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Abstract

Background

While vaccination is the most important way to combat the SARS-CoV-2 pandemic, there
may still be a need for early outpatient treatment that is safe, inexpensive, and currently
widely available in parts of the world that do not have access to the vaccine. There are in-sil-
ico, in-vitro, and in-tissue data suggesting that metformin inhibits the viral life cycle, as well
as observational data suggesting that metformin use before infection with SARS-CoV2 is
associated with less severe COVID-19. Previous observational analyses from single-center
cohorts have been limited by size.

Methods

Conducted a retrospective cohort analysis in adults with type 2 diabetes (T2DM) for associa-
tions between metformin use and COVID-19 outcomes with an active comparator design of
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prevalent users of therapeutically equivalent diabetes monotherapy: metformin versus
dipeptidyl-peptidase-4-inhibitors (DPP4i) and sulfonylureas (SU). This took place in the
National COVID Cohort Collaborative (N3C) longitudinal U.S. cohort of adults with +SARS-
CoV-2 result between January 1 2020 to June 1 2021. Findings included hospitalization or
ventilation or mortality from COVID-19. Back pain was assessed as a negative control
outcome.

Results

6,626 adults with T2DM and +SARS-CoV-2 from 36 sites. Mean age was 60.7 +/- 12.0
years; 48.7% male; 56.7% White, 21.9% Black, 3.5% Asian, and 16.7% Latinx. Mean BMI
was 34.1 +/- 7.8kg/m?. Overall 14.5% of the sample was hospitalized; 1.5% received
mechanical ventilation; and 1.8% died. In adjusted outcomes, compared to DPP4i, metfor-
min had non-significant associations with reduced need for ventilation (RR 0.68, 0.32—1.44),
and mortality (RR 0.82, 0.41-1.64). Compared to SU, metformin was associated with a
lower risk of ventilation (RR 0.5, 95% CI 0.28-0.98, p = 0.044) and mortality (RR 0.56, 95%
Cl10.33-0.97, p = 0.037). There was no difference in unadjusted or adjusted results of the
negative control.

Conclusions

There were clinically significant associations between metformin use and less severe
COVID-19 compared to SU, but not compared to DPP4i. New-user studies and randomized
trials are needed to assess early outpatient treatment and post-exposure prophylaxis with
therapeutics that are safe in adults, children, pregnancy and available worldwide.

Introduction

The novel severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) continues to spread
globally and evolve into variants that may be more infectious and may evade current vaccines
and therapies [1]. While vaccine development and distribution remains the primary way to
combat the COVID-19 pandemic, many individuals around the world do not yet have access
to these vaccines, young children are not yet vaccinated, and large percentages of those with
access are not willing to be vaccinated [2, 3]. Thus there appears to be a need for early outpa-
tient treatment options that are safe, inexpensive, and widely available to prevent severe symp-
toms, hospitalization, critical illness, and mortality associated with SARS-CoV-2 infection.

To this end, several medications have been suggested for repurposing to treatment of
SARS-CoV-2 [4]. Of these, metformin seemed to warrant further investigation given its wide-
spread use in adults, children, pregnancy, and its availability worldwide for less than $2 per
month [5-9]. Metformin is known to inhibit mTOR (mechanistic target of rapamycin), which
appears to be important for replication of SARS-CoV-2 [10, 11]. Metformin has been shown
to inhibit the viral life cycle of other RNA viruses [12]. Beyond affecting the viral life cycle,
metformin has anti-inflammatory and anti-thrombotic properties, which may also reduce
severity of COVID-19 disease [13-15]. In addition, there are in-vitro, in-silico, and observa-
tional data suggesting that metformin use may reduce the severity of COVID-19 disease [10,
11, 16-18]. However, observational analyses are limited because of confounding by indication,
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which is particularly relevant for metformin because diabetes is a risk factor for poor outcomes
from COVID-19. One pharmaco-epidemiologic approach to assess potential pleiotropic effects
of medications while minimizing confounding by indication is to compare individuals with
the same condition (the same indication), and same engagement in healthcare (taking simi-
larly-available medications), on therapeutically equivalent medications.

