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Purpose: We applied a Bayesian approach to further investigate the association of sodium—glucose cotransporter-2 inhibitors (SGLT2i) with
the composite outcome of Major Adverse Cardiovascular Event and Heart Failure hospitalization (MACE+HF) and its individual components
leveraging the ability of a Bayesian approach to incorporate prior clinical information and to make probability statements about the parameters.
Methods: We use a Bayesian time-to-event model, where the covariates are directly modeled in the hazard function. Following
propensity score matching, we fit three Bayesian models; one with a relatively flat, normal prior on the SGLT2i coefficient
(Uninformative) and 2 with informative priors from a meta-analysis (based on a cohort with no history of cardiovascular disease
[No CVD] and cohorts with a history of CVD [CVD]). We estimate the posterior distribution for the hazard ratio (HR) using
a Hamiltonian Monte Carlo algorithm. It allows us to estimate the probability of a meaningful protective association (HR < 0.90) in
addition to point and interval estimates.

Results: The posterior means and 95% credible intervals for the HR suggested a protective association for SGLT2i versus dipeptidyl
peptidase 4 inhibitors (DPP4i) for the MACE+HF outcome: No CVD: 0.82 (0.68, 0.96), CVD: 0.82 (0.71, 0.94), and Uninformative:
0.79 (0.65, 0.94). The probability of a meaningful protective association for the No CVD, CVD, and Uninformative priors were 88%,
92%, and 93%, respectively. The probability of a meaningful protective association for the HF hospitalization, CVD hospitalization
and CVD death components of MACE+HF were 95%, 67%, and 93%, respectively.

Conclusion: The Bayesian analysis allowed for the incorporation of prior information via an informative prior and further
investigation of the association between SGLT2 and the components of the MACE+HF composite outcome. It allowed for the
calculation of an easily interpretable summary measure, the probability of a meaningful protective association.

Keywords: time-to-event analysis, bayesian inference, hamiltonian monte carlo, propensity score methods, cardiovascular disease,
diabetes mellitus

Introduction

There have been several pivotal studies of sodium—glucose cotransporter-2 inhibitors (SGLT2i) and dipeptidyl peptidase
4 inhibitors (DPP4i) that evaluated major adverse cardiovascular events and heart failure hospitalization.' '* Several
studies have shown benefit in Major Adverse Cardiovascular Events and Heart Failure Hospitalization (MACE+HF)
among those with preexisting cardiovascular disease (CVD) (secondary prevention), but results were more varied for
those without a history of cardiovascular disease (primary prevention). Multiple cohort evaluations which utilized Cox
proportional hazards analysis failed to find statistically significant effects and others found protective associations.”'?
Further, in a population without a history of heart failure, the CANVAS trial failed to identify a strong protective effect of
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SGLT2i (hazard ratio (HR): 0.87, 95% confidence interval (CI): 0.72, 1.06), but it did identify a strong reduction in
MACE outcomes for those with a history of heart failure (HR: 0.61, 95% CI: 0.46, 0.80).>* Additionally, previous
studies have estimated different effect estimates for SGLT2i for each type of cardiovascular event. A meta-analysis of
SGLT2i trials on the composite of myocardial infarction, stroke, and cardiovascular death estimated an HR of 1.00 with
a 95% CI of (0.87, 1.16) for a fixed effects model on patients with multiple risk factors. When focusing on heart failure
(HF) hospitalizations and cardiovascular death, that same meta-analysis estimated an HR of 0.84 with a 95% CI of (0.69,
1.01) for a fixed effects model on patients with multiple risk factors.’

We previously reported that among a cohort of Veterans without a history of cardiovascular disease (primary
prevention), SGLT2i for diabetes treatment was associated with reduced risk of heart failure hospitalization when
compared with DPP4i. When performing a Cox proportional hazard analysis using propensity score weighting to balance
covariates at baseline, the HR for SGLT2i versus dipeptidyl peptidase 4 inhibitors (DPP4i) for time to HF hospitalization
only was estimated to be 0.73 with 95% CI of (0.54,0.97). When considering the composite outcome of MACE+HEF, the
HR for SGLT2i versus DPP4i was of 0.87 (95% CI: 0.74, 1.03).

The inclusion of the null effect in the confidence interval for our previous study was met with skepticism as this result
conflicted with previous studies that found a statistically significant beneficial association between SGLT2i and
cardiovascular outcomes, but were restricted to a different population with cardiovascular disease.”” Additionally, we
were concerned that some readers misinterpreted the Cox proportional hazard results for the composite outcome as a null
effect of SGLT2i on cardiovascular outcomes. The failure to reject the null hypothesis does not necessarily provide
strong support for the null hypothesis. The oversimplification that the null value in the 95% confidence interval
demonstrates proof of the null persists even among well-trained medical professionals.

