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Purpose: This study evaluated how real-time continuous glucose monitoring (RT-CGM) use was associated with medication use 
patterns and A1c changes among people with type 2 diabetes (T2D) using non-insulin therapy (NIT), basal insulin therapy (BIT), or 
intensive insulin therapy (IIT). We hypothesized that RT-CGM use would be associated with more frequent medication class changes 
and reduction in polypharmacy, alongside greater improvements in A1c compared to CGM non-use.
Patients and Methods: This retrospective study analyzed US administrative claims data from the Optum Clinformatics Data Mart 
database between 09/01/2016 and 06/30/2024. People with T2D were divided into NIT, BIT, or IIT cohorts. Each cohort contained two 
groups: Dexcom RT-CGM users or CGM non-users and 1:1 propensity score matching was performed to minimize differences between the 
groups. We compared changes in medication use and A1c levels between RT-CGM users and CGM non-users over 12 months.
Results: Over 1.6 million people with T2D were identified prior to matching and stratified by therapy regimen as T2D-NIT, -BIT, or - 
IIT. After propensity score matching, the proportion of RT-CGM users taking ≥4 medications declined significantly and RT-CGM users 
had more net changes in their medications than CGM non-users. In addition, greater improvements in A1c were observed among RT- 
CGM users compared to CGM non-users in all cohorts (difference-in-differences of −0.4%, −0.5%, and −0.4% for T2D-NIT, T2D- 
BIT, and T2D-IIT, respectively, all p<0.0001). More RT-CGM users also achieved a mean A1c <7.0% or <8.0% at follow-up overall 
and among those not meeting the target at baseline.
Conclusion: Higher rates of medication changes were associated with RT-CGM use. RT-CGM use was associated with significantly 
and meaningfully improved A1c levels among all T2D cohorts. The findings indicate that RT-CGM use could help all people with T2D 
improve their glycemia.
Keywords: A1c, administrative claims, anti-diabetes medication, diabetes technology, medication optimization, real-time continuous 
glucose monitoring

Introduction
There are a staggering number of people living with type 2 diabetes (T2D) in the United States and globally.1 With these 
numbers almost certain to increase, experts advocate for increased access to diabetes technology.2 This includes 
continuous glucose monitoring systems which last 7–15 days and report a glucose value every 1–5 minutes.

Real-time continuous glucose monitoring (RT-CGM) measures glucose levels in the interstitial fluid using a thin, transcu
taneous wire. Glucose values are automatically sent to a connected display device (receiver or smartphone) where the user can 
check their current glucose value or perform retrospective analyses. The app or receiver connected to the RT-CGM sensor can 
deliver alerts related to glucose levels (hypoglycemia or hyperglycemia alerts), rapid changes in glucose, or loss of connection.

RT-CGM systems are non-adjunctive, meaning they can be used as the basis for insulin dosing decisions. Beyond its 
application in insulin dosing, there is increasing interest in the combined use of RT-CGM and antidiabetic medications to 
help inform treatment decisions. In fact, the 2025 American Diabetes Association (ADA) Standards of Care in Diabetes 
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included a new recommendation to consider CGM use among adults with T2D using any glucose-lowering medication to 
tailor therapies if A1c is above goal.3

In relation to A1c goals, previous studies have shown that the use of RT-CGM is associated with glycemic 
improvements among people with type 1 diabetes,4 type 2 diabetes using intensive insulin therapy,5 and, increasingly, 
people with T2D using only basal insulin6 or non-insulin therapies.7,8 However, real-world evidence of the benefits of 
RT-CGM use among people with T2D using non-insulin therapies is limited.

Therefore, this study evaluated two hypotheses: 1) RT-CGM use among people with T2D using any therapy regimen 
(intensive insulin, basal insulin, or non-insulin therapies) is associated with higher rates of medication class changes and 
reductions in polypharmacy; and 2) RT-CGM use among people with T2D using any therapy regimen is associated with 
greater improvements in A1c compared to CGM non-use.

Materials and Methods
Data Source
This retrospective, observational study leveraged de-identified health claims data from Optum’s Clinformatics® Data Mart 
(CDM) database, encompassing approximately 83 million unique individuals with commercial or Medicare coverage across 
the United States from 01/01/2007 to 06/30/2024. The CDM contains deidentified health information consistent with the 
Health Insurance Portability and Accountability Act (HIPAA) and managed according to Optum customer agreements in 
compliance with US Code of Federal Regulations title 45, section 164.514(b)(1).9 CDM administrative claims submitted by 
healthcare providers and pharmacies are processed, validated, and anonymized prior to inclusion. This dataset captures 
comprehensive details on patient enrollment, healthcare service utilization, and associated costs. Access to the CDM was 
obtained through a license from Optum. Given that the data are fully de-identified and adhere to HIPAA standards, the study 
was considered exempt research from ethics committee approval under US Code of Federal Regulations title 45 section 
46.104(d)(4)(ii). The study followed the ethical principles of the Declaration of Helsinki.