From a type 2 diabetes (T2DM) treatment standpoint, metformin, Dipeptidyl peptidase 4
inhibitors (DPP4i), and sulfonylureas (SU’s) are therapeutically equivalent. Thus, comparing
individuals with type 2 diabetes treated with monotherapy of one of these three medications
may reduce confounding by indication, which is important given that diabetes is a significant
risk factor for poor outcomes from COVID-19. DPP4i have been hypothesized to reduce
severity of COVID-19 disease, by reducing viral entry into the cell and DPP4i’s have also been
associated with reduced inflammation, and blocking viral entry has not been a strong pathway
for stopping the virus in other medications [19-21]. Metformin has more favorable profile
regarding cost and medication interactions, so it is important to understand whether it would
offer benefit compared to DPP4i’s. Sulfonylureas have no hypothesized benefit in SARS-CoV-
2 infection beyond treatment of pre-existing diabetes in individuals with comorbidities. Com-
paring metformin to SU’s is important for understanding if metformin offers any benefit
beyond treating diabetes.

Previous observational analyses assessing metformin and COVID-19 outcomes have had
limitations such as geographic homogeneity, lack of BMI data, and insufficient numbers for
comparing diabetes monotherapy groups [17, 18, 22-24]. Our objective was to address some
of these limitations by using the N3C database (National COVID Cohort Collaborative), a
large nationally representative dataset of electronic health record (EHR) data, [25] to assess
COVID-19 outcomes in adults with type 2 diabetes (T2DM). We used an active comparator
design of prevalent users of diabetes monotherapy: metformin versus sulfonylureas (SU) and
DPP4i. We hypothesized that metformin use prior to SARS-CoV-2 infection would be associ-
ated with less severe COVID-19 outcomes than SU and DPP4i use.

Methods
Design and population

We performed a retrospective cohort analysis of patient-level, de-identified EHR data from
2017 to May 2021. The N3C includes data from 56 institutions nationally, across geographi-
cally and diverse areas [25]. This analysis was approved by the University of Minnesota institu-
tional review board (STUDY00011578), which provided a waiver of consent. We used an
active comparator prevalent user design of diabetes monotherapy with either metformin, SU,
or DPP4i.

Inclusion and exclusion criteria

The dataset included 1.6 million individuals with a positive SARS-CoV-2 polymerase chain
reaction (PCR) result between 1/1/2020 to 12/12/2020 (Fig 1), with EHR records extending
back two years for medical histories. Analysis was restricted to adults over age 30 years with
T2DM and at least 1 outpatient healthcare encounter in the 12 months before the +-
SARS-CoV-2 result. This age minimum was chosen to enrich the population as 30 is the age at
which the risk of hospitalization appears to rise above 5% [26]. T2DM was defined as having at
least one diabetes pharmacotherapy agent and either a hemoglobin A1C (HbA1C) level > =
6.5% or an ICD-10 code for diabetes in the previous 12 months. To reduce confounding by
contraindication, individuals were excluded if they had a diagnosis of chronic kidney disease
(CKD) Stage 4, Stage 5, or End Stage Renal Disease (ESRD). Records of individuals with
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Adults with + SARS-CoV-2 between January 1, 2020 and June 1, 2021

(n=1,600,000)

Total excluded (n=815,240)

Does not have T2DM (n=726,691)

0 office visits in prior year (n=23,631)

No MET or SU or DPP4 use in past 90 days
(n=122,950)

On other DM exclusionary medications in past 90
days (n=12,985)

On more than 1 of MET, SU, or DPP4 (n=3,233)

Out of age range 30-85 (n=614)

Hx CKD4, CKDS5, T1DM, gestational diabetes,
PCOS, hydroxychloroquine in past 90 days
(n=723)

Sites with >90% missing BMI (n=4,691)

Adults with DM2 and diabetes
monotherapy: (n=6,626)

Metformin (n=5.,236)

A

Sulfonylurea’s (n=931) DPP4 inhibitors (n=459)

Fig 1. This represents the number of patients included in the analysis after the inclusion and exclusion criteria were applied.

https://doi.org/10.1371/journal.pone.0271574.9001

prediabetes or polycystic ovarian syndrome (two common uses for metformin other than
T2DM), but not T2DM, were excluded. To reduce confounding by frailty, individuals over age
85 years were excluded.