To address this skepticism for null effects and potential misinterpretations, we apply a Bayesian approach to further
investigate the association of SGLT2i with MACE+HF and its components in a propensity score matched primary
prevention cohort. The Bayesian approach allowed us to further investigate the differences in effect estimates seen for
the individual components of the MACE +HF outcome (HF hospitalization, CVD hospitalization, and CVD death) using
probability statements as opposed to hazard ratios and 95% confidence intervals, which can be misinterpreted. It also
allowed us to incorporate prior knowledge and skepticism regarding a null effect using informative prior distributions.

Bayesian statistics assume that model parameters have an unknown distribution rather than one true value and use
Bayes’ Rule to incorporate prior knowledge about this distribution. Inference is made using the posterior distribution of
the parameters, which is proportional to the product of a prior distribution and a likelihood distribution.'*'* Prior
information can be included via the choice of the prior distribution. If we are confident about the range of potential values
for a parameter of interest, a highly informative prior with a small variance can be used. The posterior distribution will
not be heavily influenced by new data, and the posterior distribution will resemble the prior distribution. On the other
hand, in scenarios where the investigators are unsure about the values a parameter will take, the use of a less informative
or “uninformative prior” with a larger variance and flatter shape can be chosen. The posterior is influenced to a greater
degree by the new data and will resemble the likelihood more than the prior distribution.

A major benefit of the Bayesian approach is that it can provide an intuitive summary of the results, as the posterior
distribution allows one to make probability statements about the parameters. For example, the Bayesian approach allows
us to calculate 95% credible intervals by calculating the 0.025 and 0.975 percentile of the posterior distribution for
a parameter of interest. We can then say there is a 95% probability that the true parameter value lies within the interval.
Conversely, the interpretation of a frequentist confidence interval is not a probability statement.'>*'*

We apply Bayesian survival modeling to a large observational propensity score matched primary prevention cohort of
United States Veterans to explore the association of SGLT2i with MACE+HF and its components. We incorporate prior
beliefs and skepticism for a null association via an informative prior. We use the posterior distribution to estimate the
probability of a meaningful protective association between SGLT2i and MACE+HF events and its components to provide
an easily interpretable summary measure.
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Methods

Data Set for the Bayesian Analysis

The Bayesian analysis is performed on a propensity score matched cohort obtained from a cohort of Veterans Health
Administration (VHA) patients with diabetes mellitus (DM) who had a first prescription for a hypoglycemic medication
between January 1, 2001, and December 31, 2016. Additional cohort data were obtained through December 31, 2019.
The results and details of this cohort have been previously published.” The study cohort includes Veterans aged 18 years
or older with DM who were using metformin, sulfonylurea, or insulin alone, or in combination and later fill one of the
following newer drug classes: SGLT2i and DPP4i. We further subset to patients without a history of cardiovascular
diseases. The institutional review board of the VHA approved this study with a waiver of informed consent. In
compliance with the Declaration of Helsinki, the research involved no more than minimal risk as it was a Phase 4
study of real prescribing patterns. The data accessed was limited to variables regularly stored in medical records and no
individual participant was identifiable as the results were reported in aggregate. Patient data was kept on a secure VHA
server, and the analysis was performed on anonymized data on secure VHA servers. The research could not have been
carried out without the waiver as it was a retrospective study of a large number of Veterans and current contact
information would likely be unavailable for a meaningful proportion of Veterans in the study.

The primary outcome was the time to the MACE + HF event. The outcome date was the hospital admission date for
acute myocardial infarction, ischemic or hemorrhagic stroke, acute heart failure, or cardiovascular death date. The
primary discharge diagnosis or underlying cause of death identified each event. We also evaluated each component
separately, not censoring on the other components, except for cardiovascular death. The start of follow-up was the
medication fill date of SGLT2i or DPP4i. The follow-up continued until an outcome or censoring event where censoring
criteria included: death, study end date (December 31, 2019); non persistence (90 days without medication); crossover/
addition of diabetes drug in a different class (eg, SGLT2i user who starts DPP4i) and the 181st day of no VHA contact
(inpatient, outpatient, or pharmacy use).?

Propensity Score Matching

Propensity score matching, which is commonly used in large EHR-based studies, was used here as a data-preprocessing
method to improve model performance and achieve covariate balance at baseline between the SGLT2i and DPP4i
groups.'>™'7 The propensity score (PS) is the conditional probability of assignment to a treatment given a set of
covariates.'® The propensity score is often calculated using a logistic regression model: ¢(X) = P(Z = 1|X), where
e(X) is the propensity score, Z is the exposure with 1 being exposed and 0 being unexposed, and X is a set of observed
baseline characteristics. Once PS are calculated, they are used in varied manners as a data reduction technique and to
achieve balance within a population. PS strategies including matching, stratification, inverse probability of treatment
weighting (IPTW), and as a measure for covariate adjustment.'>'**° In this analysis, we implemented propensity score
matching using the nearest-neighbor approach and a caliper equal to 0.05, as it was simple to implement and adequately
balanced the groups. To perform nearest neighbor matching, treated subjects are ordered randomly and are matched one
at a time to the control subject with the closest propensity score. Once a pair is matched, they are removed from the
matching pool. Matching continues until all treated subjects are matched or no additional acceptable matches can be
made. Remaining observations are dropped if the difference in propensity scores is over the caliper.>'**> As a comparator
to the Bayesian time-to-event analysis, we ran a Cox proportional hazards regression analysis on this newly created
propensity score matched cohort.

