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ABSTRACT

Background: Glucagon-like peptide-1 receptor agonist-based therapies (GLP) have recently
emerged as promising treatments across a wide range of health conditions. These medications
may have protective effects against severe long-term consequences of COVID-19 by promoting
weight loss, exerting antihyperglycemic and anti-inflammatory effects, and providing
cardiovascular and endothelial protection.

Methods: We evaluated electronic health record data from a retrospective cohort of individuals
in the National Clinical Cohort Collaborative. We included individuals with type 2 diabetes
mellitus and comorbid COVID-19 who were prescribed either GLP (treatment) or a sodium-
glucose co-transporter 2 inhibitor (SGLT2i) and subsequently developed acute COVID-19
between October 1, 2021, and April 1, 2023. We compared the 12-month cumulative incidence
of mortality and Long COVID (Long COVID diagnosis and probable Long COVID via
computational phenotype) between groups. We applied targeted maximum likelihood estimation
to compare outcome risks by exposure status, controlling for covariates of interest.

Results: We analyzed data from 14,215 individuals with COVID-19 and comorbid type 2
diabetes (mean age, 60 years; mean BMI, 37). Compared to SGLT2i, aprescription for GLP
medi cation was associated with alower risk of mortality (adjusted risk ratio [aRR] 0.71; 95% Cl
0.53, 0.95), but not Long COVID diagnosis (aRR 1.01; 95% CI 0.80, 1.27) or probable Long
COVID (aRR 0.94; 95% CI 0.88, 1.01).

Conclusions. We found that among individuals with type 2 diabetes and comorbid COVID-19, a
prescription for GLP vs. SGLT2i medications was associated with alower risk of mortality, but
not Long COVID.
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Long COVID isapotentially severe syndrome that has impacted one third of the global
population.® It is a broad grouping of conditions that individuals experience after acute COVID-
19, encompassing symptoms across all biological domains.”™ Type 2 diabetes mellitus (T2DM)
is one of the most common metabolic disorders with multiple pathophysiological defects.>”
Individuals with type 2 diabetes are at greater risk of long-term severe sequelae of COVID-19,
including mortality or Long COVID.#™*° Glucagon-like peptide-1 receptor agonists and
combination glucagon-like peptide-1 and glucose-dependent insulinotropic polypeptide dual
agonists (hereafter referred to as GLP) may reduce severe long-term sequelae of COVID-19
through weight loss promotion, antihyperglycemic and anti-inflammatory effects, and
cardiovascular and endothelial protection.***? Sodium-glucose co-transporter 2 inhibitors
(SGLT2i) are antihyperglycemic medications that reduce blood glucose by increasing urinary
glucose excretion and also have demonstrated cardiovascular, renal, and anti-inflammatory
benefits."® Both GLP and SGLT2i are widely used therapies for patients with T2DM and share
overlapping indications, including promoting weight loss and reducing the risk of adverse
cardiovascular and cardiorenal outcomes.™ Few studies have evaluated the relationship between
GLP medications and Long COVID.

Thereis evidence that GLP medications are beneficial in preventing adverse outcomes
after COVID-19. The 2024 SELECT tria enrolled individuals 45 years of age or older, with a
BMI greater than 27 kg/m?, cardiovascular disease, and without diabetes, and assigned
participants to receive semaglutide (a GLP medication) or aplacebo.® Thetrial found that
individuals who developed COVID-19 and were assigned semaglutide had a lower risk of
serious COVID-related adverse events (232 vs. 277; p = 0.04) and COVID-19-related death
(hazard ratio 0.66, 95% CI 0.44-0.96). They also found that among all individuals (including
individuals with and without COVID-19), semaglutide was associated with alower hazard of all-
cause mortality (hazard ratio 0.81; 95% Cl: 0.71-0.93)."

Several observational studies have also provided someinsights that prescription of GLP
medications versus SGLT2i may be associated with alower risk of mortality among individuals
with T2DM and comorbid COVID-19, but no published studies have directly compared GLP and
SGLT2i monotherapy. A cohort study of 78,806 individuals with T2DM and COVID-19 in the
National Clinical Cohort Collaborative (N3C) found that GLP therapy was associated with lower
60-day odds of mortality (OR 0.64, 95% CI 0.56-0.72) compared to dipeptidyl peptidase-4
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inhibitors (DPP4i), and that the combination GLP and SGLT2i therapy, compared to SGLT2i
monotherapy, was not associated with 60-day mortality, although there was a near-significant
protective relationship (0.88, 95% Cl 0.76 to 1.01).*°

