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1 | INTRODUCTION

Type 2 diabetes (T2D) is a chronic metabolic disease that affects mil-
lions of people around the world.* There has been recent interest in
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Abstract

Objective: Data from continuous glucose monitors (CGM) enable the extraction of fea-
tures descriptive of glycemic dynamics that may provide insight into underlying health
status. In this work, we analyse CGM data from a large population of individuals with
type 2 diabetes (T2D) and study the association of features with clinical covariates.
Methods: We retrospectively analysed CGM and electronic health record data from
a large population of individuals with T2D. We extracted 25 daily CGM features for
each individual over a 30-day period and performed statistical association tests on
the features and clinical findings from medical claims data and laboratory records.
Results: Our final analysis was performed on 6533 individuals. When clustering the
CGM features across the population of individuals with T2D, four distinct clusters of
features emerged. Further, the CGM features had heterogeneous discriminatory
power with clinical covariates, including laboratory values and the presence of claims
for diabetic complications. Features related to glycemic variability, such as coefficient
of variation, showed markedly lower p-values in many association tests for the pres-
ence of diabetic complications than mean glucose.

Conclusions: In examining the characteristics of different features extracted from
CGM data in a large population of individuals with T2D, we found that the features
were heterogeneously associated with different clinical comorbidities related to dia-
betes. This work motivates further research to investigate the relationship between

CGM features and health outcomes in T2D to enable precision medicine.

KEYWORDS

cohort study, continuous glucose monitoring, database research, diabetes complications, type
2 diabetes

better understanding disease phenotypes and heterogeneity within
T2D to enable precision medicine.? Continuous glucose monitoring
(CGM) technology has enabled the analysis of daily interstitial glucose
readings, which gives insight into glycemic variability. The availability
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of these data presents an opportunity to study how CGM can be used
to better understand heterogeneity in T2D and how CGM can be
used to advance precision medicine.

CGM use among individuals with T2D has grown over the years,
particularly due to its effectiveness in encouraging behaviour change.®
It has been demonstrated that CGM is a useful tool to help patients
with T2D manage their disease.*"® Further, retrospective analyses of
CGM profiles of individuals without diabetes and with T2D have
shown significant heterogeneity in glucose profiles.” Metrics derived
from CGM offer insight into glycemic dynamics that conventional
metrics, such as haemoglobin Alc (HbA1lc), do not fully capture.®
There has been recent interest in understanding whether these met-
rics provide insight into disease pathophysiology and heterogeneity,
and whether they are useful for risk stratification and guiding treat-
ment decisions.”

There has been recent interest in understanding the association
of glycemic variability derived from CGM with clinical outcomes.'®
Many CGM features have been derived by looking at variability in
short-, medium-, and long-term periods.? Short-term variability has
been measured from CGM using intraday metrics such as the coeffi-
cient of variation and a measurement known as the mean average glu-
cose excursion (MAGE).'? Recent studies have identified over
30 indices of glycemic variability from CGM signals, representing both
short-term and intermediate-term variability, that capture statistical
properties, including information on peaks and time spent in either
hypoglycemia or hyperglycemia.*®>** While most studies have focused
on extracting features from CGM in the time domain, there has been
some interest in studying the frequency domain of the CGM sig-
nal.1>1¢ One study used features derived from the frequency domain
of the CGM signal and found that frequency domain features were
useful in discriminating diabetes status.'® The frequency domain is
potentially useful in characterising a signal because it can give insight
into the frequency of oscillations, which can be thought of as a dimen-
sion of glycemic variability.”

There is a need to better understand which CGM features are
informative and clinically meaningful, particularly in individuals with
T2D. There has been recent interest in understanding heterogeneity
in CGM features in populations with and without diabetes. One study
characterised CGM data in over 7000 individuals without diabetes
and found that CGM-derived features were associated with clinical
parameters.'® Other studies have looked at the heterogeneity of
CGM characteristics in hospitalised individuals with T2D and found
subgroups of individuals based on CGM metrics with associations to
clinical covariates.?°

Despite widespread interest in both understanding disease het-
erogeneity in T2D and glycemic variability, there exist few large-scale
studies examining CGM characteristics from T2D populations. In this
retrospective observational study, we perform two primary analyses
to better understand the discriminative power of features derived
from CGM. First, we show the heterogeneity of common features
derived from CGM in a large cohort of individuals with T2D. In this
analysis, we look at how CGM features correlate with one another

across different individuals, and we identify subgroups of CGM

features. We then perform statistical association tests of CGM fea-
tures and diabetic complications and laboratory values that occur
before, during, or after the period of collected CGM in a large claims
database. We intentionally analyse many CGM features descriptive of
glycemic variability in this work so that our results can serve as a ref-
erence for future work investigating CGM features in T2D

populations.