Bayesian Time-to-Event Model
Like the Cox proportional hazards model, the proposed Bayesian approach also uses a hazard model with direct covariate
adjustment. We assumed the following hazard function for episode i at time t:

h(t) = ho(t)exp(n;)

where
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n = ﬂO +ﬁxia

is a vector of the values of the p baseline covariates for episode i, and f = (/)’1, e ,ﬂp) is a vector of the corresponding
coefficients.”® Also, /(¢) is the baseline hazard function evaluated at z and is estimated using monotone splines, also
known as M-splines. M-splines are non-increasing or non-decreasing functions and are monotone piecewise polynomials
that can be expressed in the following way:

L
ho(t) = 2 viMi(t; k, )
=

where M(t;k,5) denotes the [ th basis term for a degree § M-spline function evaluated at a vector of knot locations,
k= (ki,..., ky), and y, is the 1th M-spline coefficient.”* M-splines capture a non-linear but monotonic relationship,
meaning that the hazard is either non-increasing or non-decreasing. They are flexible and allow for the approximation of
complex functions by piecing together simpler polynomial functions in a smooth and continuous manner.**-**

We assumed 7, = f, + f,x; and let x; be an indicator of whether the episode i is assigned to the treatment group,
which in our case is SGLT2i versus DPP4i. Like in the Cox model, exp($,) is the cause-specific hazard ratio (HR) for the
treatment effect. A HR less than one suggests a protective association (lower association with the event in the next time
period compared to a control subject). The posterior distribution for the HR was found by exponentiating posterior draws
for f3,. Bayesian modeling was performed using R Statistical Software®® (version 4.4.1) and the stan_surv() function in
the rstanarm package.”>*® These packages fit the Bayesian model using an implementation of the Hamiltonian Monte
Carlo method known as the No-U-Turn Sampler (NUTS).?’

Specifying the Prior Distribution

We assumed fixed values for k and 6. We fixed k to be a vector with knots at the minimum timepoint, maximum
timepoint and 3 internal knots at equal spaced percentiles, 25%, 50% and 75%. We fixed 6 = 3. For all parameters
besides f3,, we used the default suggestions in the stan_surv() function in the rstanarm package in R.*>** A normal prior
with mean 0 and a standard deviation of 20 is used for the intercept, f,. For the M-spline coefficients, (y,,...,7;),
a Dirichlet prior with hyperparameter of a vector with all elements equal to 1 is used.

Priors Based on Prior Studies

For f3,, we can incorporate information from other studies by using a normal prior with the mean centered around the log
of an estimate of HR in the literature and pick a standard deviation based on the corresponding confidence interval for
HR. We performed a literature search and focused on a meta-analysis of cardiovascular outcome trials.” This meta-
analysis combined data from three cardiovascular outcome trials, finding a hazard ratio of 1.00 (0.87,1.16) in patients
without cardiovascular disease and a hazard ratio of 0.86 (0.80,0.93) in patients with cardiovascular disease (CVD).
Based on the hazard ratio 1.00 (0.87,1.16), we created an informative prior with normal distribution, a mean of log(1),
and a standard deviation (sd) of 0.220, referred to as the No CVD prior. The sd was first approximated based on the
confidence interval (0.87, 1.16), and then tripled to allow for more variability in posterior draws.” The sd based on
(0.87,1.16) was approximated by taking the mean of sd; = (log(0.87) —log(1))/(—1.96) =0.071 and
sdy = (log(1.16) —log(1))/1.96 = 0.076 and multiplying by 3 to get sd = 0.22. We include the No CVD prior because
it is a summary value from a systematic review of the effect of SGLT2i in studies done on patients without cardiovascular
disease, which was our population of interest.

We also created a prior based on 0.86 (0.80,0.93) and refer to it as the CVD prior. Using a similar approach, we
selected a normal distribution with mean of log(0.86) and sd=0.11. Although the subjects in our population do not have
a history of cardiovascular disease, we included this prior because it incorporates information from published studies that
suggest a protective effect of SGLT2 for the MACE+HF outcome.

Uninformative Normal Prior
The last prior considered in our Bayesian survival model is a normal distribution with a large variance (sd = 25) centered
at 0. We called this prior the Uninformative prior as its shape is relatively flat compared to the other priors and will have
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a smaller influence on the posterior distribution of ; and HR. In addition to fitting a Bayesian survival model for the
MACE+HF outcome using the Uninformative prior, we evaluated separate Bayesian models using the Uninformative
prior for the cause-specific hazard for each individual component of the MACE+HF outcome: heart failure hospitaliza-
tion (HF), cardiovascular hospitalization (CVD Hospitalization), and cardiovascular death (CVD Death).