Although few studies have evaluated the relationship between GLP medications and
Long COVID, several studies have evaluated the relationship between GLP medications and
COVID-19-related complications. A propensity-matched-cohort study of individuals with
T2DM and COVID-19 using datafrom TriNetX found that prescription for GLP was associated
with alower 28-day cumulative incidence of COVID-19-related respiratory complications (RR
0.62 [95% CI 0.52-0.73]) relative to individuals not prescribed GLP, DPP4i, or pioglitazone."’
More broadly, arecent cohort study found that poor glycemic control is associated with an
increased risk of Long COVID, supporting the use of antihyperglycemic medications to prevent
Long COVID.*®

While these studies provide modest evidence that GLPs may reduce the risk of mortality
and Long COVID, evidence remains limited. In this study, we sought to evaluate the relationship
between GLP medications and mortality and Long COVID. We conducted a retrospective cohort
study of individuals with T2DM and COVID-19 to compare the 12-month risk of mortality and
Long COVID between those prescribed GL P medication and those prescribed SGLT2i.

METHODS

Data source: We evaluated data from individualsin N3C with pre-existing T2DM who
were diagnosed with COVID-19 between October 1, 2021, and April 1, 2023. Thistimeframe
was chosen to ensure that diagnoses occurred during the Omicron period, after the
implementation of the ICD-10 code U09.9 for Long COVID, and to alow for 12 months of
follow-up."® We defined T2DM as individuals with either an ICD-10 code for T2DM or a
hemoglobin A1C (HbA1C) greater than 6.5%. We excluded individuals who were diagnosed
with chronic kidney disease stages 3, 4, or 5, end-stage renal disease, prediabetes, or polycystic
ovarian syndrome.?® We defined the COVID-19 index date as the earliest date of adiagnosis
code (ICD-10-CM U07.1) or alaboratory-confirmed positive result for SARS-CoV-2 infection.?

Exposure: Our exposure of interest was prescription for a GLP medication (semaglutide,
dulaglutide, exenatide, liraglutide, lixisenatide, and tirzepatide [glucagon-like peptide-1 and
glucose-dependent insulinotropic polypeptide dual agonist]) versus an SGLT2i medication
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(empagliflozin, dapagliflozin, canagliflozin, ertugliflozin, and bexagliflozin), during acute
COVID-19. Given theindications of GLP and SGLT2i as antihyperglycemic medications with
anti-inflammatory and cardiometabolic benefits that are commonly prescribed for individuals
with T2DM, obesity, or cardiovascular risk factors, SGLT2isare aclinically relevant active
comparator frequently used in prior evaluations of GLP therapies.’*?*? Temporally, we
considered an individual prescribed amedication (GLP or SGLT2i) if they were prescribed the
medication at least 30 days before the documented COVID-19 (index SARS-CoV-2 infection)
date, and their prescription end date was not before acute COVID-19. We included prescription
data during the N3C observation window beginning in January 2018. We excluded individuals
who had been prescribed both GLP and SGLT2i medications within 30 days before COVID-19.
We defined treatment as binary, emulating an intention-to-treat randomized trial design; we
included only initial prescriptions during our study period and did not consider subsequent
treatment changes to avoid potential selection bias.?*

Outcomes: Our outcomes of interest were 12-month cumulative mortality and 12-month
cumulative incidence of Long COVID, using two definitions: Long COVID diagnosis and
probable Long COVID. All outcomes were evaluated within 12 months of acute COVID-19. We
defined mortality using linked electronic health record (EHR) and administrative census data.
Long COVID diagnosis was defined by the ICD-10 diagnostic code U09.9 (Post-COVID-19
condition, unspecified).'® We defined probable Long COVID based on the N3C Long COVID
computational phenotype, a computed score of Long COVID probability derived from multiple
patient conditions, measurements, and diagnoses available in the EHR.?® We dichotomized
probable Long COVID as present if an individual had a score greater than 0.9 at any time during
the 12 months following acute COV1D-19, consistent with previous studies.