Exposure groups

Metformin, SU, and DPP4i use was determined by being reported on the patients’ active medi-
cation list within the 90 days prior to the +SARS-CoV-2 result. Using both the WHO ATC
classification and RxNorm schemas, concept sets were created for the drugs of interest. A
2-physician review team manually read through each concept expression to assure appropriate
inclusion of concepts to the expression list. Individuals were excluded from the analysis if any
other diabetes medication were listed in the 90 days prior to the SARS-CoV-2 result.

Outcomes

The clinical outcomes of interest were hospital admission for COVID-19 disease; need for ven-
tilation for COVID-19 (defined as needing intubation or ECMO); and mortality (in-hospital
and before-hospital) from COVID-19 disease. Each outcome was assessed independently, not
as a composite outcome [27]. Additionally, back-pain was assessed as a negative control out-
come [28]. Back pain was captured using concepts from various vocabularies, including CPT4,
HCPCS, ICD10, ICD10CM, SNOMED, and Nebraska Lexicon, to capture outpatient diagno-
ses related to back pain and its synonyms.
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Table 1. Demographic and clinical characteristics of adults with Type 2 Diabetes treated by oral monotherapy and SARS-CoV-2 infection.

n (%) Overall (n = 6,626) Metformin n = 5,236 DPP4 inhibitors n = 459 Sulfonylureas n = 931 SMD**
Age, mean (SD) 60.69 (11.9) 60.04 (11.9) 62.50 (11.6) 63.43 (11.5) 0.193
Age 30-49 1,225 (18.5) 1,035 (19.8) 60 (13.1) 131 (14.1) 0.213
50-59 1,732 (26.1) 1,409 (26.9) 121 (26.4) 202 (21.7)
60-69 2,039 (30.8) 1,604 (30.6) 142 (30.9) 293 (31.5)
70-79 1,289 (19.5) 952 (18.2) 104 (22.7) 233 (25.0)
80-85 341 (5.1) 237 (4.5) 32(7.0) 72(7.7)
Male 3,228 (48.7) 2,546 (48.6) 219 (47.7) 463 (49.7) 0.027
Race, Ethnicity White 3,815 (57.6) 2,988 (57.1) 264 (57.5) 563 (60.5) 0.120
Black 1,451 (21.9) 1,121 (21.4) 119 (25.9) 211 (22.7)
Asian 235 (3.5) 192 (3.7) <20 27 (2.9)
Hispanic/Latinx 1,108 (16.7) 925 (17.7) 58 (12.6) 125 (13.4)
Other/Unknown 1,125 (17.0) 935 (17.9) <60 130 (14.0)
BMI, mean (SD), kg/m? 34.09 (7.80 34.27 (7.85) 33.07 (7.67) 33.58 (7.55) 0.104
BMI Category (kg/m? < =250 527 (8.0) 389 (7.4) 56 (12.2) 82 (8.8) 0.14
25.0 < 30.0 1,592 (24.0) 1,232 (23.5) 112 (24.4) 248 (26.6)
30.0 < 35.0 1,846 (27.9) 1,475 (28.2) 127 (27.7) 244 (26.2)
35.0 < 40.0 1,266 (19.1) 1,012 (19.3) 76 (16.6) 178 (19.1)
> =40.0 1,216 (18.4) 987 (18.9) 74 (16.1) 155 (16.6)
Comorbidities, n (%)
Heart failure 615 (9.3) 469 (9.0) 50 (10.9) 96 (10.3) 0.043
Coronary Artery Disease 1,103 (16.6) 830 (15.9) 91 (19.8) 182 (19.5) 0.069
Hypertension 5,111(77.1) 3,997 (76.3) 350 (76.3) 764 (82.1) 0.096
COPD 496 (7.5) 369 (7.0) 46 (10.0) 81 (8.7) 0.071
Cancer 755 (11.4) 560 (10.7) 70 (15.3) 125 (13.4) 0.091
Liver disease 205 (3.1) 155 (3.0) <20 39 (4.2) 0.067
CKD Stage 1,2, or 3 794 (12.0) 525 (10.0) 99 (21.6) 170 (18.3) 0.214
Serum creatinine, mean (SD) 0.94 (0.32) 0.92 (0.30) 1.04 (0.40) 1.00 (0.38) 0.233
Medication prescriptions in the 90 days before +SARS-CoV-2 result
ACEi 964 (14.5) 1,091 (20.8) 54 (11.8) 141 (15.1) 0.165
ARB 1,286 (19.4) 794 (15.2) 48 (10.5) 122 (13.1) 0.094
Statins 2,312 (34.9) 1,942 (37.1) 102 (22.2) 268 (28.8) 0.219
Anti-coagulants 605 (9.1) 484 (9.2) 34 (7.4) 87(9.3) 0.047
Aspirin 579 (8.7) 468 (8.9) 36 (7.8) 75 (8.1) 0.026
Outcomes from Covid-19
Hospitalization, ventilation, or mortality 17.9% 17.0% 22.0% 20.8%
Back pain (negative control) 1,689 (25.5) 1,331 (25.4) 238 (25.6) 121 (26.4)