Probability of a Meaningful Protective Association

The time-to-event Bayesian model allows estimation of the probability of a meaningful protective association by using
the posterior distribution of HR = exp(f,). We consider an HR less than 0.90 to be meaningful protective association
based on the meta-analysis with estimate of HR = 0.86 for the cardiovascular cohort.” The estimated probability that HR

< 0.90 can be found by taking the number of posterior draws where exp(8,)<0.90 and dividing by the number of
posterior draws.

Results

Analytic Cohort

In the retrospective cohort, 129,834 episodes were included with 23,107 episodes for SGLT2i medication and 106,727
assigned DPP4i (reference). After fitting a logistic regression propensity score model using the covariates given in
Table 1 and performing one-to-one matching using a caliper value of 0.05, we matched 21,821 episodes of SGLT2i to
21,821 episodes of DPP4i. A total of 1286 SGLT2i episodes were dropped due to the difference in propensity scores
being above the caliper. The distributions of the propensity scores for SGLT2i and DPP4i groups are given in
Supplemental Figure 1. After matching, all standardized mean differences of observed baseline covariates were below
the threshold of 0.2 and all but one were at or below 0.05, indicating good balance between the groups. The study cohort
prior to and after matching is summarized in Table 1.

Table | Summary of Patient Characteristics Prior to and After Propensity Score Matching

Prior to Matching After Matching
DPP4i SGLT2i SMD? DPP4i SGLT2i SMD?
(n=106,727) (n=23,107) (n=21,821) (n=21,821)
Age, years® 66.0 (10.9) 65.0 (9.7) 0.10 65.3 (11.0) 65.1 (9.7) 0.02
Male, N (%) 100,185 (93.9) 21,802 (94.4) 0.02 20,501 (94.0) 20,558 (94.2) 0.01
Race, N (%) 0.08 0.01
White 71,406 (71.0) 16,325 (74.4) 15,399 (74.3) 15,337 (74.1)
Black 24,236 (24.1) 4784 (21.8) 4540 (21.9) 4561 (22.0)
Other® 4928 (4.9) 827 (3.8) 788 (3.8) 799 (3.9)
Cohort entry to index date (years)® 8.5 (5.0 9.6 (5.0 0.22 9.5 (5.0 9.5 (5.0) 0.01
Index year, N (%) 0.80 0.11
2013 3605 (3.4) 59 (0.3) 129 (0.6) 59 (0.3)
2014 8461 (7.9) 440 (1.9) 359 (1.6) 440 (2.0)
2015 3733 (12.9) 978 (4.2) 912 (4.2) 977 (4.5)
2016 17,122 (16.0) 1553 (6.7) 1714 (7.9) I551 (7.1)
2017 19,944 (18.7) 3027 (13.1) 3430 (15.7) 2999 (13.7)
2018 20,926 (19.6) 5336 (23.1) 5535 (25.4) 5154 (23.6)
2019 22,936 (21.5) 11,714 (50.7) 9742 (44.6) 10,641 (48.8)
Laboratory Variables
HbA I c® 8.55 (1.6) 8.71 (1.5) 0.11 8.7 (1.6) 8.7 (1.5) 0.02
Missing HbAIC measure, N (%) 7226 (6.8) 1671 (7.2) 0.02 1628 (7.5) 1565 (7.2) 0.0l
Estimated Glomerular filtration rate mL/min® 78.0 (20.8) 80.9 (18.1) 0.15 80.7 (21.0) 80.8 (18.6) <0.01
Estimated Glomerular filtration rate missing 6032 (5.7) 1260 (5.5) 0.01 1316 (6.0) 1215 (5.6) 0.02
Hemoglobin, g/dL® 142 (2.1) 14.2 (1.6) 0.05 14.2 (2.0) 14.2 (1.6) 0.01
(Continued)
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Table 1 (Continued).