2 | RESEARCH DESIGN AND METHODS

21 | Cohort

In this retrospective study, we investigated how features derived from
daily CGM data were associated with clinical outcomes in a large
cohort of individuals with T2D. We used a de-identified dataset con-
sisting of 12 265 individuals with T2D who were enrolled in a com-
mercial diabetes program where they were given a CGM. We
included individuals in our analysis based on information available in
their medical claims and the amount of complete CGM data that they
had. We first ensured that each individual had at least one documen-
ted claim for T2D as determined by an International Classification of
Diseases, Tenth Revision, Clinical Modification (ICD-10)?* code start-
ing with E.11. To best ensure that individuals in the cohort had T2D
and not T1D, we added an additional exclusion criterion. We excluded
individuals who had claims for a T1D diagnosis (identified by ICD-10
codes beginning with E10) on more than five separate days in their
history, or whose days with T1D diagnosis claims exceeded 10% of
their total days with T2D diagnosis claims. We also excluded individ-
uals based on the amount of complete CGM data they had. We
included only individuals who had a 30-day period of CGM data
defined as having greater than 22 full days of data within a 30-day
window. We defined a full CGM day as a day where there was at least
23 h of data. In a robustness analysis, we also studied the first 7-day
period with at least six full days of CGM data of the final cohort, as
defined above. Institutional Review Board (IRB) approval was
obtained for the research in this paper through the Office of Human
Research Affairs at UnitedHealth Group.

2.2 | CGM features and clinical covariates

We extracted several types of features from CGM, including basic sta-
tistics, features from diabetes literature, and frequency domain fea-
tures. The full list of CGM features and descriptions is listed in
Table 1. We extracted CGM features from each day of the first full
30-day period in their record, as defined previously. We define the
first day of the collected CGM period as the “CGM index date”. For
individuals with missing values in a day (up to 12 missing data points
out of 288), we linearly interpolated the data. Once daily features
were computed, we took the mean for each of the variables across all
available days in the 30-day period. We extracted basic descriptive

features, including mean, standard deviation, minimum, etc., as well as
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TABLE 1 CGM feature definitions are derived for each individual. TABLE 2 Binary complication features derived for each individual.
E—— The table shows the abbreviated category name, the ICD-10
ISTI .
category, and the ICD-10 codes included.
Mean Mean
Abbreviated
Std Standard deviati
andard deviation name ICD 10 category ICD-10
cv Coefficient of variation . . X i
] Circulatory Type 2 diabetes mellitus with Codes
Var Variance complications circulatory complications starting with
Median Median CGM value E11.5
Min Minimum daily value Kidney Type 2 diabetes mellitus with Codes
Max [ T TRE e e complications kidney complications starting with
E11.2
Range Daily range . . i i
Ophthalmic Type 2 diabetes mellitus with Codes
Diabetes features complications ophthalmic complications starting with
TIR Per cent time spent between 70 and E11.3
180 mg/dL Neurological Type 2 diabetes mellitus with Codes
TAR180 Per cent time spent above 180 mg/dL complications neurological complications starting with
TAR250 Per cent time spent above 250 mg/dL L
TITR Per cent time spent in tight range between
70 mg/dL and 140
TBR54 Per cent time spent below 54 mg/dL Observation Identifiers Names and Codes (LOINC codes)?” for each
TBR70 Per cent time spent below 70 mg/dL individual. We included laboratory values for various metabolic
LBGI® Low blood glucose index markers and markers of diabetic complications, including C-peptide,
HBGI? High blood glucose index c-reactive protein (CRP), serum creatinine, HDL cholesterol, LDL cho-
J index® Measure of both the mean level and lesterol, albuminuria, and HbAlc. For consistency, we selected a sin-
variability gle LOINC code corresponding to each laboratory measurement of
MAGE? Mean amplitude of glucose excursions interest. Table 3 shows the LOINC codes as well as the abbreviated