Abbreviations: DPP4i = dipeptidyl peptidase-4 inhibitor; PCR = polymerase chain reaction; SD = standard deviation; BMI = body mass index; SDM = standardized

mean difference. COPD = chronic obstructive pulmonary disease; CKD = chronic kidney disease; ACEi = angiotensin converting enzyme inhibitor; ARB = angiotensin

receptor blocker;

*p-value for differences between the 3 groups.

**SMD is the average of the 3 pairwise SMD’s.

https://doi.org/10.1371/journal.pone.0271574.t001

Covariates

Potentially confounding covariates were identified based on clinical assessment of variables
associated with the exposures and outcomes and are included in Table 1. Analysis was also
adjusted for site, but this information is not included in Table 1. Comorbidities were defined
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using translated OMOP concepts from ICD-10 codes in the previous 12 months. For chronic
kidney disease, patients were additionally matched on serum creatinine (SCr) within the previ-
ous 12 months.

Missingness

After excluding sites with greater than 90% missingness for BMI, weight was missing in 6.8%,
height was missing in 8.5%, and serum creatinine level was missing in 17.2% of the cohort.
With exception of weight, these missing data were addressed using the multiple imputation by
chained equations (MICE) algorithm, where each incomplete variable is imputed stochastically
by a separate model using fully conditional specification. After using MICE, BMI was missing
in 2.7% of the overall cohort. All exposure, outcome, and confounder variables were included
in the imputation models. The predictive mean matching method was used, with the passive
imputation method used to specify deterministic dependencies among the columns, specifi-
cally BMI = weight/height” and the eGFR and creatinine, age, race, and gender relationship
specified in the CKD-EPI eGFR equation [29]. Twenty completed data sets were constructed,
the exposure and outcome models were fit to each data set separately as described below, and
results were pooled using the Rubin method [30].

Statistical analyses

For descriptive purposes, categorical variables were presented using counts and percentages,
and continuous variables presented as means and standard deviation, for each exposure group.
Differences among the 3 groups were summarized using the average Standardized Mean Dif-
ference (Table 1).

