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Continuous glucose monitors (CGMs) are increasingly used in diabetes management for 

people with type 2 diabetes.1 These devices provide detailed information on nuanced glucose 

patterns and can inform personalized diabetes management decisions, including medication 

timing, meal planning, and physical activity.3 

CGMs measure interstitial glucose every 1-15 minutes for up to 14 days, allowing 

patients to observe glucose changes in real time.2 CGMs enable the detection of postprandial 

glucose spikes, hypoglycemic episodes, and glycemic variability.  

Due to the length of wearing time and frequency of measurements, CGMs produce a 

prolific amount of data – up to ~20,000 data points for some devices. To obtain interpretable 

information from these devices, the American Diabetes Association (ADA) incorporated the 

guidance from the International Consensus on CGM and have recommended 8 glycemic 

measures for clinical use, including time in range (TIR) 70-180 mg/dL, two time below range 

(TBR) metrics of <70 mg/dL and <54 mg/dL, two time above range (TAR) metrics of >180 

mg/dL and >250 mg/dL, mean glucose, and glucose coefficient of variation (CV), and glucose 

management indicator (GMI) which is the estimated hemoglobulin A1c value derived from 

CGM data.4,5 The 2025 ADA Standards of Care specifically states that individuals with diabetes 

wearing a CGM should aim for >70% of TIR 70-180 mg/dL and <5% and <1% of TBR <70 

mg/dL and TBR <54 mg/dL. should be minimized to be less than 5% and 1%, respectively, to 

reduce hypoglycemic risk.4  

While these metrics have been shown to be associated with clinical outcomes, they do not 

fully take advantage of the rich CGM data. The large amount and high temporal resolution 

makes CGM data well-suited for data-driven approaches to uncover latent glycemic profiles. 

One such approach is clustering, which classifies individuals into subgroups based on patterns of 

input data, grouping those who are more similar to each other than to others, without requiring 

predefined labels.6 Several studies7,8,9,10,11,12 have identified subtypes of type 2 diabetes using 

clustering methods. Most of these studies have used clinical biomarker and/or genetic data as 

input features for clustering.13 Because CGM measures the downstream dynamics of glycemic 

status, these profiles reflect the differences not only in underlying physiology, but also in 

treatment regimens and self-management behaviors, and therefore they may provide a more 

actionable and personalized view of glycemic status and clinical risk. While a few emerging 

studies have used data from CGMs to define glycemic subgroups in individuals with type 2 
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diabetes,14,15 these studies relied on an extensive number of CGM metrics that far exceed what 

has been recommended in the clinical guideline. This could introduce redundancy and lower 

clinical interpretability. Furthermore, given the limited number of these studies, there is a need 

for external validation to assess the reproducibility of the identified clusters.  

To this end, the primary aim of our study is to identify distinct glycemic profiles through 

clustering on a parsimonious set of CGM metrics with high clinical interpretability in people 

with type 2 diabetes from the Hyperglycemic Profiles in Obstructive Sleep Apnea (HYPNOS) 

randomized clinical trial.16 We will externally validate identified profiles using data from ARIC 

Generation 2 (Gen2) cohort. Because CGM captures short-term glycemic variability and 

hypoglycemic episodes which are not reflected by HbA1c, the gold standard for glycemic status 

assessment4,17, our secondary aim is to examine whether the CGM glycemic profiles can provide 

information beyond HbA1c.  

 
 
5. Main Hypothesis/Study Aims:  
 1) To identify distinct glycemic profiles in individuals with type 2 diabetes via clustering on 
CGM data from the HYPNOS trial and validate the generalizability and reproducibility of these 
profiles in ARIC Gen2 cohort 
 
 2) To evaluate whether CGM-derived glycemic profiles could offer information beyond 
HbA1c  
 
 
6. Design and analysis - please address the following aspects: 

a) Inclusion/exclusion 
We will include participants from ARIC Gen2 with type 2 diabetes and not using insulin 
who have at least 5 days of CGM data. We exclude participants using insulin to make the 
external validation cohort (ARIC Gen2) more similar to the study cohort (HYPNOS). 
 

b) Study design 
This will be a cross-sectional study involving data from the baseline visit of ARIC Gen2, 
which will be used as an external validation cohort.  
 

c) Outcome and other variables of interest with specific reference to the time of their 
collection 

 
CGM Metrics in ARIC Gen2 

We will use CGM data collected via Abbott Freestyle Libre Pro and Abbott 
Freestyle Libre3 sensors in ARIC Gen2. From the 5-14 days of CGM data in each 
participant, we will derive 26 CGM features that have high clinical translatability and 
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reflect the overall glucose level and glycemic variability (Table 1). Eight are 
recommended by the ADA Standards of Care: time in range (TIR 70-180 mg/dL), time 
below range (TBR <70 mg/dL and <54 mg/dL), time above range (TAR >180 mg/dL and 
>250 mg/dL), mean glucose, GMI, and glucose CV. In addition, TIR 70-140 mg/dL, 
TBR <60 mg/dL, TAR >140 mg/dL will be included to capture more granular levels of 
hypo- and hyperglycemic severity. To reflect diurnal variation, we will also include 
daytime (6am-23pm) and nighttime (23pm-2nd day 6am)-specific metrics for TIR, TBR, 
and TAR. Standard deviation (SD) will also be included as a compliment to CV to reflect 
glycemic variability as clinicians are often more familiar with SD and may use it as a key 
secondary glycemic variability metric. 5   