Frequency domain related features'®
max_amplitude Maximum magnitude of FFT

dominant
frequency

Frequency of maximum magnitude of FFT

psd_max_amplitude  Highest magnitude of PSD

psd_dominant
frequency

bandwidth

Frequency of maximum value on PSD

PSD 3 dB bandwidth

Frequency cutoff on the PSD for 75% of the
signal

psd75_frequency

2Computed using cgmquantify package.?*

features found on the Ambulatory Glucose Report (AGP).2? Several
diabetes features, including Low Blood Glucose Index (LBGI), High
Blood Glucose Index (HBGI), J-index, and MAGE, which are all known
metrics for glycemic variability,?® were extracted using the cgmquan-
tify package (Version 0.5).2* The frequency domain features extracted
were described in Fico et al.}® These frequency domain features
included derived features from the Fast Fourier Transform (FFT) and
the power spectrum density (PSD) signal found using Welch's
method.?®> Feature extraction was performed in Python (Version
3.8.5) using SciPy (Version 1.10.1).2¢

We looked at two distinct sets of clinical features. We first looked
for the presence of claims for four diabetic complications by ICD-10
codes by category. Table 2 gives the ICD-10 category and corre-
sponding codes used, and the abbreviation used throughout this

paper. We then extracted scalar laboratory values by Logical

names used throughout this article. Non-zero laboratory values with
documented units of measurement, as listed in Table 3, were
extracted using the LOINC codes, and HbAlc values were pre-

processed to remove spurious values greater than 20%.

2.3 | Study design

In this retrospective study, we looked at the presence of clinical features
occurring in different time windows with respect to the CGM start. Since
individuals in this study were given a CGM at different points in their dis-
ease trajectory, it was important to look at CGM characteristics in the
context of the clinical picture occurring before and after the data were
recorded. Moreover, in this dataset, there was more data available for
individuals prior to the CGM collection period than after the CGM collec-
tion period. We extracted clinical features occurring before and after the
index date of CGM for each subject at time windows of 30 days, 1 year,
and ever recorded. We created features corresponding to the binary
presence of an ICD-10 code in a time range. For scalar variables, we took

the value closest to the first CGM date for all time intervals.

24 | Statistical methods

Ouir statistical analysis consisted of two parts. In the first part, we ana-
lysed the correlation among CGM features themselves in the entire
population. This allowed us to reduce the feature set by eliminating

highly correlated variables. We leveraged a hierarchical clustering
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TABLE 3 Scalar laboratory values derived for each individual. The table shows the abbreviated name, laboratory name, and LOINC code.

Abbreviated name Lab name Units LOINC-cd?’
HDL cholesterol Cholesterol in HDL [Mass/volume] in serum or plasma mg/dL 2085-9
LDL cholesterol Cholesterol in LDL [Mass/volume] in serum or plasma by calculation mg/dl 13 457-7
Albumin/creatinine Albumin/Creatinine [Mass ratio] in urine mg/g, ug/mg 9318-7
Serum creatinine Creatinine in serum or plasma mg/dL 2160-0
C-peptide C peptide in serum or plasma ng/mL 1986-9
CRP C reactive protein in Serum or Plasma mg/L, ug/mL 1988-5
Alc Haemoglobin Alc/Haemoglobin total in Blood % 4548-4

technique, similar to the one employed by Tao et al. in their study
reducing CGM features.'? This allowed us to identify subgroups of
CGM features that behaved similarly across the population. We then
performed a statistical analysis on the reduced CGM feature set and

clinical outcomes.

2.5 | Feature clustering and feature reduction

We first computed the correlation matrix of all CGM features across
the population to observe which features were highly correlated. We
then performed hierarchical clustering on the correlation matrix of the
25 different CGM features. We used Ward's method?® for linkage and
Euclidean distance as the clustering metric. Computations were per-
formed in Python (Version 3.8.5) using SciPy (Version 1.10.1).2° We
reduced the number of CGM features based on the results of hierar-
chical clustering. We used a distance cutoff of 0.05 on the dendro-

gram to reduce the feature set for the subsequent part of the analysis.