To adjust for confounding, we estimate weights with entropy balancing [31, 32]. Entropy
balancing adjusts for confounding by exactly balancing means of confounders across treat-
ment groups and can be viewed as an indirect approach of estimating the propensity score
[33] but is empirically more robust [34]. In the balancing model, we include main effects in log
BM]I, sex, age, race, ethnicity, site, heart failure, coronary artery disease, chronic obstructive
pulmonary disease, cancer, hypertension, liver disease, chronic kidney disease (stage 3 or
lower), eGFR, past 90 days use of each of ARB, ACE inhibitor, statin, anticoagulant, and aspi-
rin, and indicators for missing BMI and missing eGFR, and interactions between gender and
hypertension, eGFR and statin, eGFR and gender, ACE and sex, eGFR and anticoagulant,
eGFR and heart failure, and eGFR and COPD, as we observed substantial imbalances in these
interactions. The outcome analysis proceeds in the same manner as an inverse probability of
treatment weighting estimate. The summary of the balance between variables can be seen in
Fig 2 (the 100 terms with the greatest imbalance before weighting), and Fig 3 (the 100 terms
with the greatest imbalance after weighting). After weighting, the standardized absolute mean
difference (SMD) was less than 0.05 for all terms.

These weights are then used in fitting a weighted relative risk regression model, which in
addition to the balancing weights also includes covariates for all main effects in the balancing
model, to construct doubly robust estimates of the relative effects of exposure on each outcome
[35].

Subgroup analyses

Prespecified subgroup analyses were conducted by sex and BMI based on previous literature.
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Balance summaries, unweighted and weighted: 100 terms with the greatest imbalance after weighting
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Fig 2. The x axis the standardized mean difference for continuous variables and difference in proportions for categorical variables for the 100
terms with the greatest imbalance after weighing. The circles represent the balance before weighting and the squares represent the balance after
weighing.

https://doi.org/10.1371/journal.pone.0271574.9002

Sensitivity analyses

In order to understand whether selection bias caused us to misclassify individuals who had
these chronic medications prescribed longer than 90 days before their +SARS-CoV-2 infec-
tion, we conducted sensitivity analyses using medications defined within the prior 180 and 270
days (S1 Table and S1, S2 Figs in S1 File). To assess for degree of unmeasured confounding
that would be necessary to account for observed associations, we calculated e-values using the
method outlined by VanderWeele et al [36]. Further sensitivity analyses will soon be possible
in the data environment [37].

All analyses were conducted within the secure N3C computing environment using R statis-
tical software (R Foundation for Statistical Computing, Vienna, Austria) including the
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Fig 3. This represents the risk ratios and 95% confidence intervals for the overall cohort as well as for subgroups
by gender and subgroups by BMI (<25kg/m> and > 25kg/m”). The three panels on the left represent the metformin
vs. DPP4i inhibitor comparison. The three panels on the right represent the metformin vs. SU comparison. The circles
represent the raw comparison, and the squares represent the adjusted analysis. Within each panel, from top to bottom,
the top result is risk of hospitalization; the 2™ result is risk of ventilation (including ECMO); the 3" result is the risk of
mortality; and the 4" comparison is the risk of a back pain, calculated as a negative control outcome. Abbreviations:
MET = metformin; DPP4i = dipeptidyl peptidase 4 inhibitors; SU = sulfonylurea.

https://doi.org/10.1371/journal.pone.0271574.g003

following packages: mice (for multiple imputation), [38] WeightIt and MatchThem (for esti-
mating balancing weights), [39, 40] cobalt (for summarizing balance statistics), [41] survey
(for inverse probability weighted regression), [42] and tableone (for descriptive statistics) [43].
Lastly, the statistical evidence of point/interval estimates were considered prior to relying on
p-values’ significance levels [44].
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Results
Characteristics of the cohort

The total sample included 6,626 adults with T2D and positive SARS-CoV-2 test from 36 sites
(Fig 1). The mean age was 60.7 +/- 12.0 years; 48.7% were male; 56.7% were White, 21.9%
Black, 3.5% Asian, and 16.7% Latinx. The mean BMI was 34.1 +/- 7.8kg/m?. Overall, 14.5% of
the sample was hospitalized; 1.5% received mechanical ventilation; and 1.8% died.