Study Cohorts
The study population included adults ≥30 years of age with T2D, identified using International Classification of Diseases, 9th 
and 10th Revisions (ICD-9/ICD-10) codes.10 Three cohorts were created based on therapy regimen to capture individuals at 
different stages of their diabetes treatment journey: non-insulin therapy (NIT), basal insulin therapy (BIT), or intensive insulin 
therapy (IIT). An age threshold of ≥30 years was used in this T2D population study to reduce sample heterogeneity.11 

Participants were commercially or Medicare-insured and had no prior evidence of CGM use. The identification period 
spanned 09/01/2017 to 06/30/2023. Continuous health plan coverage was required for 12 months pre-index (baseline) and 
12 months post-index (follow-up). Individuals with evidence of pregnancy or gestational diabetes were excluded.

Each cohort (T2D-NIT, -BIT, or -IIT) was divided into RT-CGM user or CGM non-user groups. The RT-CGM group 
included individuals initiating Dexcom G4, G5, G6, or G7 RT-CGM systems, identified by National Drug Codes (NDCs; 
Supplementary Table 1), with the index date as the first RT-CGM claim. A random date was assigned as the index for the 
CGM non-user group. To ensure mutual exclusivity, the cohort of CGM non-users comprised individuals without CGM 
claims during the identification period.

For the T2D-IIT cohort, evidence of fast-acting insulin was required during the baseline period. Basal insulin use was 
not exclusionary in the T2D-IIT cohort. For the T2D-BIT cohort, basal insulin use was required during the baseline period 
with no evidence of fast-acting insulin use. For the T2D-NIT cohort, individuals with any insulin use were excluded.

To balance baseline characteristics, propensity score matching was performed at a 1:1 ratio without replacement 
within each cohort. Exact matching was applied to categorical variables: sex, payer type (commercial or Medicare), 
presence of diabetes-related (DR) emergency department or inpatient encounters at baseline, geographic region, and 
baseline A1c (categorized as <7%, 7–8%, 8–9%, or 9–14%). Continuous variables including age, Charlson comorbidity 
score, number of unique antidiabetic medications at baseline, DR medical costs at baseline, number of DR healthcare 
encounters at baseline, total medical costs at baseline, and total healthcare encounters at baseline were incorporated into 
a logistic regression model to estimate propensity scores. Matching was constrained by a caliper of 0.02 on the 
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propensity score to ensure close matches, minimizing confounding and enhancing comparability between the RT-CGM 
user and CGM non-user groups. Lastly, valid A1c values within 12 months before and after the index date were used to 
assess A1c changes pre- and post-index.

Assessment of Anti-Diabetes Medications and Change in Medications
The study identification spanned nearly five years and medication availability, effectiveness, and recommendations from 
professional societies have evolved rapidly in that time. For example, the ADA Standards of Care in Diabetes began 
recommending incretin mimetics as a first-line therapy in 202012 due to their improved potency and favorable 
cardiovascular outcomes. As new medications became available, sulfonylureas and thiazolidinediones (TZD) were 
deprioritized due to the risks of severe hypoglycemia and weight gain.3,13

To assess the number of unique anti-diabetes medications, ≥1 pharmacy claim for the medication was required during 
the 12-month baseline or follow-up period. Eleven medication classes were assessed: alpha glucosidase inhibitors, 
dipeptidyl peptidase-4 (DPP-4) inhibitors, dopamine agonists, incretin mimetics (glucagon-like peptide-1 receptor agonists 
[GLP-1 RAs] and dual glucose-dependent insulinotropic polypeptide [GIP]/GLP-1 receptor agonist), insulin, meglitinide, 
metformin, sodium-glucose cotransporter-2 (SGLT-2) inhibitors, sulfonylurea, TZD, and combination medicines. 
A complete list of medication codes is available from the corresponding author, GJN, upon reasonable request.

The change in the number of unique anti-diabetes medications, the net change in medication class count, and the relative 
change within each medication class were assessed for each cohort (T2D-NIT, T2D-BIT, or T2D-IIT) and stratified by 
group (RT-CGM user or CGM non-user) at baseline and at follow-up. Using this data, we developed a categorical variable 
to capture the net change in medication classes, which classified participants into one of four distinct groups similar to the 
categories in Garg et al14 reduction, addition, net zero change, or no change. These were defined as: reduction, a decrease in 
the number of unique medication classes over time; addition, an increase in the number of unique medication classes over 
time; Net zero change, the number of medication classes remained the same over time, but the specific medications were 
changed; and no change: the number and class of medications remained the same over time. Distinguishing a net zero 
medication change from no change indicates a change in medication therapy that did not involve simply adding new 
medications, which can lead to polypharmacy and increased risk of adverse effects.

Assessment of A1c Change and Proportion Reaching Target A1c
Among those with baseline and follow-up A1c data, three outcomes were evaluated: (1) Mean A1c change, 
calculated as the difference between mean A1c in the 12-month follow-up period and the 12-month baseline 
period, with negative values indicating improvement, and compared between groups using difference-in- 
differences (DiD); (2) Proportion achieving A1c targets of <7.0% or <8.0% during follow-up, per ADA (<7%) 
and Healthcare Effectiveness Data and Information Set (HEDIS) (<8.0%) guidelines for non-pregnant adults 
without significant hypoglycemia; (3) Proportion of individuals with baseline A1c ≥7.0% or ≥8.0% achieving 
A1c <7.0% or <8.0%, respectively, during follow-up. Individuals with missing data were not included in this 
analysis.