2.6 | Association analysis
For all clinical features related to complications, we performed statistical
association tests on each CGM feature comparing the group with the
complication to the group without the complication. The data were cen-
sored, and different individuals had different lengths of data recorded
before and after the CGM was collected. Because of this, for each anal-
ysis, we only considered the subpopulation of individuals with docu-
mented claims occurring before and after the dates of the window. For
the time windows that examined whether a claim was present ever in
the individual's history before or after the CGM start date, we ensured
that the individual had documented claims more than a year before and
after the CGM start date, respectively. We used the Mann-Whitney
U test?’ for statistical analyses. For each complication, we performed
multiple hypothesis corrections for the six different time intervals and
the total number of CGM features analysed, which was p = 0.00044.%°
We performed a correlation analysis to study the association of
each CGM feature with scalar lab values, similar to prior work charac-
terising CGM features in a large population.*® We computed the Pear-
son correlation coefficient of CGM features with scalar lab values and

reported the correlation coefficient and the p-value for the individuals

TABLE 4 Final cohort characteristics.

Cohort characteristics

Cohort size (n) 6533

Female (%) 45.7%

53.4 (48-60)
1228.0 (736-1733)
243.4 (120-328)

Average age (years)
Average number of days of claims before (days)
Average number of days of claims after (days)

Medications in the year prior to CGM index date

Thiazolidinediones 7.04%  Short-acting insulins 1.32%

Rapid-acting 15.22%  Amylinomimetics <1%

insulins

Long-acting 28.90%  Meglitinides <1%

insulins

Biguanides 69.29%  Alpha-glucosidase <1%
inhibitors

Incretin mimetics 35.44%  Ergot-deriv. dopamine <1%
receptor agonists

Sulfonylureas 28.12%  Antidiabetic agents, <1%
miscellaneous

DPP-4 inhibitors 13.45%  No recorded medication 6.61%

SGLT-2 inhibitors 28.32%  Average no. of 2.80
medications

Intermediate- 1.27%

acting insulins

Note: Cohort characteristics show the descriptive statistics of the final
cohort. The 25th percentile and 75th percentile are shown for the average
age and number of claims before and after the CGM index date. The table
also shows the per cent of the cohort with prescription for each diabetic
medication in the year prior to the CGM index date.

with a lab value in each timeframe. For individuals with multiple lab
values, we used the lab value closest to the start date of the CGM
window. We only reported the results if there were 10 or more indi-

viduals with lab values in a given window.

2.7 | Sensitivity analysis
We performed a subgroup analysis where the association tests were
performed on subsets of the cohort. We analysed the subset of the

cohort with a history of any insulin or sulfonylurea medication
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FIGURE 1

prescription prior to the CGM start date or prescription during the
30-day CGM period. We also analysed the subset with no history of

any insulin or sulfonylurea prescription in that time frame.

3 | RESULTS

3.1 | Cohort characteristics

In the total cohort of 12 265 individuals, there were 7351 that met
the criteria for having sufficient CGM data. We leveraged this cohort
for further analyses. Within that cohort, 6766 individuals had linked
claims data with at least one claim for T2D, defined as any ICD-10
code starting with E11, and demographic information. Of this popula-
tion, we identified 595 individuals with an ICD-10 code indicative of
T1D (starting with E10). After applying our inclusion criteria, the final
cohort consisted of 6533 individuals. Table 4 shows the descriptive
statistics of the cohort, including gender ratio, age and average
amount of claims history available before and after the CGM period
that was analysed. Our final cohort was 45.7% female with an average
age of 53.4 years (IQR: 48-60). We also show the breakdown of med-
ications within the year before each individual's CGM index date.
Most individuals (93.39%) had documented prescriptions for a T2D
drug, with individuals on average having a prescription for 2.8 diabetic
drugs in the year prior to CGM start. The most common prescription
was biguanides, with 69.29% of the cohort having a prescription, fol-
lowed by incretin mimetics (35.44%). Additionally, 28.9% of the

Correlation of CGM Features. (A) Heatmap of the absolute value of the correlation coefficient between CGM features.
(B) Dendrogram from hierarchical clustering of the correlation coefficients.

cohort had a prescription for long-acting insulins, and 15.22% of
the cohort had a prescription for rapid-acting insulins. Table S1 shows
the mean values of the CGM features across the cohort, and Table S2
shows statistics for the laboratory measurements found in the cohort.