The baseline demographic characteristics varied between the monotherapy cohorts: metfor-
min users were younger than the SU and DPP4i users (60.0 versus 63.4 and 62.5 years, respec-
tively). A greater percentage of metformin users were Latinx (17.7%) compared to SU (13.4%)
and DPP4i (12.6%). The mean BMI in the metformin group was 34.3kg/m” compared to the
SU (33.6) and DPP4i (33.1) groups. The DPP4i and SU groups had higher rates of cardiovascu-
lar disease, chronic renal disease, and cancer compared to the metformin group, Table 1.

In unadjusted frequencies, 14.2% of metformin uses were hospitalized, compared to 16.3%
and 15.6% of DPP4i and SU users, respectively; 1.3% of metformin users were ventilated, com-
pared to 2.6% and 2.1% of DPP4i and SU users, respectively; and 1.5% of metformin users
died from COVID-19, compared to 2.8% and 3.1% of DPP4i and SU users, respectively.

The standardized mean difference between covariates before weighing ranged from approx-
imately 0.05 to 0.50 (Supplement), and after weighting the SMD was < 0.05 for all covariates
(Fig 2).

In adjusted outcomes metformin had non-significant associations with reduced severity of
COVID-19 compared to DPP4i (Fig 3). Compared to SU, metformin was associated with a
lower risk of mortality (RR 0.56, 95%CI 0.33-0.97, p = 0.037) and needing ventilation (RR 0.5,
95% CI 0.28-0.98, p = 0.044). There was no difference between the cohorts in unadjusted or
adjusted results of the negative control outcome, back pain (Table 2, Fig 3).

For subgroup analyses, there was evidence that the treatment effect of metformin relative to
SU on ventilation differed between females and males with a sex by treatment interaction
p = 0.02; and on mortality, p = 0.05 (Table 2, Fig 3). There was no difference in outcomes
between BMI subgroups. The sensitivity analyses using 180 and 270 days for capturing chronic
medication use showed similar results (Supplement). The e-values for the adjusted model ran-
ged from 1.11 to 8.16. E-values indicate the magnitude of association that an unmeasured con-
founder would need to have with both the treatment (or in the case of a RR<1 the control,
either DPP4i or SU) and outcome, beyond the measured confounders, to account for any
observed association.

Discussion

This analysis of adults with T2DM and +SARS-CoV-2 infection was the first analysis of preva-
lent users of diabetes monotherapy and was possible because of the size of this database. We
found that compared to SU use, metformin use was significantly associated with less severe
outcomes from COVID-19 compared to SU users, but associations were not significant com-
pared to DPP4i use. The size of this database allowed us to conduct this analysis with prevalent
user comparator groups of diabetes medications that are therapeutically similar, as SU and
DPP4i are less common than metformin. We feel this approach has advantages over a non-
user comparison, as it explicitly compares to patients receiving an alternative treatment for the
same indication, which is a significant consideration when assessing diabetes medications and
outcomes from COVID-19 in persons with T2DM. A recent paper by Wang et al, [45] con-
ducted a similar analysis in adults with T2DM comparing metformin to other diabetes medica-
tions. They found favorable hazard ratios for metformin compared to the other diabetes
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Table 2. Risk ratios for severe COVID-19 outcomes in the overall cohort as well as subgroups by gender.

Overall cohort, metformin versus DPP4i (n = 5,695*)

Outcome
Hospitalization

Number of events

Ventilation

Number of events

Mortality

Number of events

Back pain
(negative control)

Number of events

Overall cohort, metformin versus SU (n = 6,167**)

Outcome
Hospitalization

Number of events

Ventilation

Number of events

Mortality

Number of events

Back pain
(negative control)

Number of events

Model
Crude
Adjusted

Crude
Adjusted

Crude
Adjusted

Crude
Adjusted

Model
Crude
Adjusted

Crude
Adjusted

Crude
Adjusted

Crude
Adjusted

RR (95% CI)
0.87 (0.70-1.08)
0.94 (070-1.27)