Statistical Analyses
Descriptive statistics, including percentages, means, and standard deviations (SDs), summarized demographic character
istics and A1c outcomes by cohort (T2D-NIT, T2D-BIT, T2D-IIT) and within-cohort group (RT-CGM or CGM non-user) 
. The difference in A1c change between RT-CGM user and CGM non-user groups was assessed using linear models with 
an interaction term to estimate the DiD values, which estimate the magnitude and direction of change attributable to RT- 
CGM use in each cohort. Analyses were performed using Instant Health Data software (Panalgo, Boston, MA) and 
R version 3.2.1 (R Foundation for Statistical Computing, Vienna, Austria). Figures were developed in GraphPad Prism 
version 10.0.1.
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Results
Baseline Demographics
About 1.6 million adults ≥30 years of age with T2D were identified during our identification period prior to matching. 
This population was stratified into three cohorts by insulin use (NIT, BIT, IIT). Demographic characteristics for each 
cohort are summarized in Supplementary Table 2 (unmatched) and Table 1 (propensity-score matched). Overall, the 
mean age was over 60 years, the most common region was the South, and the Charlson comorbidity score was highest 
among people with T2D-BIT (Table 1). Only about 30% of the T2D-NIT cohort had evidence of using SMBG based on 
prescription fills prior to starting RT-CGM, while over 50% of the T2D-BIT and T2D-IIT cohorts used SMBG in the 
baseline period to monitor glucose levels (Table 1).

Medication Use Patterns
With multiple medications available for the treatment of T2D, we analyzed the number of unique non-insulin anti-diabetic 
medications used within each cohort stratified by RT-CGM use or CGM non-use (Table 2 and Supplementary Table 3).

For people with T2D-NIT, the most common number of medication classes among RT-CGM users at baseline was 
2 (28.8%), while those not using CGM were most commonly using 0 medications (36.9%; Table 2). During follow-up, 
the proportion of individuals on zero medications decreased in both groups (−13.5% relative change for RT-CGM users 
and −5.4% for CGM non-users). For those with polypharmacy, RT-CGM users saw significant reductions in the 

Table 1 Demographic Characteristics of Each Cohort Stratified by CGM Use or Non-Use (Propensity-Score Matched)

Characteristic T2D-NIT T2D-BIT T2D-IIT

RT-CGM Users CGM non-Users RT-CGM Users CGM non-Users RT-CGM Users CGM non-Users

N 1860 1860 3092 3092 6662 6662

Female 830 (44.6%) 830 (44.6%) 1492 (48.3%) 1492 (48.3%) 3223 (48.4%) 3223 (48.4%)

Mean Age, mean (SD) 61.3 (12.5) 64.2 (12.8) 66.3 (11.1) 66.4 (11.0) 60.6 (12.2) 60.5 (12.2)

Age Groups

30–34 20 (1.1%) 12 (0.6%) 16 (0.5%) 10 (0.3%) 97 (1.5%) 94 (1.4%)

35-44 187 (10.1%) 130 (7.0%) 144 (4.7%) 122 (3.9%) 662 (9.9%) 650 (9.8%)

45-54 353 (18.9%) 300 (16.1%) 319 (10.3%) 341 (11.0%) 1291 (19.4%) 1327 (19.9%)

55-64 465 (25.0%) 465 (25.0%) 593 (19.2%) 663 (21.4%) 1939 (29.1%) 1924 (28.9%)

≥65 835 (44.9%) 953 (51.2%) 2020 (65.3%) 1956 (63.3%) 2673 (40.1%) 2667 (40.0%)

Region

Midwest 485 (26.1%) 485 (26.1%) 690 (22.3%) 690 (22.3%) 1953 (29.3%) 1953 (29.3%)

Northeast 156 (8.4%) 156 (8.4%) 291 (9.4%) 291 (9.4%) 537 (8.1%) 537 (8.1%)

South 953 (51.2%) 953 (51.2%) 1514 (49.0%) 1514 (49.0%) 3095 (46.5%) 3095 (46.5%)

West 265 (14.2%) 265 (14.2%) 596 (19.3%) 596 (19.3%) 1075 (16.1%) 1075 (16.1%)

Unknown 1 (0.05%) 1 (0.05%) 1 (0.03%) 1 (0.03%) 2 (0.03%) 2 (0.03%)

Charlson comorbidity score, mean (SD) 1.71 (1.95) 1.58 (1.94) 2.18 (1.99) 2.22 (2.10) 2.16 (2.09) 2.14 (2.11)

Payor: Commercial 938 (50.4%) 938 (50.4%) 688 (22.3%) 688 (22.3%) 3414 (51.2%) 3414 (51.2%)

Any SMBG Supplies during Baseline 638 (34.1%) 522 (28.1%) 1636 (52.9%) 1785 (57.7%) 4181 (67.7%) 3650 (54.8%)

Note: Data presented as n (%) unless noted. 
Abbreviations: RT-CGM, real-time continuous glucose monitoring; SD, standard deviation; SMBG, self-monitoring of blood glucose; T2D-BIT, type 2 diabetes using basal 
insulin therapy; T2D-IIT, type 2 diabetes using intensive insulin therapy; T2D-NIT, type 2 diabetes using non-insulin therapy.
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proportion taking 4 (−26.1%, p<0.0001) or ≥5 (−37.0%, p=0.021) medications, while these 4 or ≥5 medication class 
categories in the non-user group saw no significant change.

