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Abstract

Objective: To compare indices of the quality of glycemic
control and their association with glucose complexity, using
composite measures of glycemia and multiscale entropy
derived from continuous glucose monitoring datasets.

Conclusions: Indices assessing the quality of glycemic
control yield a more comprehensive picture of glucose
profiles than just defining a pre-specified target range or
the mean value and its dispersion. The multiscale entropy
complements these indices by providing insights into the
dynamics of the glucoregulatory system not otherwise

Study design: A retrospective cohort study. ——

Methods: Continuous glucose monitoring data obtained
during an observational study involved 256 subjects with type 1
(n = 22), type 2 diabetes (n = 222), and 12 non-diabetic control
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subjects. We compared the indices for the quality of glycemic
control and determined their relationship with glucose profile
complexity. The indices evaluated were: Low Blood Glucose
Index, High Blood Glucose Index, Average Daily Risk Range
(ADRR), Glycemic Risk Assessment Diabetes Equation
(GRADE) scores, and the recently introduced Q-score. We
used multiscale entropy analysis of the datasets to assess the
relationship between glucose dynamics and the indices for the
quality of glycemic control.

Antidiabetes therapy, Type 1 and Type 2 diabetes

Abbreviations

ADRR = Average Daily Risk Range; GRADE = Glycemic
Risk Assessment Diabetes Equation; GRADE, = =
GRADE hypoglycemia (< 3.9 mmol/L); GRADE, = GRADE
euglycemia (2 3.9 - < 8.9 mmol/L); GRADE, . = GRADE
hyperglycemia (> 8.9 mmol/L); MSE = Multiscale Entropy;
Q-score = Quality Score of Glycemic Control; SampEn =

Results: We categorized the study cohort into four SEEIE EmTEy

groups according to the Q-score (< 5.9; Good, 6.0-8.4;
Satisfactory, 8.5-11.9; Fair and = 12.0; Poor). An increase
in the Q-score was related with worsening of glycemic
control as demonstrated by progressively elevated levels
of the glucose exposure metrics HbA1c, mean glucose,
and the glycemic variability measure %CV. In contrast,
the multiscale entropy index decreased across the quality
categories, attaining its lowest value at the highest Q-score
regarded as Poor. ADRR, GRADE, and Q-score were highly
correlated to one another and positively associated with
the antidiabetes therapy (r = 0.424 to 0.469), but inversely
correlated with the multiscale entropy (r=-0.337, p <0.001;
-0.286, p < 0.001; -0.353, p < 0.001).

Introduction

Blood glucose control is a fundamental element in
the management of diabetes to reduce or even prevent
micro- and macrovascular complications [1]. Many pa-
tients with diabetes can improve glycemic control by
use of Continuous Glucose Monitoring (CGM) systems.
However, analysis and interpretation of the datasets
obtained from CGM are complicated by the many indi-
ces and measures currently proposed for assessment of
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glycemic variability and the quality of glycemic control applied established measures of glycemic control and
[2]. One must consider that measures of the quality of  glucose profile dynamics for the analysis of the CGM
glycemia are not interchangeable with indices of glyce- data obtained. Glucose sensors were placed on the pa-
mic variability because they reflect different aspects of tient’s abdomen. Recordings with a mean duration of
diabetes control. Furthermore, for practical reasons, it  60-h and a minimum of four glucose meter calibrations
might be advantageous to integrate multiple parame- per day provided the data for the calculations. We stri-
ters of glycemic control, e.g., hypo-, hyperglycemia, and ctly obeyed the validity criteria of the manufacturer (2
glycemic variability, into one single index or score to as- 3 paired sensor/meter readings and mean absolute dif-
sess at a glance the metabolic state of the patient and ference < 28%).

the efficiency of therapeutic intervention. .
y P Study subjects

Kovatchev, et al. [3] introduced the Average Daily
Risk Range (ADRR) with the Low (LBGI) and High Blood
Glucose Index (HBGI), and Hill, et al. [4] developed the
Glycemic Risk in Diabetes Equation (GRADE) with %GRA-
DEhypo and %GRADEhyper Thomas, et al. [5] defined the
Glucose Pentagon, which summarizes measures cha-
racterizing glucose variability and long-term glycemic
control. Rodbard [6,7] used stacked bar charts for di-
splay of glucose distributions and quartiles for the per-
centage coefficient of variation (%CV) to compare the
quality categories of glycemic control between patient
groups. And we have recently presented the Q-score as
a novel metric enabling therapy stratification of diabetic
patients [8]. We further noted that the Q-score allowed
categorization of CGM profiles ranging from excellent