Prior to Matching

After Matching

DPP4i SGLT2i SMD? DPP4i SGLT2i SMD?
(n=106,727) (n=23,107) (n=21,821) (n=21,821)
Missing Hemoglobin measure, N (%) 9073 (8.5) 1952 (8.4) <0.01 1945 (8.9) 1863 (8.5) 0.0l
Low Density Lipoprotein, mg/dL® 89.2 (34.0) 86.4 (33.9) 0.09 86.7 (34.7) 86.7 (34.9) <0.01
Missing Low Density Lipoprotein measure, N (%) 5967 (5.6) 1276 (5.5) <0.01 1306 (6.0) 1215 (5.6) 0.02
Microalbumin to creatinine ratio stage, N (%) 0.10 0.02
Al (<30 mg/g normal) 45,769 (42.9) 9962 (43.1) 9421 (43.2) 9430 (43.2)
A2 (30-300 mg/g microalbuminuria) 18,041 (16.9) 4510 (19.5) 4081 (27.5) 4170 (19.1)
A3 (>300 mg/g macroalbuminuiria) 6045 (5.7) 1519 (6.6) 1345 (6.2) 1406 (6.4)
Unknown MACR measure 36,872 (34.5) 7116 (30.8) 6974 (32.0) 6815 (31.2)
Proteinuria by urinalysis, N (%) 0.08 0.0l
Negative 46,641 (43.7) 9669 (41.8) 9080 (41.6) 9127 (41.8)
Urine Protein Trace or |+ 11,805 (I1.1) 2224 (9.6) 2087 (9.6) 2101 (9.6)
Proteinuria present at 2+ 6210 (5.8) 1252 (5.4) 1153 (5.3) 1180 (5.4)
Proteinuria present at 3+ or 4+ 1345 (1.3) 255 (1.1) 224 (1.0) 239 (1.1)
No Urine Protein measured 40,726 (38.2) 9707 (42.0) 9277 (42.5) 9174 (42.0)
Clinical Variables
Systolic Blood pressure, mm/Hg® 133.9 (16.3) 134.3 (16.2) 0.02 134.1 (16.3) 134.2 (16.3) 0.0l
Diastolic Blood pressure, mm/Hg® 76.5 (10.0) 76.4 (9.7) 0.01 76.4 (9.9) 76.5 (9.8) <0.01
Missing blood pressure, N (%) 1,814 (1.7) 411 (1.8) 0.01 429 (2.0) 395 (1.8) 0.0l
Body Mass Index, kg/meter? ® 324 (5.5) 33.7 (5.8) 0.23 33.7 (6.8) 33.8 (64) 0.0l
Missing BMI measure, N (%) 25,055 (23.5) 5145 (22.3) 0.03 4984 (22.8) 4908 (22.5) 0.0l
Baseline Co-morbidities, N (%)
Malignancy 11,773 (11.0) 2291 (9.9) 0.04 2210 (l10.1) 2,207 (10.1) <0.01
Liver disease 4489 (4.2) 1283 (5.6) 0.06 1138 (5.2) 1171 (5.4) 0.0l
HIV 452 (0.4) 107 (0.5) 0.01 102 (0.5) 101 (0.5) <0.01
Congestive heart failure 3442 (3.2) 1274 (5.5) 0.11 1046 (4.8) 1075 (4.9) 0.0l
Serious mental illness 32,326 (30.3) 6895 (29.8) 0.01 6570 (30.1) 6499 (29.8) 0.0l
Smoking 12,443 (11.7) 1966 (8.5) 0.11 1916 (8.8) 1878 (8.6) 0.0l
Chronic Obstructive Pulmonary Disease 13,258 (12.4) 2972 (12.9) 0.01 2809 (12.9) 2793 (12.8) <0.01
History of Respiratory failure 2044 (1.9) 542 (2.3) 0.03 479 (2.2) 500 (2.3) 0.0l
History of Renal disease 17 (0.0) I (0.0) 0.01 0 (0.0) I (0.0) 0.01
History of Sepsis 1495 (1.4) 287 (1.2) 0.01 252 (1.2) 272 (1.2) 0.0l
History of Pneumonia 1690 (1.6) 344 (1.5) 0.0l 315 (1.4) 325 (1.5) <0.01
Arrhythmia 5533 (5.2) 1054 (4.6) 0.03 1030 (4.7) 977 (4.5) 0.01
Cardiac valve disease IS (1.4) 363 (1.6) 0.0l 339 (1.6) 333 (1.5) <0.01
Parkinson’s 919 (0.9) 154 (0.7) 0.02 160 (0.7) 149 (0.7) 0.01
Urinary tract infection 4297 (4.0) 654 (2.8) 0.07 642 (2.9) 645 (3.0) <0.01
Osteomyelitis 550 (0.5) 107 (0.5) 0.0l 115 (0.5) 105 (0.5) 0.01
Osteoporosis 843 (0.8) 138 (0.6) 0.02 128 (0.6) 134 (0.6) <0.01
Falls 908 (0.9) 212 (0.9) 0.0l 194 (0.9) 201 (0.9) <0.01
Fractures 1805 (1.7) 346 (1.5) 0.02 337 (1.5) 329 (1.5) <0.01
Amputation 294 (0.3) 62 (0.3) <0.01 73 (0.3) 61 (0.3) 0.01
Retinopathy 8489 (8.0) 2605 (11.3) 0.11 2253 (10.3) 2333 (10.7) 0.01
Co-Therapy, N (%) 0.54 0.05
Insulin 8976 (8.4) 3227 (14.0) 2987 (13.7) 2984 (13.7)
Metformin 23,383 (21.9) 3594 (15.6) 3665 (16.8) 3573 (16.4)
Sulfonylurea 11,900 (I1.1) 1173 (5.1) 1323 (6.1) 1172 (5.4)
Metformin + Insulin 15,452 (14.5) 7543 (32.6) 6186 (28.3) 6582 (30.2)
Metformin + Sulfonylurea 42,918 (40.2) 6772 (29.3) 6872 (31.5) 6729 (30.8)
(Continued)
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Table | (Continued).