Among people with T2D-BIT, both groups saw an increase in the proportion of individuals taking 0 non-insulin 
medications. These changes were +13.5% (p<0.0001) for RT-CGM users and +46.0% (p<0.0001) for CGM non-users. In 
terms of polypharmacy, the RT-CGM group showed significant reductions in the proportion of individuals taking 4 (−20.9%, 
p<0.0001) or ≥5 (−41.7%, p=0.002) medications. In the CGM non-user group, the proportion of individuals taking 4 (−6.3%, 
p=0.278) or ≥5 (−31.6%, p=0.021) medications also decreased, although only the latter was statistically significant.

In the T2D-IIT cohort, a similar pattern was observed. The proportion of individuals taking 4 or ≥5 medications 
decreased significantly from baseline for RT-CGM users (−39.8% [p<0.0001] and −63.0% [p<0.0001], respectively). For 
CGM non-users, the reductions in the proportion taking 4 or ≥5 medications were −18.8% (p=0.001) and −33.3% 
(p=0.088), respectively.

Table 2 Changes in the Number of Unique Non-Insulin Anti-Diabetes Medications in the Matched Cohorts Stratified by RT-CGM Use 
or CGM Non-Use

Medication 
Class Count

RT-CGM Users CGM Non-Users

Baseline Follow-Up Relative 
Change

p-value Baseline Follow-up Relative 
Change

p-value

T2D-NIT N=1860 N=1860

0 459 (24.7%) 397 (21.3%) −13.5% <0.0001 686 (36.9%) 649 (34.9%) −5.4% <0.0001

1 439 (23.6%) 458 (24.6%) 4.3% 0.186 578 (31.1%) 558 (30.0%) −3.5% 0.137

2 535 (28.8%) 566 (30.4%) 5.8% 0.051 345 (18.5%) 389 (20.9%) 12.8% <0.0001

3 285 (15.3%) 337 (18.1%) 18.2% <0.0001 181 (9.7%) 193 (10.4%) 6.6% 0.268

4 115 (6.2%) 85 (4.6%) −26.1% <0.0001 61 (3.3%) 62 (3.3%) 1.6% 0.935

≥5 27 (1.5%) 17 (0.9%) −37.0% 0.021 9 (0.5%) 9 (0.5%) 0.0% 1

T2D-BIT N=3092 N=3092

0 393 (12.7%) 446 (14.4%) 13.5% <0.0001 337 (10.9%) 492 (15.9%) 46.0% <0.0001

1 853 (27.6%) 865 (28.0%) 1.4% 0.546 915 (29.6%) 942 (30.5%) 3.0% 0.146

2 1018 (32.9%) 1059 (34.2%) 4.0% 0.055 1062 (34.3%) 958 (31.0%) −9.8% <0.0001

3 610 (19.7%) 557 (18.0%) −8.7% 0.002 566 (18.3%) 511 (16.5%) −9.7% <0.0001

4 182 (5.9%) 144 (4.7%) −20.9% <0.0001 174 (5.6%) 163 (5.3%) −6.3% 0.278

≥5 36 (1.2%) 21 (0.7%) −41.7% 0.002 38 (1.2%) 26 (0.8%) −31.6% 0.021

T2D-IIT N=6662 N=6662

0 2448 (36.7%) 2513 (37.7%) 2.7% 0.002 2006 (30.1%) 2208 (33.1%) 10.1% <0.0001

1 1825 (27.4%) 1890 (28.4%) 3.6% 0.022 2220 (33.3%) 2061 (30.9%) −7.2% <0.0001

2 1491 (22.4%) 1532 (23.0%) 2.7% 0.128 1617 (24.3%) 1592 (23.9%) −1.5% 0.336

3 675 (10.1%) 599 (9.0%) −11.3% <0.0001 638 (9.6%) 657 (9.9%) 3.0% 0.304

4 196 (2.9%) 118 (1.8%) −39.8% <0.0001 160 (2.4%) 130 (2.0%) −18.8% 0.001

≥5 27 (0.4%) 10 (0.2%) −63.0% <0.0001 21 (0.3%) 14 (0.2%) −33.3% 0.088

Note: Data presented as n (%). 
Abbreviations: RT-CGM, real-time continuous glucose monitoring; T2D-BIT, type 2 diabetes using basal insulin therapy; T2D-IIT, type 2 diabetes using intensive insulin 
therapy; T2D-NIT, type 2 diabetes using non-insulin therapy.
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To further explore these medication changes, we assessed the net changes in medication class count within each 
cohort stratified by RT-CGM use or CGM non-use (Figure 1). Individuals fell into one of four categories: net addition of 
medication, net reduction of medication, no changes in medication regimen, or no net change in the number of 
medications. Across cohorts, the proportion of individuals with a net change in their medications (addition or reduction) 
was higher among RT-CGM users, although this difference was not always statistically significant. In all three cohorts, 
the proportion experiencing no changes in their medications was significantly higher among CGM non-users compared to 
RT-CGM users.

Finally, to identify the nature of these medication changes, we analyzed shifts within specific anti-diabetes medication 
classes from baseline to follow-up (Table 3). Significant differences were observed in insulin therapy progression at 
1-year follow-up. In the T2D-NIT cohort, 23.7% of RT-CGM users initiated insulin therapy during follow-up, while only 
4.2% of CGM non-users initiated insulin therapy. Among T2D-BIT users, 26.8% of RT-CGM users escalated to IIT 

Figure 1 Net changes in non-insulin medication class count stratified by cohort and RT-CGM use or CGM non-use. “Addition” and “Reduction” categories indicate a net 
increase or decrease in medications at follow-up compared to baseline. “No Change” indicates the same medication classes were used at baseline and follow-up. “Net Zero 
Change” indicates the same number of medication classes were added as removed at follow-up compared to baseline. Cohorts are presented as (A) T2D-NIT, (B) T2D-BIT, 
and (C) T2D-IIT.