3.2 | Heterogeneity of CGM features

We analysed the correlation matrix of 25 features extracted from 6533
individuals. Figure 1A shows the heatmap of the absolute value of the cor-
relation matrix between the CGM features from the reduced set of 19 fea-
tures. Figure 1B shows the outcome of hierarchical clustering on the
features. We identified four distinct feature clusters that emerged: a vari-
ability cluster including features such as coefficient of variation and fea-
tures with magnitudes from the frequency domain, a magnitude-related
cluster including mean glucose, time in range, and maximum glucose, a clus-
ter with features from the frequency domain, and a cluster related to low
blood glucose. Figure S1 shows the results of a robustness analysis analys-
ing CGM features across a smaller time window for all individuals, which
shows that the same four clusters emerge. The raw correlation values for
both CGM analysis windows for all 25 features are shown in Figure S2.

3.3 | Association analysis

We performed an association analysis on the reduced feature set of
19 CGM features with ICD-10 codes from four different diabetic
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Kidney Complication Claim
ever prior (n=870)
« inthe year prior (n=631)
« inthe 30 days prior (n=175)
- inthe 30 days after (n=153)
- inthe year after (n=134)
ever after (n=162)

Circulatory Complication Claim
ever prior (n=464)
« in the year prior (n=313)
« inthe 30 days prior (n=74)
« in the 30 days after (n=62)
+ in the year after (n=68)
ever after (n=80)

Ophthalmic Complication Claim
ever prior (n=880)
« inthe year prior (n=570)
« inthe 30 days prior (n=156)
« in the 30 days after (n=147)
« inthe year after (n=107)
ever after (n=138)

Neurological Complication Claim
ever prior (n=1361)
« inthe year prior (n=971)
« in the 30 days prior (n=289)
« inthe 30 days after (n=212)
« inthe year after (n=196)
ever after (n=231)

FIGURE 2 Association of CGM features and clinical characteristics. p-values of association of CGM features with ICD-10 claims of diabetic
complications occurring in six different time windows. The yellow line is the adjusted p-value at 0.00044 and the black line is the p-value at 0.05
for the (A) presence of diabetic kidney complications, (B) the presence of diabetic circulatory complications, (C) the presence of diabetic
ophthalmic complications, and (D) the presence of neurological complications. The number of individuals with a claim in each time window is
noted as n. The black line indicates a p-value <0.05 and the red line indicates a corrected p-value.
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HDL ever prior n=3599

HDL in the year prior n=2643
HDL in the 30 days prior n=467
HDL in the 30 days after n=390
HDL in the year after n=2102
HDL ever after n=2186

_ LDL ever prior n=3620

LDL in the year prior n=2665
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FIGURE 3 Association of CGM features and laboratory values. Heatmap of the correlation coefficient of each CGM feature with each
laboratory value by time window. The number of samples included in the analysis is indicated by n. *Indicates a p-value <0.05, ** indicates a

corrected p-value.

complications. Figure 2A-D shows the p-values for each CGM feature
for a diabetic complication occurring within different time windows.
The plots show two different cutoffs of statistical significance. We
include vertical lines separating CGM features that correspond to dif-
ferent subgroups identified in the previous section. The raw results
with the mean values for each group are in Tables S3 and S4.

For all complications, many CGM features emerged with statisti-
cally significant associations with the complication at multiple time
windows. Notably, for certain complications, such as kidney complica-
tions and circulatory complications, more CGM features from the vari-
ability subgroup emerged with very low p-values when compared to
mean glucose. For example, in the year prior to the CGM index date,
mean glucose in individuals with a claim for kidney complications was
156.85 mg/dL (SD = 33.77), and the mean glucose in individuals with-
out a claim for kidney complications was 154.73 mg/dL (SD = 34.51)
(no significance). The mean coefficient of variation for these groups in
the same time period was 21.5% (SD = 5) and 19.9% (SD = 5)
(p < 0.00044), respectively. Interestingly, the frequency domain fea-
tures often had strong associations with the presence of diabetic
complication claims, particularly for ophthalmic, neurological, and kid-
ney complications. Of note, there were fewer individuals included in

the tests for the time periods occurring after the CGM index date.