Prior to Matching After Matching
DPP4i SGLT2i SMD? DPP4i SGLT2i SMD?
(n=106,727) (n=23,107) (n=21,821) (n=21,821)
Sulfonylurea + Insulin 4098 (3.8) 798 (3.5) 788 (3.6) 781 (3.6)
Use of Medications, N (%)
Angiotensin Converting Enzyme Inhibitors 55,343 (51.9) 12,076 (52.3) 0.01 11,317 (51.9) 11,351 (52.0) <0.01
Angiotensin |l Receptor Blockers 21,935 (20.6) 5501 (23.8) 0.08 5087 (23.3) 5136 (23.5) <0.01
Beta Blockers 34,006 (31.9) 8744 (37.8) 0.13 8044 (36.9) 8037 (36.8) <0.01
Calcium Channel Blockers 31,759 (29.8) 7042 (30.5) 0.02 6610 (30.3) 6637 (30.4) <0.01
Thiazide and potassium sparing diuretics 33,395 (31.3) 7715 (33.4) 0.05 7101 (32.5) 7180 (32.9) 0.01
Loop Diuretics 9796 (9.2) 2666 (11.5) 0.08 2399 (11.0) 2396 (11.0) <0.01
Other Antihypertensive 28,205 (26.4) 5985 (25.9) 0.0l 5701 (26.1) 5617 (25.7) 0.01
Statin Lipid Lowering Drugs 79,525 (74.5) 18,395 (79.6) 0.12 17,180 (78.7) 17,261 (79.1) 0.01
Non- Statin Lipid Lowering agents 14,027 (13.1) 3345 (14.5) 0.04 3128 (14.3) 3086 (14.1) 0.01
Anti-arrhythmics digoxin and inotropes 4579 (4.3) 1349 (5.8) 0.07 1257 (5.8) 1230 (5.6) 0.01
Anticoagulants, platelet inhibitors 6662 (6.2) 1939 (8.4) 0.08 1752 (8.0) 1769 (8.1) <0.01
Nitrates 2199 (2.1) 751 (3.3) 0.07 675 (3.1) 659 (3.0) <0.01
Aspirin 20,031 (18.8) 4766 (20.6) 0.05 4353 (19.9) 4421 (20.3) 0.01
Platelet Inhibitors Not aspirin 2988 (2.8) 1005 (4.3) 0.08 904 (4.1) 912 (4.2) <0.01
Antipsychotics 6649 (6.2) 1402 (6.1) 0.01 1377 (6.3) 1320 (6.0) 0.01
Oral Glucocorticoids 8851 (8.3) 2112 (9.1) 0.03 2059 (9.4) 1989 (9.1) 0.01
Indicators of health care utilization, N (%)

Hospitalized within last year (Veterans Health) 6715 (6.3) 1426 (6.2) 0.01 1285 (5.9) 1341 (6.1) 0.01
Hospitalized in prior 30 days (Veterans Health) 1480 (1.4) 234 (1.0) 0.03 226 (1.0) 224 (1.0) <0.01
Hospitalized within last year (Medicare/Medicaid) 3925 (3.7) 679 (2.9) 0.04 706 (3.2) 646 (3.0) 0.02
Hospitalized in prior 30 days (Medicare/Medicaid) 734 (0.7) 75 (0.3) 0.05 83 (0.4) 73 (0.3) 0.01
Medicaid use in last year 1721 (1.6) 258 (I.1) 0.04 280 (1.3) 255 (1.2) 0.0l
Medicare use in last year 36,514 (34.2) 8764 (37.9) 0.08 8678 (39.8) 8174 (37.5) 0.05
Nursing Home encounter in last year 251 (0.2) 55(0.2) <0.01 47 (0.2) 53 (0.2) 0.01
Medicare Advantage Use 23,351 (21.9) 5405 (23.4) 0.04 5242 (24.0) 5058 (23.2) 0.02

Notes: *SMD, standardized mean differences are the absolute difference in means or percentage divided by an evenly weighted pooled standard deviation or the difference
between groups in number of standard deviations. "Mean and standard deviation reported. “Other races include American Indian or Alaska Native, Asian, and Native
Hawaiian or Pacific Islander.

Primary Outcome: MACE+HF
In the matched cohort, there were 188 MACE-+HF events for SGLT2i and 277 MACE+HF for DPP4i. The distributions
of the three priors for f; (No CVD, CVD, and Uninformative) used in the Bayesian time-to-event analysis are shown in