Covariates: We assessed individuals' basdline covariate status at the first date of GLP or
SGLT2i prescription. For medications and health conditions, we evaluated whether the
individuals had any history of use or diagnosis during the N3C observation window, from
January 2018 to baseline. For biomarker measurements and body mass index (BM1), we selected
the most recent measurement before baseline. For healthcare utilization, we assessed 1) the
average healthcare utilization rate (healthcare interactions per month from January 2018 to
basdline) and 2) whether the individual had at least 1 healthcare interaction every 6 monthsin the
12 months after baseline. We adjusted for the following datain our moddl: average healthcare
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utilization rate, sex, age, race, data provider, BMI, tobacco use, medical conditions (obesity,
chronic lung disease, hypertension, asthma, heart failure, dementia, arthritis, coronary artery
disease, cancer, liver disease, chronic kidney disease, peripheral vascular disease,
cerebrovascular disease, polycystic ovarian syndrome, and depression), medication use
(metformin, systemic corticosteroids, outpatient insulin, angiotensin converting enzyme
inhibitors, angiotensin receptor blockers, statins, anticoagulants, aspirin, torsemide, and
furosemide), and biomarker measurements (Hbalc, serum creatinine, urine albumin to creatinine
ratio, and estimated glomerular filtration rate reported as measurements in the EHR).*

Analysis: We used Super Learner and targeted maximum likelihood estimation to
estimate the relationship between GLP prescription vs. SGLT2i prescription, and severe post-
COVID-19 outcomes. Our analysis approach incorporates (1) the outcome regression, (2) the
treatment mechanism [i.e., inverse probability of treatment], and (3) the censoring mechanism
[i.e., inverse probability of censoring] in our causal model.***® This approach seeks to account
for potential biases and confounding present in observational EHR data related to heterogeneous
monitoring, difficult-to-characterize treatment mechanisms such as prescribing patterns, and
high-dimensional confounding. Super Learner is an ensemble machine learning algorithm, and
our candidate learner library included generalized linear models (“SL.gIm”), GLM net
(“SL.glmnet”), and X GBoost (“SL.xgboost”).*” Super Learner is particularly well-suited to this
EHR data setting, which includes awide range of individuals' covariate information. As
traditional parametric models rely on strict assumptions about covariate relationships, we used
the Super Learner approach, which combines multiple agorithms to flexibly model these
rel ationships and reduce the risk of misspecification.**® We used targeted maximum likelihood
estimation, a doubly robust method, to estimate risk ratios comparing the 12-month cumulative
incidence of our outcomes while adjusting for multiple covariates.*=® Treatment choice between
GLP and SGLT2i is strongly influenced by arange of difficult-to-characterize patient and
provider characteristics, which can lead to extreme weights, positivity violations, and instability
in methods such as inverse probability of treatment weighting. Targeted maximum likelihood
estimation is more robust to extreme weights and imperfect characterizations of the treatment
mechanism.*3** We considered an individual lost to follow-up by censoring (informative right
censoring) if/when they had no healthcare interactions during the 12-month follow-up period.®”
% For Long COV ID-related outcomes, we also considered an individual asinformatively
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censored if/when they died during the 12-month follow-up period. Our analytic approach
explicitly models the censoring mechanism (i.e., the inverse probability of censoring) in our
causal parameter and evaluates the counterfactual relationship between exposure and outcome

under universal monitoring, thereby minimizing bias from heterogeneous monitoring.3

RESULTS

Table 1. Characteristics of sample individuals with T2DM prescribed GLP vs SGLT2i during
acute COVID-19.

Characteristic Value GLP SGLT2i: n Total: n
Agonists: n (%) (%)
(%)
Total 5130 (36%) 9085 (64%) 14215
(100%)
Sex Female 3065 (60%) 4789 (53%) 7854 (55%)
Age: mean (SD) 57.05(11.37) 62.1(11.69) 60.27
(11.83)
Ethnicity White Non-Hispanic 3444 (67%) 5442 (60%) 8886 (63%)
Black or African American Non- 826 (16%) 1453 (16%) 2279 (16%)
Hispanic
Hispanic or Latino Any Race 434 (8%) 1066 (12%) 1500 (11%)
Unknown 183 (4%) 356 (4%) 539 (4%)
Asian or Pacific Islander Non- 208 (4%) 688 (8%) 896 (6%)
Hispanic
BMI: mean (SD) 39.77 (9.28)  35.2(8.39) 36.75 (8.97)

Medical
Conditions

Tobacco Smoker

Obese

Chronic Lung Disease

767 (15%)

4016 (78%)
1258 (25%)

1412 (16%)

5837 (64%)
2301 (25%)

2179 (15%)

9853 (69%)
3559 (25%)