816
0.50 (0.27-0.91)
0.68 (0.32-1.44)
80
0.54 (0.30-0.96)
0.82 (0.41-1.64)
93
0.96 (0.82-1.13)
0.98 (0.79-1.20)
1,452

RR (95% CI)
0.91 (0.77-1.07)
1.01 (0.84-1.21)

886
0.60 (037-0.99)
0.53 (0.28-0.98)
88
0.49 (0.32-0.75)
0.56 (0.33-0.97)
109
0.99 (0.88-1.12)
1.03 (0.89-1.18)
1,569

p value
0.195
0.700

0.024
0.315

0.036
0.581

0.656
0.816

p value
0.252
0.945

0.046
0.044

0.001
0.037

0.926
0.710

Abbreviations: DPP4i = dipeptidyl peptidase-4 inhibitors; SU = sulfonylureas.

*n is for metformin + DPP4i users;

**n is for metformin + SU users.

https://doi.org/10.1371/journal.pone.0271574.t1002

Female (n = 2,930%)

RR (95% CI)
1.24 (0.85-1.82)
2.00 (1.22-3.29)

373
0.38 (0.13-1.12)
0.96 (0.26-3.50)
21
0.86 (0.26-2.81)
1.56 (0.47-5.16)
32
0.97 (0.79-1.19)
1.12 (0.86-1.45)
831

p value
0.27
<0.01

0.08
0.95

0.81
0.47

0.77
0.84

Female (n = 3,158**%)

RR (95% CI)
1.04 (0.80-1.35)
1.02 (0.76-1.35)

406
0.37 (0.16-0.85)
0.23 (0.09-0.56)
25
0.46 (0.23-0.91)
0.31 (0.14-0.68)
40
1.00 (0.85-1.16)
1.02 (0.84-1.22)
894

p value
0.75
0.91

0.02
<0.01

0.03
<0.01

0.95
0.84

Male (n = 2,756%)

RR (95% CI)
0.61 (0.44-0.86)
0.68 (0.52-0.88)

433
0.55 (0.26-1.14)
0.56 (0.24-1.26)
59
0.4 (0.23-0.85)
0.55 (0.26-1.20)
61
0.96 (0.75-1.24)
0.87 (0.64-1.19)
621

Male (3,009**)

RR (95% CI)
0.82 (0.67-1.01)
0.98 (0.77-1.23)

480
0.77 (0.42-1.44)
0.82 (0.39-1.72)
63
0.52 (0.30-0.87)
0.84 (0.44-1.57)
69
0.99 (0.82-1.19)
1.04 (0.84-1.29)
675

p value
<0.01
<0.01

0.11
0.16

0.02
0.13

0.76
0.39

p value

0.07
0.84

0.42
0.61

0.01
0.58

0.89
0.74

medications, but none of the matched analyses reached the 5% level of statistical significance

[44].

We conducted a prespecified subgroup analysis by sex based on earlier work showing that
metformin lowers CRP more in women than men, improved cancer mortality in women but
not men, and conveyed greater protection against severe outcomes from COVID-19 in

women compared to men [46]. The association with lower risk of ventilation and mortality

with metformin versus SU was significant for females but not for males in this analysis. This

potential influence of sex as a biologic variable should be further assessed. Much of the mecha-
nistic research on metformin and DPP4i’s was done before 2014, when the NIH started to pro-
mote the study of sex as a biologic variable [47]. However metformin has been found to reduce
TNF-alpha, IL-6, and possibly boost IL-10 in females more than males, which is relevant to the
pathophysiology of COVID-19 [48-50].
Subgroup analysis was conducted comparing those with a BMI>25kg/m” (the definition of
overweight, and the BMI at which visceral adiposity starts to accumulate more rapidly) to

those with a BMI<25kg/m? [51]. If metformin were effective only in individuals with an
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elevated BMI, the antiviral actions of metformin might be less significant than anti-inflamma-
tory and anti-thrombotic effects of metformin. However, we saw no obvious difference
between these BMI groups. It is possible that this BMI threshold is too low, or that potential
benefit from metformin is not dependent on baseline amount of adipokines (many of which
are associated with poor outcomes from COVID-19).