Supplemental Figure 2. For each prior for f;, Figure 1 demonstrates the posterior distribution for the cause-specific
hazard ratio, exp(f;), for SGLT2i. The prior distributions influence both the location and shape of the corresponding
posterior distributions. The estimated hazard ratios and corresponding 95% credible intervals differed by prior: No CVD:
0.82 (0.68,0.96), CVD: 0.81 (0.71,0.94), and Uninformative: 0.79 (0.65,0.94) but all suggest a protective association with
the MACE+HF outcome (Table 2). The estimates of the HR and 95% credible intervals for the Bayesian analysis using
the Uninformative prior were similar to the results found performing the Cox proportional hazards regression with an HR
of 0.78 and 95% CI of (0.65, 0.95). The estimated values for the probability of a meaningful protective association also
support a protective association and the probability of a meaningful protective association for the Bayesian model with
the No CVD, CVD, and Uninformative priors were 88%, 92%, and 93%, respectively (Table 2). Focusing on the
Bayesian time-to-event model with the Uninformative prior, the estimated survival function demonstrated greater
survival probability for the SGLT2i for the MACE+HF outcome (Figure 2A).
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Figure | Posterior Distributions for the Cause-specific Hazard Ratio. The posterior distributions for the cause-specific hazard ratio for sodium—glucose cotransporter-2
inhibitors (SGLT2i) versus dipeptidyl peptidase 4 inhibitors (DPP4i) for the major adverse cardiovascular events plus heart failure (MACE+HF) outcome from the three
different Bayesian models (No CVD: yellow, CVD: blue, Uninformative: black). The vertical dashed lines (No CVD: yellow, CVD: blue, Uninformative: black) denote the
posterior means, and the vertical grey line denotes a null association.

Components of MACE+HF

In the matched cohort, there were 57 heart failure hospitalization (HF) events for SGLT2i and 98 HF for DPP4i (Table 3).
For the Bayesian time-to-event model with the Uninformative prior and the HF outcome, the cause-specific hazard ratio
estimate and 95% credible interval were 0.69 (0.49, 0.95). The HR estimate and the large probability of a meaningful
protective association, 95%, suggests a protective association of SGLT2i. Evidence was less robust for a meaningful
protective association of SGLT2i for the CVD hospitalization outcome. In the matched cohort, there were 91 cardio-
vascular hospitalization events for SGLT2i and 123 for DPP4i (Table 3). The cause-specific hazard ratio estimate was
0.86 (0.65, 1.10) and the probability of a meaningful protective association was 67%. There were 48 cardiovascular death

Table 2 Event Rates and Cause-Specific Hazard Ratios for Major Adverse
Cardiovascular Events Plus Heart Failure

SGLT2i (n = 21,821) | DPP4i (n = 21,821)

Number of events 188 277
Person time years 14,575 16,646
Events rates/1000 person years 12.9 (8.7, 18.3) 16.6 (11.8,22.7)
(95% Confidence Interval)®

Cox Proportional Hazard Ratio 0.78 (0.65, 0.95) Reference

(95% Confidence Interval)®
Bayesian Model Hazard Ratios
(95% Credible Interval)

No CVD Prior 0.82 (0.68, 0.96) Reference

CVD Prior 0.81 (0.71, 0.94) Reference

Uninformative Prior 0.79 (0.65, 0.94) Reference
(Continued)
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Table 2 (Continued).

SGLT2i (n = 21,821) | DPP4i (n = 21,821)

Probability of Meaningful Association®

No CVD Prior 88% -
CVD Prior 92% —
Uninformative Prior 93% -

Notes: *The 95% confidence intervals (Cl) for event rates calculated using Poisson regression. °For the
Cox proportional hazards regression, a 95% percent confidence interval was provided instead of a credible
interval. “The probability of a meaningful association is calculated as the proportion of posterior draws for
which the hazard ratio is less than 0.90 (converted to a percent value).

events for SGLT2i and 81 for DPP4i (Table 3). The cause-specific hazard ratio estimate was 0.70 (0.48, 0.99) and the
probability of a meaningful protective association was 93%. A comparison of the estimated cause-specific hazard ratios
and probabilities of meaningful protective associations for the MACE+HF outcome and its components can be found in

Figure 3. The survival functions for the components of the MACE+HF are shown in Figure 2B-D.

A) MACE+HF B) HF

1.000 A

0.975 1

0.950 1

0.925 1

0.900 1

C) CVD Hospitalization D) CVD Death

1.000 1

Survival

0.975 1

0.950 1

0.925 1

0.900 1

0 1 2 3 0 1 2 3
Follow-up Time, Years

|E| DPP4i IEl SGLT2i

Figure 2 Survival Plots. Probability of survival for major adverse cardiovascular events plus heart failure ((A): MACE+HF) and its components ((B): HF, (C): CVD
Hospitalization, and (D): CVD Death) among sodium—glucose cotransporter-2 inhibitors (SGLT2i) vs dipeptidyl peptidase 4 inhibitor (DPP4i) users without cardiovascular
disease from the cause-specific Bayesian time-to-event analyses using the Uninformative prior. The blue line and blue shading provide the survival function and 95% pointwise
prediction interval for SGLT2i users, respectively, and the black line and grey shading provides the survival function and 95% pointwise prediction interval for DPP4i users,
respectively.
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Table 3 Event Rates and Cause-Specific Hazard Ratios for the Components of the Major
Adverse Cardiovascular Events Plus Heart Failure

SGLT2i (n = 21,821) | DPP4i (n = 21,821)

HF Hospitalization
Number of events 57 98
Person time years 14,617 16,722
Events rates/1000 person years (95% CI)* 3.9 (2.0, 6.8) 5.9 (4.0, 8.3)
Hazard Ratio (95% Credible Interval) 0.69 (0.49, 0.95) Reference
Probability of Meaningful Association® 95% -