The counts for the number of individuals with claims ever before the
CGM index date were 870, 464, 880, and 1361 for kidney, circulatory,
ophthalmic, and neurological complications, respectively, and the
counts for claims ever recorded after the CGM index date were
162, 80, 138, and 231, respectively. This is partially due to the fact
that the total number of individuals with available claims data was
smaller after the CGM data was collected. The total number of indi-
viduals included in the association test for each time window are in
Tables S3 and S4.

Figure 3 shows the results of the correlation analysis with CGM
features and lab values, with raw values included in Figure S3. The
heatmap shows the correlation coefficient with the laboratory value
at different time intervals. In the figure, it is noted how many labora-
tory values were included in the statistical test. We show two differ-
ent levels of statistical significance: at 0.05 and the corrected p-value
for multiple hypothesis testing.

Notably, different clusters of CGM features emerged with statisti-
cal significance to different laboratory values. The laboratory values
for HDL cholesterol had statistical significance at multiple time win-
dows with features such as mean, min, and time in tight range, with
correlation coefficients of —0.18 (p < 0.00044), —0.2 (p < 0.00044),
and 0.2 (p < 0.00044) for these variables in the time frame the CGM
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data was studied (the 30-day window after the index date). Serum
creatinine values did not have a statistically significant relationship
with mean glucose for all time windows except the window that
looked at any laboratory ever recorded previously, which had a corre-
lation coefficient of —0.032 (p = 0.04). However, serum creatinine
values had a significant relationship with features of variability such as
coefficient of variation (correlation coefficient of 0.13, p = 0.0014 in
the 30-day window after index date) and features from the frequency
domain such as the max amplitude (correlation coefficient of 0.15,
p < 0.00044 in the 30-day after index date window). Expectedly,
mean glucose was highly correlated to HbA1c, with a correlation coef-
ficient of 0.71 (p < 0.00044) in the time window of 30 days after the
CGM index date. C-peptide laboratory values had large correlation
coefficient magnitudes, particularly with coefficient of variation (cor-
relation coefficient of —0.34, p = 0.003 in the year after the CGM
index date). In Figure S7, we show the associations of the CGM fea-
tures with age, finding that age is negatively associated with mean
glucose (correlation coefficient of —0.13, p < 0.00044) and positively
associated with coefficient of variation (correlation coefficient of
0.088, p < 0.00044).

The subgroup analyses revealed different associations depending
on medication status. Figures S4-S6 show the results from the sub-
group analyses comparing two groups: individuals with a history of
insulin or sulfonylurea prescription and individuals without a history
of prescription. Notably, the significance of the discriminative power
of many covariates in the binary association decreased (Figure S4),
though it remained statistically significant for many features for both
subgroups. For some covariates, the magnitude and strength of the
relationship differed depending on medication status. For example,
the coefficient of variation was negatively associated with C-peptide
values in the year after the index date (correlation coefficient —0.36,
p-value <0.05) for the group with a history of insulin or sulfonylurea
use but positively associated with C-peptide values in the year after
for the individuals without a history of insulin or sulfonylurea use (cor-

relation coefficient 0.13, p-value not significant).

4 | DISCUSSION

In this study, we demonstrate that CGM features have heterogeneous
discriminative power in a large population of individuals with T2D with
several key insights. The results of this study report the associations
between CGM features and clinical observations in a large population
of individuals with T2D undergoing different treatment regimens. One
of the primary advantages of this study was the size of the cohort and
the quantity of CGM features analysed. There are limited large-scale
studies analysing CGM data from individuals with T2D, and many of
the existing studies have focused on a narrower set of features. Nota-
bly, our study included features that characterise the frequency domain
of the CGM signal, which are largely understudied in the literature in
large cohort studies. Our results highlight the potential clinical utility of
analysing different features extracted from CGM as a way to under-

stand heterogeneity in disease status. As T2D treatment becomes

increasingly more personalised to the individual,®! there is a need to
understand how to best leverage the data to improve precision medi-
cine. Our characterisation of the associations of CGM features with dif-
ferent clinical findings paves the way for future design of risk
stratification methods and phenotyping algorithms to leverage CGM to
improve decision making for individuals with T2D.