Table 3 Changes in Antidiabetic Medication Class Usage in Matched Cohorts Stratified by RT-CGM Use or CGM Non-Use

Medication Class RT-CGM Users CGM Non-Users

Baseline Follow-up Relative 
Change

p-value Baseline Follow-up Relative 
Change

p-value

T2D-NIT N=1860 N=1860

Any insulin therapy 0 (0.0%) 441 (23.7%) – – 0 (0.0%) 78 (4.2%) – –

Basal insulin only 0 (0.0%) 184 (9.9%) – – 0 (0.0%) 38 (2.0%) – –

IIT 0 (0.0%) 257 (13.8%) – – 0 (0.0%) 40 (2.2%) – –

DPP-4 Inhibitor 151 (8.1%) 107 (5.8%) −29.1% <0.0001 135 (7.3%) 132 (7.1%) −2.2% 0.65

Incretin mimetic 651 (35.0%) 863 (46.4%) 32.6% <0.0001 200 (10.8%) 295 (15.9%) 47.5% <0.0001

Metformin 996 (53.5%) 949 (51.0%) −4.7% <0.0001 933 (50.2%) 937 (50.4%) 0.4% 0.75

SGLT-2 inhibitor 406 (21.8%) 465 (25.0%) 14.5% <0.0001 198 (10.6%) 236 (12.7%) 19.2% <0.0001

Sulfonylurea 486 (26.1%) 416 (22.4%) −14.4% <0.0001 443 (23.8%) 448 (24.1%) 1.1% 0.59

TZD 123 (6.6%) 108 (5.8%) −12.2% 0.01 91 (4.9%) 97 (5.2%) 6.6% 0.25

Combination Medicines 109 (5.9%) 109 (5.9%) 0.0% >0.99 85 (4.6%) 81 (4.4%) −4.7% 0.42

(Continued)
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compared to 8.8% of CGM non-users. Conversely, in the T2D-IIT cohort, 89.2% of RT-CGM users remained on an IIT 
regimen compared to 71.1% of CGM non-users. Also, in the T2D-IIT cohort, 96.5% of RT-CGM users remained on an 
insulin regimen, compared to 82.1% of CGM non-users.

Regarding non-insulin medications, the use of sulfonylureas decreased among all RT-CGM user groups, with the 
largest reduction seen in the T2D-IIT cohort (−40.2%, p<0.0001). Similarly, use of DPP-4 inhibitors decreased more for 
RT-CGM users than non-users in the T2D-NIT (−29.1% vs −2.2%) and T2D-IIT (−33.3% vs −15.3%) cohorts.

Use of incretin mimetics and SGLT-2 inhibitors increased from baseline to follow-up in both groups across all 
cohorts. While the relative increase for these classes was sometimes higher in the CGM non-user group due to lower 
baseline use, the absolute proportion of patients using these medications at follow-up was consistently higher among RT- 

Table 3 (Continued). 

Medication Class RT-CGM Users CGM Non-Users

Baseline Follow-up Relative 
Change

p-value Baseline Follow-up Relative 
Change

p-value

T2D-BIT N=3092 N=3092

Any insulin therapy 3092 (100.0%) 2873 (92.9%) −7.1% <0.0001 3092 (100.0%) 2706 (87.5%) −12.5% <0.0001

Basal insulin only 3092 (100.0%) 2046 (66.2%) −33.8% <0.0001 3092 (100.0%) 2433 (78.7%) −21.3% <0.0001

IIT 0 (0.0%) 827 (26.8%) – – 0 (0.0%) 273 (8.8%) – –

DPP-4 Inhibitor 302 (9.8%) 238 (7.7%) −21.2% <0.0001 455 (14.7%) 359 (11.6%) −21.1% <0.0001

Incretin mimetic 1216 (39.3%) 1413 (45.7%) 16.2% <0.0001 955 (30.9%) 1040 (33.6%) 8.9% <0.0001

Metformin 1718 (55.6%) 1545 (50.0%) −10.1% <0.0001 1910 (61.8%) 1717 (55.5%) −10.1% <0.0001

SGLT-2 inhibitor 892 (28.8%) 976 (31.6%) 9.4% <0.0001 617 (20.0%) 692 (22.4%) 12.2% <0.0001

Sulfonylurea 963 (31.1%) 764 (24.7%) −20.7% <0.0001 1108 (35.8%) 941 (30.4%) −15.5% <0.0001

TZD 276 (8.9%) 231 (7.5%) −16.3% <0.0001 288 (9.3%) 268 (8.7%) −6.9% 0.01

Combination Medicines 194 (6.3%) 164 (5.3%) −15.5% <0.0001 212 (6.9%) 194 (6.3%) −8.5% 0.01

T2D-IIT N=6662 N=6662

Any insulin therapy 6662 (100.0%) 6429 (96.5%) −3.5% <0.0001 6662 (100.0%) 5467 (82.1%) −17.9% <0.0001