Fourty-two of the study subjects had diet alone. Of
the 180 patients with Type 2 Diabetes (T2D) assigned
to oral drugs, 34 had received metformin, 37 sulfonylu-
rea, four glitazones, 11 dipeptidyl peptidase-4 inhibitors
alone, and 34 combinations thereof. Thirty-five patients
had insulin plus oral anti diabetes agents, and 25 had
insulin alone. Twenty-two patients with Type 1 Diabetes
(T1D) had received multiple insulin injections consisting
of short- and long-acting insulin. Seventy-four percent
of the patients with diabetes had taken blood pressure
lowering medication. Since the original study [10] had
received ethical approval and, before inclusion, all study
participants provided their written informed consent,
this retrospective data analysis required no further ap-

to poor and showed that the scores varied with therapy proval.
escalation. Indices of quality of glycemic control
Beyond estimates of the quality of glycemic control, These indices included the Low Blood Glucose Index

measures such as Multiscale Entropy (MSE), characte-  (LBGI), High Blood Glucose Index (HBGI), Average Daily
rizing the dynamics of glucose time series have gained  Risk Range (ADRR) [3], Glycemic Risk Assessment Diabe-
increasing attention. The MSE approach, introduced by  tes Equation (GRADE), %GRADEhypo' %GRADE_, %GRA-
Costa, et al. [9], has the potential to assess how treat- DEhyper [4], and the recently introduced Q-score [8]. The
ment modalities can modify the dynamics of glucose re-  Q-score is based on factor analysis, using z- scores and
gulation. Thus, quality scores and dynamical measures  combines mean glucose, glucose range, time in glyce-
of glucose time series could provide adequate meansto  mia (tG) < 3.9 mol/L, and > 8.9 mmol/L, and Mean of
target glycemic control and the glucoregulatory system.  Daily Differences (MODD). The Q-score was computed

However, comparisons regarding the utility of different  according to the formula [8], as previously described:
quality scores lack as yet. And the relationships with the mean glucose - 1.8 range -1.5 206, .y -62 MODD 18

Q-Score =8+ 17 A T Y 57 0.9
dynamics of glucose profiles are unknown. ‘ ' ' ' '

The glycemic ranges defined as < 3.9 mmol/L, > 3.9
to < 8.9 mmol/L, and > 8.9 mmol/| were termed hypo-
glycemic, euglycemic, and hyperglycemic, respectively.
Glycated Hemoglobin (HbAlc), used as glucose expo-
sure measure, was determined by standard methods.

Therefore, the aim of our study was to compare va-
rious indices of the quality of glycemic control derived
from CGM datasets and their relationship with the dy-
namics of the glucose profiles.

Subjects and Methods . .
Multiscale entropy analysis

Database We analyzed the Multiscale Entropy (MSE) for the

The present investigation is cross-sectional and used CGM sequences according to the SampEn algorithm
anonymized data derived from retrospective ambula-  previously described by Chen, et al. [11] and Costa, et al.
tory CGM profiles (MiniMed Solution Software, Me-  [12]. In brief, this procedure comprised: (1) Derivation
dtronic MiniMed) obtained on our own patients and  of a set of time series from the original glucose signal on
non-diabetic control subjects. The patients had beenre-  different time scales using the coarse-graining techni-
ferred from primary care practices distributed through  que, (2) Computation of SampEn with standard parame-
Germany and entered without any selection. Non-dia-  ter values for each coarse-grained time series, choosing
betic control subjects were included to cover the whole  the window length m = 2, the sensitivity criterion r =
spectrum of glycemia from normal to poor control. We  0.15 times the standard deviation, and the data length

Klaus-Dieter et al. Int J Diabetes Clin Res 2017, 4:071 e Page 2 of 5 «


https://doi.org/10.23937/2377-3634/1410071

DOI: 10.23937/2377-3634/1410071

ISSN: 2377-3634

N = 288 within the entire coarse-grained sequence with
the largest scale factor setat M =7, and (3) Plotting each
calculated SamEn for the corresponding scale factor to
obtain the MSE index as the sum over the range 1to 7.

