean glucose (15 min)®

Glycemic variability

173 + 34 (9.6 = 1.9)
174 + 34 (9.7 = 1.9)
174 + 35 (9.6 = 1.9)

CV% (mean glucose [I5min])? 38 (34, 42)
Regression HbAlc vs glucose
R2 (mean all glucose values) 0.56
R2 (mean glucose [AUC]) 0.56
R2 (mean glucose [15min]) 0.57
SEE (mean all glucose values)© 0.64
SEE (mean glucose [AUC])¢ 0.64
SEE (mean glucose [15min])¢ 0.63

174 + 33 (9.7 = 1.8)
175 + 32 (9.7 = 1.8)
174 + 33 (9.7 = 1.8)

174 + 32 (9.7 = 1.8)
175 + 33 (9.7 = 1.8)
175 + 33 (9.7 = 1.8)

174 + 32 (9.7 = 1.8)
175 + 32 (9.7 = 1.8)
174 + 32 (9.7 = 1.8)

38 (34, 43) 39 (35, 43) 39 (35, 44)
0.6l 0.65 0.65
0.6l 0.64 0.64
0.6l 0.65 0.65
0.60 0.57 0.57
0.60 0.58 0.58
0.60 0.57 0.57

Mean glucose is calculated from all values (both scanned and imported every 15min), from AUC divided by the time period, and from mean of |5min
average. *Median (interquartile range), mean = SD mg/dL (mean * SD mmol/L), % (mmol/mol).
AUC, area under the curve; CGM, continuous glucose monitoring; HbA I c, hemoglobin Alc; SD, standard deviation; SEE, standard error of the estimate.

in AGP reports.!*> One previous study has reported a minor
racial difference in the relation between mean glucose
obtained from blinded isCGM and HbAlc, but the glucose
values employed were not simple means but calculated from
a time-weighted formula.'

Scanned glucose values are not randomly distributed over
24 h as there are markedly fewer scannings during the night;'3
therefore, high and low scanned glucose values are presum-
ably overrepresented. Nevertheless, on a group basis, only
subtle differences were noted between mean glucose and SD
calculated as a simple mean of all (scanned and imported)
values, calculations based on AUC, or average values for
each 15-min period. This is in accordance with a rtCGM
study that simulated iSCGM data by including only every
third of five-minute glucose data.'”

The estimate of HbAlc based on 60days of glucose sam-
pling was superior to that which was based on 14days.
However, the latter, as usually presented in AGP reports, is
not intended to be a simple estimate of the actual HbAlc;
rather, it is used as an approach to estimate HbAlc if glyce-
mic control for the previous 14 days could be extrapolated to
the previous 60 days. We found that R2 increased from 0.55
(14 days) to 0.62 (60days). This finding is roughly compa-
rable to that of a previous study using a combination of data
from blinded iSCGM and non-blinded rtCGM, which
reported an increase from 0.54 (14 days) to 0.58 (90 days).!®

The difference between HbAlc and GMI in the first
observation period and the difference between HbAlc
and GMI in the second observation period were highly

correlated. This strongly confirms the assumption that the
hemoglobin glycation index is an individual characteris-
tic determined by the erythrocyte half-life, among oth-
ers.!” As often reported, there is a large range of possible
HbA 1¢ values for a given mean glucose value.*>!2 In our
study, the 95% CI for HbAlc could be GMI * 1.96 X
SEE, which equals *1.1%. This finding and the repro-
ducibility of the difference HbAlc — GMI underscore the
statement that HbAlc is no longer a preferred glycemic
parameter.'®

For patients using SMBG, it may make pedagogical sense
to discuss the meaning of HbAlc as an estimate of mean
glucose. For this purpose, the reverse equation (mean glu-
cose as dependent variable) can be helpful, and lab reports
often present this opportunity. It is noteworthy that due to the
principle of minimizing SEE, the reverse regression is not a
simple mathematic rearrangement.!® We suggest that the data
from Bergenstal et al * also be presented as an equation with
mean glucose as the dependent variable.

The optimal goal for TIR > 70% is a consensus state-
ment® supported by reports that TIR 70% corresponds to
HbAlc 6.8-7.0%'" or 6.7%." It is important to realize that
the CI for GMI for a given TIR value is wide. More than half
of our patients with a GMI < 7.0% obtained this despite TIR
< 70%. This indicates that the wisdom of attempting TIR >
70% should always be evaluated on the background of
achieved GMI or mean glucose and TBR.?° We found a cur-
vilinear relation between TIR and GMI and recognize a simi-
lar result from a pediatric population.?!
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Figure 2. Diurnal variation of active CGM time (a) and mean
glucose (b) obtained from 60days of 15-min glucose average.
Data are presented as mean values for each |5-min period
starting at 12:00 to 12:14 and ending at | 1:45 to 11:59. CGM,
continuous glucose monitoring.