Basal insulin only 0 (0.0%) 488 (7.3%) – – 0 (0.0%) 728 (10.9%) – –

IIT 6662 (100.0%) 5941 (89.2%) −10.8% <0.0001 6662 (100.0%) 4739 (71.1%) −28.9% <0.0001

DPP-4 Inhibitor 330 (5.0%) 220 (3.3%) −33.3% <0.0001 496 (7.4%) 420 (6.3%) −15.3% <0.0001

Incretin mimetic 2034 (30.5%) 2373 (35.6%) 16.7% <0.0001 1656 (24.9%) 1926 (28.9%) 16.3% <0.0001

Metformin 2549 (38.3%) 2194 (32.9%) −13.9% <0.0001 3145 (47.2%) 2839 (42.6%) −9.7% <0.0001

SGLT-2 inhibitor 1386 (20.8%) 1565 (23.5%) 12.9% <0.0001 1033 (15.5%) 1216 (18.3%) 17.7% <0.0001

Sulfonylurea 868 (13.0%) 519 (7.8%) −40.2% <0.0001 1122 (16.8%) 910 (13.7%) −18.9% <0.0001

TZD 276 (4.1%) 221 (3.3%) −19.9% <0.0001 312 (4.7%) 266 (4.0%) −14.7% <0.0001

Combination Medicines 249 (3.7%) 197 (3.0%) −20.9% <0.0001 290 (4.4%) 272 (4.1%) −6.2% 0.01

Notes: Data presented as n (%). Medications with ≥2% use at baseline or follow-up are included. Data from alpha glucosidase inhibitor, dopamine agonist, and meglitinide 
use are not shown due to low rates of use. 
Abbreviations: DPP-4, dipeptidyl peptidase-4; RT-CGM, real-time continuous glucose monitoring; SGLT-2, sodium-glucose cotransporter-2; T2D-BIT, type 2 diabetes using 
basal insulin therapy; T2D-IIT, type 2 diabetes using intensive insulin therapy; T2D-NIT, type 2 diabetes using non-insulin therapy; TZD, thiazolidinediones.
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CGM users. For example, the biggest differential in incretin mimetic between RT-CGM users and CGM non-users 
occurred in the T2D-NIT cohort (46.4% vs 15.9% incretin mimetic use at follow-up). SGLT-2 inhibitor use was also 
markedly different between RT-CGM users and CGM non-users with higher baseline and follow-up use rates among the 
former group across cohorts.

Change in Glycemia
Glycemic control as measured by A1c improved in all three cohorts between baseline and follow-up, however, larger 
decreases in A1c were observed among RT-CGM users compared to CGM non-users independent of therapy regimen 
(Table 4). A1c declined by 0.4%, 0.5%, and 0.4% more among RT-CGM users with T2D-NIT, T2D-BIT, or T2D-IIT, 
respectively, compared to CGM non-users (all p<0.0001).

Overall, more people with T2D using RT-CGM achieved an A1c <7.0% or <8.0% compared to those not using CGM 
(Figure 2A–C). Among individuals with a baseline A1c ≥7.0%, more RT-CGM users than CGM non-users achieved an 
A1c <7.0% at follow-up, independent of therapy regimen (Figure 2D). This was consistent among those with a baseline 
A1c ≥8.0% who achieved a follow-up A1c <8.0% (Figure 2E).

Discussion
In this observational, retrospective analysis of administrative claims data, more dynamic and guideline-concordant 
medication management3 was observed among people with T2D treated with any insulin therapy or non-insulin therapies 
using Dexcom RT-CGM. Medication changes were more common among RT-CGM users with larger relative changes 
across nearly all medication classes and cohorts. Specifically, initiation and escalation of insulin therapy, de-prescribing 
of higher-risk medications (eg, sulfonylurea), and a greater reduction in polypharmacy over time were more frequently 
observed among RT-CGM users. Finally, these changes in anti-diabetic medications were accompanied by significant and 
clinically meaningful reductions in A1c among RT-CGM users compared to CGM non-users. More RT-CGM users met 
A1c targets of <7.0% and <8.0% at follow-up compared to CGM non-users and, importantly, more RT-CGM users not 
meeting A1c targets at baseline met the target at follow-up.

Therapy Optimization
Consistent with other studies, we found high rates of polypharmacy across the T2D population.15 However, our analysis 
found greater decreases in the number of people taking 4 or ≥5 medication classes among RT-CGM users compared to 
CGM non-users. The analysis of net changes in the number of medication classes also revealed higher rates of net 
addition, net reduction, or net zero change in medication classes among RT-CGM users, although these differences were 
not always statistically significant. Relatedly, CGM non-users had higher rates of experiencing no change in their 

Table 4 Changes in A1c in the Matched Cohorts Stratified by RT-CGM Use or CGM Non-Use