 
Table 1. CGM features selected for clustering analysis 

ADA Recommended CGM metrics: 
1.TIR 70-180 mg/dL 
 

2.TBR <70 mg/dL 3.TBR <54 mg/dL 4.TAR >180 mg/dL 

5.TAR >250 mg/dL 
 

6.Mean glucose 7.GMI 8.Glucose CV 

 
Additional CGM metrics for more levels of hypo-/hyperglycemic severity, secondary metrics for 
glycemic variability (standard deviation), and diurnal variation: 
9.TIR 70-140 mg/dL 
 

10.TBR <60 mg/dL 11.TAR >140 mg/dL 12.Standard deviation 

13.Daytime TIR 70-180 
mg/dL 

14.Nighttime TIR 70-
180 mg/dL 

15.Daytime TBR <70 
mg/dL 

16.Nighttime TBR <70 
mg/dL 

17.Daytime TBR <60 
mg/dL 

18.Nighttime TBR <60 
mg/dL 

19.Daytime TBR <54 
mg/dL 

20.Nighttime TBR <54 
mg/dL 

21.Daytime TAR >140 
mg/dL 

22.Nighttime 
TAR >140 mg/dL 

23.Daytime TAR >180 
mg/dL 

24.Nighttime 
TAR >180 mg/dL 

25.Daytime TAR >250 
mg/dL 

26.Nighttime 
TAR >250 mg/dL 

  

CGM: Continuous Glucose Monitoring; ADA: American Diabetes Association; TIR: Time in range; TBR: 
Time below range; TAR: Time above range; GMI: Glucose management indicator (estimated A1c from CGM 
data); CV: Coefficient of variation. 
  

Demographics, HbA1c, and Medication Use in ARIC Gen2 
Age, sex, race-center were collected via self-report at baseline.  
HbA1c was measured using Tosoh G8 HPLC analyzer with a coefficient of 

variation <2%.  
Diabetes medication use was determined using the ARIC Gen2 (overlapping with 

ARIC Visit 10) Medication Survey. Participants brought all medications taken in the 
prior four weeks, which were recorded by trained study staff through barcode scanning or 
manual transcription following standardized protocols. 
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d) Summary of data analysis  
 
Clustering in HYPNOS 
 We will apply robust and sparse k-means clustering (RSKC) algorithm18 with 
iterative refinement to identify distinct glycemic profiles using the 26 CGM features in 
HYPNOS. The robustness parameter was set to zero, meaning no observations were 
trimmed as outliers. To leverage the sparsity of the algorithm, we imposed an L1 
constraint on feature weights, allowing down-weighting less informative features and 
prioritizing those most relevant for distinguishing clusters. Given the high correlation 
among the 26 CGM features, the sparsity constraint mitigated redundancy from features 
carrying overlapping information. The number of clusters and the sparsity parameter (L1) 
were jointly optimized using a grid search procedure that selected the combination 
yielding the highest silhouette score, with iterative refinement applied when a single 
dominant cluster emerged. 
 To assess the stability of the clusters, we will repeat the full two-round RSKC 
procedure with random sampling of 80% of the original data 50 times and comparing the 
resulting cluster assignments. Pairwise adjusted Rand index values will be calculated for 
each layer to quantify the consistency across runs, with higher value indicating greater 
stability. 
 To characterize the clusters, we used the key CGM metrics that were 
recommended by ADA guideline (i.e., TIR 70-180 mg/dL, TBR <70 mg/dL, TBR <54 
mg/dL, TAR >180 mg/dL, TAR >250 mg/dL, mean glucose, GMI, and CV) to label them 
into clinically interpretable glycemic profiles. To assess whether the identified glycemic 
profiles captured information in addition to HbA1c, we will display the distribution of 
HbA1c across glycemic profiles in box plots.  
 We will compare the demographics, impacts of fatigue on daily activities, clinical 
characteristics, and medication use across glycemic profiles using ANOVA for 
continuous variables and Pearson’s chi-squared test for categorical variables. 
 
External Validation – ARIC Gen2 
 To externally validate the clusters derived from HYPNOS CGM data, we will 
apply a result-based validation approach described in Ullmann et al. (2021).19 We will 
first standardize the CGM features of ARIC Gen2 using the mean and standard deviation 
from the HYPNOS dataset. Each ARIC Gen2 participant will then be assigned to the 
HYPNOS cluster with the closest centroid (i.e., the average values of CGM features 
across all individuals in that cluster), and these are the projected clusters. To assess 
agreement, we will compare the projected cluster assignments with de novo clusters 
generated independently within ARIC Gen2 using the same RSKC method. A heatmap of 
overlapping proportions will be used to visualize concordance between the projected and 
the de novo clusters, and the adjusted Rand index will be calculated to quantify the level 
of agreement.  
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 All analyses will be performed in R version 4.2.2. 
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