In the first part of this work, we identified distinct clusters of
CGM features derived from a large set of CGM features. We identi-
fied significant heterogeneity in the features themselves and signifi-
cant redundancy. This is consistent with the findings from similar
retrospective analyses of CGM data from individuals with T2D.”*? Of
note, our study included analysis of metrics derived from the fre-
quency domain that are not commonly used by investigators but have
been shown to provide a meaningful characterisation of glucose vari-
ability.*® We found that these features had strong associations with
clinical covariates, suggesting these metrics should be included in ana-
lyses of glycemic variability. Additionally, we found that many CGM
features had associations with clinical observations derived from
claims data and laboratory values that differed in strength from one
another, suggesting there are metric-specific associations. This was
seen in the laboratory analysis, where HDL cholesterol and serum cre-
atinine were associated with different clusters of CGM features. This
heterogeneity is consistent with recent work showing associations
between CGM features and clinical findings.2®1?

Notably, we found that the association of these features with clini-
cal covariates was different when the analysis was performed on sub-
groups of the population with a recent history of insulin or sulfonylurea
therapy. These medications are known to be associated with increased

glycemic variability,3233

and it is possible that some of the associations
observed in this study were capturing medication status. Prior work has
assessed how the associations of CGM metrics and clinical covariates
in individuals with T2D vary based on medication status, with one
study showing an inverse relationship between C-peptide and coeffi-
cient of variation in individuals on insulin therapy,®* similar to our find-
ings. Nonetheless, there has been interest in understanding the link
between different metrics of glycemic variability and underlying patho-
physiology.®> Glycemic variability has been thought to play a role in
both macrovascular and microvascular complications through endothe-
lial damage from oxidative stress, inflammatory cytokines, and epige-
netic changes.®® Prior studies have investigated how metrics
descriptive of glycemic variability are tied to diabetic complications,

37739 autonomic neuropathy,*° dia-

linking variability to oxidative stress,
betic retinopathy*! and cardiovascular disease.*>** Our findings sug-
gest that there are many metrics of glycemic variability that can be
extracted from CGM data with the potential to assist in understanding
the relationship between variability and pathophysiology. The hetero-
geneity observed in this study should promote future prospective stud-
ies collecting CGM data from individuals with T2D with well-defined
inclusion criteria to better understand the link between glycemic vari-
ability, medication status, and pathophysiology.

There were several limitations of this study and considerations
for the interpretations of the results. The CGM data were unblinded
to individuals, and the CGM data may not be representative of the
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individuals' glycemic dynamics prior to CGM use. While one of
the advantages of this study was that it included a large number of
individuals with T2D, the study is limited by the fact that this cohort
may not be representative of the true population of individuals with
T2D. This is made apparent through examination of the medication
rates in this population, particularly those on insulin, which is larger
than the true percentage of individuals with T2D on insulin.** Addi-
tionally, the data contained limited demographic information about
the cohort, including an omission of information regarding race.
Accordingly, these data may be generalisable and may not be repre-
sentative of the true T2D population.

Lastly, due to the nature of observational data and medical claims,
we would like to highlight several limitations of the study. We per-
formed association tests between CGM features and the presence of
ICD-10 codes for four different T2D complications. However, ICD-10
codes are imperfect, and it is possible that for many individuals, the
ICD-10 codes were improperly coded or misclassified by complication
type. The results should be interpreted with this limitation in mind,
particularly when interpreting the different associations between the
complication types. Because this study was observational, many indi-
viduals did not have laboratory records for the clinical laboratory
values that this study examined. This introduced bias into the analysis,
and this bias should be considered when interpreting the results.

Our results support existing literature demonstrating an associa-
tion of glycemic variability and clinical covariates and suggest that
CGM features hold heterogeneous discriminative value and advanced

CGM analysis may offer advances in precision medicine for T2D.
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