A1c Value (%) Group N Baseline Follow-up Change Within-group 
p-value

DiD p-value

T2D-NIT RT-CGM users 789 8.0 (1.8) 7.3 (1.4) −0.8 (1.6) <0.0001 −0.4 <0.0001

CGM non-users 770 7.8 (1.6) 7.5 (1.5) −0.4 (1.3) <0.0001

T2D-BIT RT-CGM users 1453 8.5 (1.5) 7.6 (1.3) −0.8 (1.5) <0.0001 −0.5 <0.0001

CGM non-users 1413 8.4 (1.5) 8.1 (1.5) −0.3 (1.3) <0.0001

T2D-IIT RT-CGM users 2595 8.5 (1.6) 7.7 (1.4) −0.8 (1.5) <0.0001 −0.4 <0.0001

CGM non-users 2533 8.5 (1.7) 8.1 (1.6) −0.4 (1.4) <0.0001

Note: Data presented as mean (SD). 
Abbreviations: CGM, continuous glucose monitoring; DiD, difference-in-differences; RT-CGM, real-time continuous glucose monitoring; T2D- 
BIT, type 2 diabetes using basal insulin therapy; T2D-IIT, type 2 diabetes using intensive insulin therapy; T2D-NIT, type 2 diabetes using non- 
insulin therapy.
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medication regimen (ie, using the same number and classes of medications at baseline and follow-up). These higher rates 
of medication changes among RT-CGM users may indicate more attempts at therapy optimization among patients and 
their healthcare providers, which likely contributed to the additional improvements in A1c observed with RT-CGM use. 
While we did observe some reductions in the overall rates of medication class usage, clinical trials that quantify 
medication burden using the medication effect score have reported significant reductions in medication burden related 
to RT-CGM.16,17

While we observed a higher relative increase in incretin mimetic and SGLT-2 inhibitor use among certain CGM non- 
users (T2D-NIT: +32.6% vs +47.5% for incretin mimetics and +14.5% vs +19.2% for SGLT-2 inhibitors; T2D-BIT: 
+9.4% vs +12.2% for SGLT-2 inhibitors), this was likely driven by a much lower baseline rate of use. The absolute use of 
these guideline-recommended therapies at follow-up was consistently higher among RT-CGM users. We also observed 
significant de-prescribing of sulfonylureas, which aligns with ADA recommendations to reassess the need for and/or dose 
of medications with higher hypoglycemia risk (ie, sulfonylureas, meglitinides, and insulin) when initiating a new 
glucose-lowering medication to minimize the risk of hypoglycemia and treatment burden.3 Similar decreases in 
sulfonylurea use and increases in incretin mimetic and SGLT-2 inhibitor use were reported across T2D-NIT, -BIT, and - 
IIT populations in Garg et al.14

Notable changes in insulin therapy regimens occurred in all three T2D cohorts. In the T2D-NIT cohort, 23.7% of RT- 
CGM users initiated insulin therapy, while only 4.2% of CGM non-users began using insulin at follow-up. This rate of 
insulin initiation among RT-CGM users closely aligns with the rate observed in another study that assessed changes in 
therapy among CGM users.14 In the T2D-BIT and T2D-IIT cohorts, insulin therapy continuation among RT-CGM users 
was high (>90%). Notably, over one-third of the T2D-BIT cohort stopped using basal insulin as their only insulin therapy 
with most progressing to intensive insulin therapy. These intensifications of insulin in the T2D-NIT and T2D-BIT 
cohorts, in addition to the higher rates of medication optimization (ie, addition, reduction, net zero change), likely 
contributed to the additional glycemic improvements we observed among RT-CGM users. In the T2D-IIT cohort, about 
11% of RT-CGM users stopped using fast-acting insulin with most continuing to use basal insulin. This rate of fast-acting 

Figure 2 Proportion of each cohort achieving A1c targets stratified by RT-CGM use or CGM non-use. (A) Proportion of NIT cohort achieving A1c goals at follow-up, (B) 
Proportion of BIT cohort achieving A1c goals at follow-up, (C) Proportion of IIT cohort achieving A1c goals at follow-up, (D and E) Proportion of each cohort with 
a baseline A1c above the indicated target meeting the target at follow-up. **, p<0.001; ***, p<0.0001. 
Abbreviations: RT-CGM, real-time continuous glucose monitoring; BIT, basal insulin therapy; IIT, intensive insulin therapy; NIT, non-insulin therapy; T2D, type 2 diabetes.
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insulin discontinuation is about half of the rate reported in Garg et al.14 Multiple differences between our studies could 
have contributed to this difference, including the study observation windows and statistical analysis methods (ie, 
presence or absence of propensity score matching). Notably, the rates of insulin discontinuation that we observed 
among CGM non-users in the T2D-BIT and T2D-IIT cohorts (12.5% and 17.9%, respectively) were much lower than 
the 42.2% discontinuation rate reported in Wu et al, which analyzed insulin-using adults between 2010 and 2017 in 
a single health system.18

The significantly higher rate of medication changes among RT-CGM users could indicate a reduction in therapeutic 
inertia. Therapeutic inertia, or clinical inertia, is the failure to initiate or titrate a disease therapy in a timely manner and is 
a particular challenge for individuals with T2D treated by a primary care provider.19,20 The real-time availability of 
glucose values and the daily patterns and trends available with RT-CGM data may help HCPs see the impact of different 
medications and be more confident in adding or removing medications.21–23 Ajjan et al and Kruger et al recommend the 
use of CGM data rather than self-monitoring of blood glucose when performing therapy escalations, due to the extensive 
data available with CGM including retrospective data review and real-time information on whether glucose levels are 
rising or falling.2,7

A1c Improvements
These results align with other studies demonstrating significant improvements in A1c with RT-CGM use among people 
with T2D using intensive insulin or basal insulin therapies.5,6,24–26 There is an increasing body of evidence reporting on 
the association between RT-CGM use and improvements in A1c among people with T2D-NIT. Some studies report more 
modest improvements in A1c11,27 while others report larger and more meaningful improvements16,24 compared to 
a control group. Importantly, improvements in CGM-measured time in range (TIR) 70–180 mg/dL, rather than A1c, 
are more consistently reported among people with T2D-NIT.8,24,28