Hypertension 3889 (76%) 6840 (75%) 10729
(75%)
Asthma 917 (18%) 1386 (15%) 2303 (16%)
Heart Failure 542 (11%) 1076 (12%) 1618 (11%)
Dementia 45 (1%) 191 (2%) 236 (2%)
Arthritis 107 (2%) 206 (2%) 313 (2%)
Coronary Artery Disease 872 (17%) 1767 (19%) 2639 (19%)
Cancer 454 (9%) 1067 (12%) 1521 (11%)
Liver Disease 55 (1%) 133 (1%) 188 (1%)
Chronic Kidney Disease 417 (8%) 883 (10%) 1300 (9%)
Peripheral Vascular Disease 531 (10%) 1181 (13%) 1712 (12%)
Cerebrovascular Disease 346 (7%) 796 (9%) 1142 (8%)
Polycystic Ovarian Syndrome 138 (3%) 68 (1%) 206 (1%)
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Autoimmune Condition 118 (2%) 258 (3%) 376 (3%)
Immunosuppressed <20 (<20) <20 (<20) <20 (<20)
Depression 1582 (31%) 2216 (24%) 3798 (27%)
Medications Insulin 2848 (56%) 4133 (45%) 6981 (49%)
ACE Inhibitors 1296 (25%) 911 (10%) 2207 (16%)
Angiotensin Receptor Blockers 787 (15%) 564 (6%) 1351 (10%)
Statins 1708 (33%) 1306 (14%) 3014 (21%)
Anticoagulants 825 (16%) 1057 (12%) 1882 (13%)
Aspirin 1151 (22%) 1166 (13%) 2317 (16%)
Systemic Corticosteroids 2798 (55%) 4171 (46%) 6969 (49%)
Torsemide 50 (1%) 116 (1%) 166 (1%)
Furosemide 661 (13%) 1149 (13%) 1810 (13%)
Biomarkers Pre-Prescription HbAlc: mean (SD) 8.01 (1.92) 8.03 (1.79) 8.02 (1.84)
Serum Creatinine: mean (SD) 0.72 (0.4) 0.85(0.32) 0.8 (0.36)
Albumin/Creatinine Ratio: mean 25.15 (56.42) 13.51(35.93) 18.08
(SD) (45.45)
Estimated Glomerular Filtration 72.92 (29.29) 70.52 (27.6)  70.7 (27.74)
Rate (eGFR): mean (SD)
Healthcare Interactions per Month: mean (SD)  3.59 (3.87) 2.81(3.25) 3.09 (3.51)
Utilization

We analyzed EHR data from 14,215 individuals in N3C with COVID-19 and comorbid
T2DM, of whom 5,130 (60% female) were prescribed GLPs and 9,085 (53% female) were
prescribed SGLT2is (Table 1). The mean age of GLP users was 57 years (standard deviation
[SD] 11), and that of SGLT2i users was 62 years (SD 12). The average BMI of individuals
prescribed GLPs was 40 (SD 9), while the average BMI of individuals prescribed SGLT2is was
35 (SD 8). Individuals prescribed GLPs had, on average, 3.6 healthcare interactions per month
(SD 3.9), while those prescribed SGLT2is had, on average, 2.8 healthcare interactions per month
(SD 3.3).

Figure 1. Adjusted risk ratios and 95% confidence intervals describing the relationshi ps between
the prescription of GLP (n = 5,130) versus SGLT2i (n = 9,085) acute COVID-19 and the
subsequent 12-month cumulative incidence of mortality and Long COVID outcomes, among
individuals with T2DM.
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Outcome

Diagnosed Long COVID -—1-—-
Probable Long COVID .
Death —a—

Table 2. Unadjusted relationships between the prescription of GLP vs SGLT2i during acute
COVID-19 and the subsequent 12-month cumulative incidence of mortality and Long COVID
outcomes, among individuals with T2DM.

SGLT
GLP 2i GLP SGLT2i GLP SGLT2i Unadjuste
sample  sample Number of Number of Unadj usted Unadj usted d RR (95% Adjusted RR
QOutcome size size Outcomes QOutcomes Risk Risk Cl) (95% CI)
Diagnosed 1.21(0.94 1.01 (0.80 to
Long COVID 5130 9085 97 142 0.02 0.02 to 1.56) 1.27)
Probable Long 1.17 (1.09 0.94 (0.88to
COVID 5130 9085 1095 1658 0.21 0.18 t0 1.25) 1.01)
0.44 (0.35 0.71 (0.53 to
Death 5130 9085 92 370 0.02 0.04 to 0.55) 0.95)

We found that individuals with T2DM prescribed GLP medications during acute
COVID-19 had a significantly lower 12-month cumulative mortality than individuals prescribed
SGLT2i medications (adjusted risk ratio (aRR) 0.71, 95% CI 0.53 to 0.95; unadjusted risk ratio
(URR) 0.44, 95% CI (0.35t0 0.55)) (Figure 1, Table 2). We did not detect a significant
relationship between GLP prescription versus SGLT2i prescription and Long COVID via Long
COVID diagnosis (aRR 1.01, 95% CI 0.80 to 1.27; uRR 1.01, 95% CI 0.80 to 1.27) or probable
Long COVID (aRR 0.94, 95% CI 0.88 to 1.01; uRR 0.94, 95% CI 0.88 to 1.01).