In our population, the fractions of patients with both TIR
= 70% and TBR = 4% (46.2%) and the fraction with both
TIR > 70% and TBR < 4% (3.6%) were disappointingly
high and low, respectively. It is striking that an ideal combina-
tion of a high TIR and a low TBR was very difficult to
achieve. Even with a less ambitious TIR of 60%, a recent
study noticed a corresponding mean TBR of 4.2% for patients
with rtCGM and 7.7% for those with SMBG.?° This under-
scores the importance of individualized and realistic treat-
ment goals. We are not aware of similar presentations of data
for comparison. The various CGM-based composite metrics
for evaluation of glycemic control have been reviewed.??
Many of these combines hypoglycemia, hyperglycemia, and
glycemic variability into a single score with each of the ele-
ments contributing with different weight. We suggest that the
fraction of patients with both TIR > 70% and TBR < 4%
could be a new population composite parameter. The aspect
of glycemic variability is included due to the close relation
between CV and TBR. The drawback of this is that standards
need to be established. Individuals with values close to the cut
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Figure 3. The difference HbAlc — GMI for the second
observation plotted against the difference HbAlc — GMI for the
first observation (n = 61 paired observations).

The dotted line is the regression line: second (HbAlc [%] — GMI [%]) =
first (HbAlc [%] — GMI [%]) X 0.705 — 0.041. GMI, glucose monitoring
indicator; HbAIc, hemoglobin Alc.
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Figure 4. A Bland-Altman plot of the difference between the
first and second difference HbAlc - GMI against the mean of the
differences. Sixty-one patients with type | diabetes had HbAlc
and GMI measured on two occasions. The dotted lines are the
mean difference -0.08% and 95% limits of agreement -0.8 to 0.7
%. GMI, glucose monitoring indicator; HbAlc, hemoglobin Alc.

off contributes as much as patients with large excursions from
the optimal level do. The advantage is that in contrast to many
other parameters, this glycemic metric is easily obtainable
from the AGP report and it represents a population quality
indicator useful for benchmarking and comparison between
diabetes clinics and different technology modalities.

The clinical significance of glycemic variability has been
disputed.'®?32* On the basis of the upper value of CV from
patients with type 2 diabetes without insulin treatment, it has
been suggested that CV for patients with type 1 diabetes
should be <36%.2 This cut off clearly discriminated patients
with low and high risk of TBR > 4% since the fraction of
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Figure 5. The relation between TIR and GMI (a) and TBR (b)
obtained from 60 days of |15-min glucose average.

The vertical and horizontal dotted lines represent TIR 70% and TBR 4%,
respectively. GMI, glucose monitoring indicator; TBR, time below range;
TIR, time in range.

patients with TBR > 4% was four times higher for those
with CV > 36% than for those with CV = 36% in accor-
dance with.?® CV as defined in the present study is a reflec-
tion of short-term variation (hours), which is probably the
most important, diurnal and long-term (weeks) variation.
The slightly higher CV calculated from 90 or 60days com-
pared with 14 days is trivial and most likely explained by the
contribution of long-term variability.

The limitations of this study are mainly the context. We
have only examined patients with isCGM without hypoalert.
The vast majority used MDI, and none of our CSII patients
have sensor augmentation since this is not an option with
isSCGM. TIR and CV described in this study cannot be extrap-
olated to populations with frequent use of CSII with tCGM
and low glucose suspended insulin infusion or hybrid-closed
loop. Hopefully this and more advanced diabetes technolo-
gies may increase the fraction of patients with TIR > 70%
without triggering a worrying increase in TBR. It is an inher-
ent limitation of all CGM studies that the relation between
interstitial glucose values and blood glucose is specific for the
applied CGM methodology.?” Although blood glucose in the
low range has been shown to be underestimated and blood

Conclusion

We report new data of diurnal variation of active isSCGM
time and information supporting the calculation of GMI hith-
erto obtained from rtGM. More than half of the patients
obtained a GMI < 7.0% despite they did not fulfill the goal
of TIR > 70%, which may be too ambitious for some patients
with iSCGM. The negative consequence of high glycemic
variability was demonstrated by the finding that the risk of
TBR > 4% was four times as high for patients with CV >
36% than for patients with lower glycemic variability.
Finally, we suggest an easily calculated population quality
indicator based on combined time in and below range.
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