These results also align with other retrospective studies that analyzed A1c change in multiple T2D cohorts, including 
T2D-IIT, -BIT, and -NIT.14,29 These studies similarly found comparable improvements among individuals with T2D-NIT 
compared to those with T2D using insulin. One study found that, in addition to glycemic improvements, CGM users also 
experienced reductions in all-cause hospitalizations and acute diabetes-related events requiring hospitalization or 
emergency room visits across T2D therapy regimens.14

Greater proportions of RT-CGM users consistently achieved A1c targets of <7.0% and <8.0% across the three cohorts 
compared to CGM non-users. This has important clinical implications, particularly for the <7.0% goal recommended by 
the American Diabetes Association.30 It is well established that meeting this target significantly reduces the risk diabetes 
complications such retinopathy, nephropathy, neuropathy, and cardiovascular disease.31

These findings related to medication use are notable in combination with the greater improvements in A1c observed among 
RT-CGM users across cohorts and suggest that reduced therapeutic inertia and/or effective behavior modification with RT- 
CGM use could have contributed to the observed glycemic improvements. In fact, the analysis by Garg et al found that the 
greatest reductions in A1c levels after CGM initiation were observed in the T2D-NIT and T2D-BIT cohorts.14

Behavior modification with RT-CGM use is emerging as a significant element contributing to the association between 
RT-CGM use and glycemic improvements. A recent study among people using IIT (type 1 and type 2 diabetes) found that 
using CGM consistently (proportion of days covered ≥80%) was associated with greater decreases in A1c compared to 
using CGM less consistently.32 The real-time feedback and retrospective data review available with RT-CGM can support 
behavior modification by providing users with a better understanding of their diabetes and the impact of their health 
behaviors on their glucose levels.2,21,33,34 These lifestyle or behavior modifications may include dietary changes, physical 
activity changes, and/or taking medications as prescribed.7,35 The combined use of CGM and anti-diabetes medications, 
including GLP-1 RAs, has been shown to have a synergistic effect on glycemic outcomes.36–38 Other studies report that 
CGM users experience improved psychosocial outcomes, reduced diabetes distress, and increased knowledge about their 
diabetes, all of which may contribute to increased engagement with diabetes therapy.16,35,39,40 Given the potential role of 
RT-CGM in optimizing medication management and improving glycemic control for people with T2D, efforts to 
integrate CGM glycemic metrics with machine learning could open new avenues for personalized diabetes management. 
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Predictive analytics based on CGM data could enhance monitoring and provide real-time insights into metabolic 
progression, facilitating more precise and timely interventions for individuals with T2D.41

Strengths and Limitations
Strengths of this study include the use of a comprehensive, standardized health information database (Optum’s Clinformatics® 

Data Mart). Limitations of our study include the all-US population, which limits generalizability outside the US. Analyses of 
laboratory data, including A1c, were limited to those with available data and did not include all individuals who met study 
cohort inclusion criteria. In addition, the analyses of medication changes only assessed medication classes, not changes in 
dosage or adherence, which could impact A1c outcomes. The analyses of medication changes should be interpreted cautiously 
given changes in clinical guidelines for anti-diabetes medications over the time span. For example, incretin mimetics became 
more ubiquitous and recommended as first-line standard of care for T2D in 2020.12 While the proportion of individuals with 
no change to their medication regimen was slightly more common among CGM non-users, this remained the most common 
outcome among most individuals in the study (>49%). While our analysis differentiated between individuals with “no change” 
in medication classes and those with a “net zero change” (ie, simultaneous prescribing and de-prescribing of medications), the 
analysis was conducted at the medication class level. Therefore, it could not capture clinically meaningful changes occurring 
within the same medication class and the actual frequency of medication changes may be masked by the within-medication 
class changes. Furthermore, this analysis did not capture other critical aspects of therapy optimization, such as changes in 
medication dosage or improvements in adherence. Consequently, the true rate of medication adjustments among RT-CGM 
users may be even higher than what our findings report.

Other limitations include self-selection to RT-CGM and the potential for residual confounding. Without randomization to 
study groups, self-selection to RT-CGM is possible and could have contributed to A1c improvements and medication changes 
if the individuals were more motivated to engage in behavior change or more collaborative with their HCP. While propensity 
score matching was conducted on possible confounding variables to balance the groups, residual confounding from 
unmeasured variables between the groups cannot be ruled out. For example, we do not know to what extent individuals 
were compliant with RT-CGM use or lifestyle interventions in which they might be participating.

Conclusions
This retrospective, observational study of real-world administrative claims from people with T2D treated with non- 
insulin therapy, basal insulin therapy, or intensive insulin therapy found that Dexcom RT-CGM use was associated with 
higher rates of medication adjustments compared to CGM non-use, as well as reductions in polypharmacy and changes in 
medication use that align with clinical guidelines. This study also found that RT-CGM users achieved greater decreases in 
A1c compared to CGM non-users. These results add to the growing body of evidence indicating that RT-CGM use is 
beneficial for people with T2D on any therapy regimen and that access to the technology could improve diabetes 
outcomes.
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