Statistical analysis

We categorized the patients by their Q-score values.
As described in detail elsewhere, three diabetes speciali-
sts evaluated the CGM profiles and provided the catego-
rization according to the quality of glycemic control [8].
For comparison of continuous variables, we used either
one-way Analysis of Variance (ANOVA) or Kruskal-Wallis
one way analysis, as appropriate. Control of multiple pair
wise comparisons was performed using the Holm-Sidak
and Dunn’s method, respectively. Spearman’s correlation
analysis and multivariate regression models were used to
relate MSE complexity to indices of the quality of glycemic
control and anti-diabetic therapy. Therapy was coded: 1
= non-diabetes, 2 = diet with/without oral anti-diabetic
agents, 3 = insulin with/without oral anti-diabetic agents, 4
=T1D. Potential confounding variables were age, sex, dia-
betes duration, and body mass index. We used the Wald
test, and variance inflation factor and Durbin-Watson sta-
tistic served as the criterion for collinearity. P < 0.05 was
considered statistically significant. Statistical analysis used
the Statistical Package for the Social Sciences software
package (version 17.0; SPSS, Chicago, IL).

Results

Table 1 shows that the study subjects categorized ac-
cording to their Q-scores were significantly older in the
two lower than those in the two higher Q-score catego-
ries. Diabetes duration, HbAlc, mean glucose, and %CV
increased across the groups, and all were greater in the
highest as compared to the lower Q-score categories.
However, BMI was not significantly different between
the Q-score categories. These data indicate that high
Q-score values are related to worsening of glycemic
control.

Levels for ADRR, GRADE, and the MSE index were as-
sociated with the quality of glycemic control. Figure 1
displays that ADRR and GRADE increased concomitant
with the Q-score categories and were highest in the
state of glycemia defined as poor. In contrast, the MSE
index declined consistently across the quality catego-
ries from good to poor, demonstrating that worsening
of diabetes control was associated with decreasing glu-
cose profile complexity.

The degree of correlation between the quality scores
was high (Table 2). Likewise, the relationship was strong
with HBGI, %GRADEhyper, and %GRADE_ , whereas the as-
sociations with hypoglycemia indices such as LBGI and
%GRADE, _were weak.

Table 1: Demographic and metabolic characteristics of study subjects by Q-score categories.

Characteristics Q-score category P value
Good 5.9 Fair 6.0-8.4 Satisfactory 8.5-11.9 |Poor 212.0

Study subjects (n) 83 63 59 51

Sex (male/female) 49/34 32/31 32/27 22/29 0.34

Age (years) 66.0 (59.0-70) 66.0 (57.3-69.8) |61.0 (54.8-68.0) 59.0 (46.0-67.0) 0.023

Diabetes duration (years) 5.9 (2.0-10.0) 8.0 (3.8-12.3) 8.0 (5.8-15.0) 12.0 (7.0-19.0) < 0.001

Body mass index (kg/m?)  29.4 (26.5-32.1) |30.1 (27.8-32.3)  30.8 (28.1-35.8) 30.0 (25.5-34.3) 0.25

Hemoglobin A1c (%) 6.3 (5.7-6.9) 6.5(5.8-7.1) 7.2 (6.5-7.6) 7.8(7.1-8.7)1 < 0.001
(mmol/mol) 42 (39-52) 48 (40-54) 55 (48-60) 62 (54-72)

Mean glucose (mmol/L) 6.5 (6.0-7.0) 7.3 (6.8-8.0) 8.6 (7.7-9.3)1 10.8 (8.7-12.7)t < 0.001

%CV 15.4 (13.0-18.6) 22.3(18.9-26.5)" 26.1 (19.7-32.4)t 27.4 (20.8-37.7)t < 0.001

Data are median (25"-75" percentile) values or numbers n. The groups were compared using Analysis of Variance (ANOVA),
the Kruskal-Wallis one way analysis and Holm-Sidak or Dunn’s test, where appropriate. ‘P < 0.05 vs. < 5.9; 1P < 0.05 vs. the two
lowest categories.

Table 2: Correlation matrix presented as Spearman correlation coefficients r for CGM profile complexity defined by the multiscale
entropy index and quality indices of glucose control.