CVD Hospitalization
Number of events 91 123
Person time years 14,601 16,691
Events rates/1000 person years (95% CI)* 6.2 (3.3, 10.5) 7.4 (4.0, 12.3)
Hazard Ratio (95% Credible Interval) 0.86 (0.65, 1.10) Reference
Probability of Meaningful Association® 67% -

CVD Death
Number of events 48 8l
Person time years 14,644 16,772
Events rates/1000 person years (95% CI)* 3.3 (1.5, 6.0) 4.8 (2.5, 8.3)
Hazard Ratio (95% Credible Interval) 0.70 (0.48, 0.99) Reference
Probability of Meaningful Association® 93% -

Notes: *The 95% confidence intervals (Cl) for event rates calculated using Poisson regression. “The probability of
a meaningful association is calculated as the proportion of posterior draws for which the hazard ratio is less than
0.90 (converted to a percent value). The event rates and estimated cause-specific hazard ratios along with 95%
credible intervals for the components of the composite outcome (Hear Failure (HF) Hospitalization,
Cardiovascular disease (CVD) Hospitalization, and CVD Death) were found using the Bayesian time-to-event
models with the Uninformative prior.

Discussion

This study demonstrates that a Bayesian survival model is a useful tool for incorporating prior information into a time-to-
event analysis. Using a normal prior for the coefficient of interest in the hazard function and selecting the mean and
variance of the prior based on the previous effect estimates provides a straightforward way to incorporate information
from previous studies. Informative priors are a systematic way to incorporate skepticism or favorability for clinically
meaningful effects. The time-to-event Bayesian model provides probability statements regarding the protective associa-
tion of SGLT2i using the posterior distributions of the hazard ratios. The probability statements guard against a common
misinterpretation in Cox proportional hazard regression analyses, that the inclusion of 1 in the 95% confidence interval
for the hazard ratio proves a null association. The Bayesian approach allows one to make probability statements about
clinically meaningful effects in cardiovascular studies as opposed to simply stating whether a statistically significant
effect was found. The probability of a meaningful effect is a more useful statistic for clinical decision-making than
a p-value or even a confidence interval.

The results from all three Bayesian models estimated a protective association of SGLT2i versus DPP4i and the
MACE+HF outcome. The strength of this association was dependent on both the observed data and prior data
incorporated using the informative priors. We also note that protective effect estimates were not as strongly supported
for all the components of the composite MACE+HF outcome. The probability of a protective association for CVD
Hospitalization was much lower than the probability of a protective association for the composite MACE+HF outcome
and the other MACE+HF components, HF hospitalization and Cardiovascular death: 67% versus 93%, 95%, and 93%,
respectively. This may have contributed to the observed mixed results for the associations between SGLT2i and
cardiovascular outcomes in the literature.

Limitations should be noted. Like many observational studies, this study has the possibility for unobserved confounding.
Multiple steps including propensity score matching and the addition of multiple data sources (VHA, Medicare and
Medicaid) address the issue of controlling for possible confounding; however, residual confounding may still be present.
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Figure 3 Hazard Ratio and Probability of Meaningful Association for MACE+HF and Components. The points are the estimated hazard ratios (HR) along with 95% credible
intervals (horizonal lines) and the corresponding probability of a meaningful association (HR < 0.90) for the composite outcome of major adverse cardiovascular events plus
heart failure (MACE+HF) and its components (HF Hospitalization, CVD Hospitalization, and CVD Death) found using the Bayesian time-to-event models with the
Uninformative prior.

Since Veterans may not receive all their care at VHA facilities, misclassification of those without CVD may have occurred
and outcomes may have been missed. Because we considered episodes of care in the time-to-event analysis and not
individual patients, Veterans could enter the study cohort more than one time and have correlated observations. Use of
a weighted propensity scores model and robust standard errors can address this limitation. Since the primary objective of
this study was to explore the implementation of a Bayesian survival model, we opted to use propensity score matching
instead of weighting. This approach allowed us to separate the implementation of the Bayesian survival model from the
propensity score adjustment. The study population was mostly white men with a mean age above 65 years who, based on
our data, did not have a history of CVD. Therefore, the results may not be generalizable to populations with lower
representation in VHA. This study did not evaluate patients who initiated use of DPP4i or SGLT2i as first-line therapy. It
should be noted that most patients added the DPP4i or SGLT2i onto existing combination regimens (as a third agent).

Conclusion

This study demonstrates that a Bayesian survival model can be a useful tool to incorporate prior information into a time-
to-event analysis and help guard against the misinterpretations often arising from looking solely at the 95% confidence
intervals of the hazard ratios. The Bayesian approach allows one to make probability statements about clinically

meaningful effects.

Abbreviations

MACE+HF, Major Adverse Cardiovascular Events and heart failure; CVD, cardiovascular disease; SGLT2i, sodium—
glucose cotransporter-2 inhibitors; DPP4i, dipeptidyl peptidase 4 inhibitors; HR, hazard ratio; PS, propensity score;
VHA, Veterans Health Administration; DM, diabetes mellitus.
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