These results may contribute to the growing body of evidence suggesting that metformin
use may be associated with less severe COVID-19 disease. There is also in-silico, in-vitro, and
in-tissue data suggesting that metformin associated with less severe outcomes from COVID-
19 [10, 11, 16-18]. Metformin is safe in nearly all individuals, including individuals with heart,
liver, and kidney disease, but should be used with caution in persons with advanced heart,
liver, or kidney disease [9, 52-56]. Metformin has very few interactions with other medications
and requires no follow-up until after 1 year of use, making it an ideal option for persons on
other chronic medications or persons with lack of access to follow-up care.

Given the significant global impact of SARS-CoV-2 and the COVID-19 pandemic, patients
should have several options for safe, available, inexpensive early outpatient treatment of
SARS-CoV-2 infection to prevent severe COVID-19 disease. There is also evidence that early
outpatient treatment with may possibly prevent long COVID symptoms (post-acute sequelae
of COVID, PASC) [57].

While in-vitro and in-silico data supports its use in active infection, observational analyses
such as this only add information about metformin use before infection with SARS-CoV-2.
Few papers describe metformin continued or initiated during hospitalizations for COVID
[58]. Randomized trials are needed to understand whether metformin has any efficacy in the
setting of SARS-CoV-2 infection, exposure to infection, or treatment and prevention of PASC.
Metformin’s safety and cost make it a medication that is low-risk enough to reasonably con-
sider using in a PEP fashion. While viral variants may evade vaccine-induced immunity
because of their cell-entry abilities, they will still depend on host proteins for transcription and
translation. Metformin’s inhibition of proteins that are critical to viral replication may mean it
is still relevant for most viral variants.

Limitations

This observational analysis is subject to residual unmeasured confounding and bias. The
degree of confounding typically seen in the assessment of repurposed medications for outpa-
tient treatment of COVID-19 is not yet well established and in our setting with an active com-
parator, we would generally assume associations of an unmeasured confounder with
treatment to be smaller than associations with the outcome. Because of sample size limitations,
we are not able to perform the analysis using a new user active comparator design which may
lead to a variety of biases [45]. In order to reduce ascertainment and misclassification bias,
analyses were restricted to persons with at least one outpatient healthcare encounter in the pre-
vious 12 months, and prescriptions from the previous 90 days [59]. Records of individuals
over age 85 were excluded to reduce confounding by frailty, and persons with CKD stages 4, 5,
and ESRD were excluded to reduce confounding by contraindication [45]. It is not known
whether the persons in these cohorts continued their metformin, SU, and DPP4i use during
their SARS-CoV-2 infection. Given that there are several hypotheses as to how metformin
might reduce severity of COVID-19 disease, it is not known if use prior to infection, during
infection, or after initial acute infection is associated with the results observed in this analysis,
and the associations may not generalize beyond adults with type 2 diabetes.
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Conclusions

In this retrospective cohort analysis of adults with T2DM and COVID-19 in a large, geographi-
cally diverse dataset there were statistically significant associations between metformin use and
less severe outcomes from COVID-19 compared to SU use, but not compared to DPP4i use.
Due to the size of the database, this was the first analysis able to compare outcomes across dia-
betes monotherapy groups, so this manuscript has methodologic strengths over previous
observational analyses. This analysis adds to the literature suggesting a potential role for met-
formin in early treatment and possible post-exposure prophylaxis for COVID-19 disease, but
we could not specifically address this hypothesis. Early outpatient treatment with safe and
available therapeutics is particularly important for areas of the world with limited access to the
vaccines and other COVID-19 therapies. New user cohort studies are needed, but the number
of persons initiating oral T2DM treatment during acute SARS-CoV-2 infection may be small.
Randomized trials of early outpatient treatment are needed and underway, and randomized
trials of post-exposure prophylaxis are also needed.
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