MSE index Q-score ADRR LBGI HGBI GRADE %GRADE, . %GRADE,_ %GRADE, _
MSE index 1
Q-score -0.353 1
ADRR -0.337 0.959 1
LBGI -0.131 -0.11 -0.152 1
HBGI -0.292 0.905 0.901 -0.450 1
GRADE -0.286 0.911 0.918 -0.430 0.969 |1
%GRADE, = -0.08 0.08 0.06 0.855 -0.265 -0.223 1
%GRADE_, -0.308 -0.938 0.952 0.306 -0.957 -0.960 0.110 1
%GRADE,  -0.308 0.814 0.830 |-0.541 0.960 0.917 -0.377 -0.929 1

Values significant at the p < 0.001 level (two sided) are shown in bold font.
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tion of diabetes control is associated with a nonlinear
(A) 25 ) ‘ decrease in the MSE index values.
P >0.001 ® .
20 4 ° The mode of the therapy affected moderately the in-
L d dices of quality of glycemic control as disclosed by simi-
15 . lar correlation coefficients of ADRR, GRADE, and Q-sco-
o T re with the anti diabetes treatment (r=0.424, p <0.001;
ncﬁ 10 P <0.001 0.428, p <0.001; and 0.472, p < 0.001, respectively). We
< ' ® used stepwise forward regression analysis to assess
5 'i' the independent effects of therapy and MSE as well as
% * % possible confounders on the Q-score. We included anti
0 - diabetes treatment, MSE, diabetes duration, age, sex,
and body mass index. This analysis verified that the an-
(B) 35 ti-diabetic therapy and MSE were predictor variables as-
P <0.001 , sociated with the Q-score (6 =1.678 + 0.274, p < 0.001;
30 ) MSE, 8 =-0.364 + 0.115, p = 0.002, with therapy alone
25 ° R?=10.201, with both R?=0.233). Diabetes duration and
T other confounders such as age, sex, and body mass in-
u 20 7 ___ P<0001 | dex failed to contribute significantly. ADRR and GRADE,
§ 15 4 ® as dependent variables, produced lower R? -values than
o 10 the Q-score in this regression model (not shown).
5 - % -!- We further observed weak, inverse correlations
é )4 between the MSE complexity index and measures of
01 glucose exposure: HbAlc (r = -0.222, p < 0.001) and
(©) 16 mean glucose (r = -0.177, p = 0.004). The correlations
P <0.001 of ADRR, GRADE, and Q-score with HbAlc (r = 0.496 to
14 7 ° P = 0.002 0.576) and mean glucose (r = 0.742 to 0.901) were po-
12 - ] ' - ' sitive (all p < 0.001) and more powerful than with the
X 10 - 'T' _*_ _?_ e MSE index.
2 g - 'T' Discussion
ué 6 We have shown in this retrospective cohort study
"' that the indices of quality of glycemic control are com-
47 * * .*. posite measures of glycemia that can facilitate inter-
2 pretation of CGM measurements in individual patients.
0 This suggestion holds true especially for patients whose
j i ' ' HbAlc levels are still in an acceptable range. Overall,
=59 6.0-84 85-11.9 2120 ADRR, GRADE, and the Q-score are comparable as re-
Q-score category gards the capability of assessing the quality of glycemic
Figure 1: Differentiation between quality of glycemic control .control. In addition to APRR and GRADE, the Q-score
based on Q-score categorization in the study cohort of integrates, beyond the risk of hypo- and hyperglyce-
nondiabetic (n = 12), T2D (n = 222), and T1D (n = 22) mia, mean glucose, glucose range, and Mean of Daily
subjects using the ADRR (Average Daily Risk Range), Differences (MODD). The Q-score may thus be more su-
GRADE (Glycemic Risk Assessment Diabetes Equation) itable for therapeutic decision making than other items.
score, and the Multiscale Entropy (MSE) index. Between- ) ) )
category differences were estimated by one-way analysis Whether this score is superior to ADRR or GRADE needs
of variance and were statistically significant (o < 0.001). further studies to be performed; however, this was not
Q-score categories and quality of glycemia: < 5.9; Good, subject to this retrospective study. The analysis of glu-
6.0-8.4; Satisfactory, 8.5-11.9; Fair and = 12.0; Poor. cose profile dynamics, as measured by the MSE index,

extends the characterization of glucose profiles by pro-

We found weak to moderate and inverse correla- viding insight into the dynamics of glucose regulation
tions between the previous indices and the MSE index, under different glycemic conditions. In this regard, the
but slightly stronger ones between the Q-score and the  dynamical aspect gains increasing clinical relevance in
MSE (r = -0.353, p < 0.001) than with ADRR or GRADE. diabetes [13,14]. The present results further show that
A curvilinear relationship existed between MSE and numerically high-quality indices and a low MSE index
the Q-score (not shown) according to the formula: y =  characterize patients with insufficient glycemic control
14.274 - 0.910 + 0.016 x2 that requires therapy readjustment. Of note, we found

Thus, an increase in the Q-score, that is, deteriora- a weak, negative relationship between glucose dynami-
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