DISCUSSION

Among individuals with COVID-19 and comorbid T2DM, we found that a prevalent
prescription for a GLP medication, compared to SGLT2i, was associated with alower risk of
subsequent mortality but not Long COVID. Given the ubiquity of COVID-19 and the global
prevalence of T2DM, this provides important clinical insights regarding the utility of GLP
medi cations to protect a population that is particularly vulnerable to mortality following COVID-
19. Our observed effect estimate (aRR = 0.71) is consistent with the findings of the SELECT
trial (HR 0.66), supporting the generalizability of these findingsin large real-world observational
data.’® Our findings are also broadly consistent with observational studies showing reduced risk
of mortality with GLP compared to non-use or DPP4i, with reported relative point estimates
ranging from 0.54 to 0.94.">*"2% cymulatively, these results support that prescription of GLP
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medications in individuals with T2DM and COVID-19 may be associated with alower risk of
mortality, compared to SGLT2i medications.

We did not detect a significant association between prescription for GLP versus SGLT2i
and the subsequent risk of Long COVID. Thisfinding contrasts with a previous study that
reported benefits of GLPs for respiratory complications after COVID-19."” The contrast in
resultsis likely due to differencesin outcome definition.** Our findings show that while GLP
medi cations may have protective benefits against mortality after COVID-19, there was no
evidence to support their clinical use as a preventive pharmacotherapy for Long COVID.
Alternatively, SGLT2i may similarly reduce therisk of Long COVID. Given our rapidly
devel oping understanding of the mechanisms and utility of GLP medications, further information
on outcomes for which they may not be beneficial helps limit the scope of their applications.

These findings support our understanding of the relationship between GLP medication
prescription and subsequent negative health outcomes within a population of patients with
COVID-19 and comorbid T2DM. This population represents an intersection of patients with
viral infections (COVID-19) and those commonly prescribed GLP medications (T2DM). Our
finding of a protective association with mortality supports the wide-ranging benefits of GLP
medi cations, which may be mediated by weight loss, glycemic control, inflammation, and the
cardiovascular/endothelial systems, although these mechanisms did not appear to confer
protection against Long COVID.**2
Limitations and strengths

The limited clinical uptake of the Long COVID diagnosis code is alimitation of this
study. While many studies with active outcome ascertainment for Long COVID have reported
incidence rates exceeding 10%, EHR databases typically report much lower incidence, with our
sample showing approximately 2% 12-month cumulative incidence.>** We sought to address this
limitation by including probable Long COVID as an additional outcome with greater sensitivity.
Potential exposure misclassification isanother limitation. Our study included individual GLP and
SGLT2i prescription information, but we were unable to confirm patient receipt or adherence to
these prescriptions. Therefore, there is potential for misclassification of true exposure statusto
GLP and SGLT2i medications, which could be exacerbated by differences in medication costs
and delivery methods (i.e., oral versus injectable). The generalizability of N3C is another
limitation, as N3C oversamples individuals with high healthcare utilization (i.e., high
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soci oeconomic status, more comorbidities, older).?>?"? By sampling patients with COVID-19,
our study implicitly assumes that GLP use is not associated with acute COVID-19 incidence.
While we adjusted for many covariates of interest related to individual history and healthcare
utilization, it remains possible that residual confounding may distort our estimated relationships.
Major strengths of this study include the data source and the analysis method. The data
source, N3C, includes high-dimensional EHR from millions of individuals, enabling the
evaluation of rarely diagnosed conditions like Long COVID.* Furthermore, N3C is updated
biweekly, which allows for nuanced analyses of recent treatments that might be subject to
temporal confounding, such as GLP medications where there have been dramatic changesin
utilization patterns during our study period. The analysis method, including Super Learner and
targeted maximum likelihood estimation, avoids model misspecification and is robust to near-

positivity violations, which are crucial for valid inference in this data setting.33+3¢

CONCLUSIONS

We found that prescription of GLP medications during acute COVID-19 was associated
with alower risk of mortality, compared to SGLT2i medications, among individuals with type 2
diabetes, but we did not detect a smilar association with Long COVID.
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