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Variation in Hospital Risk—Adjusted Mortality Rates
Following Transcatheter Aortic Valve Replacement
in the United States

A Report From the Society of Thoracic Surgeons/American College
of Cardiology Transcatheter Valve Therapy Registry
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Background—The use of transcatheter aortic valve replacement (TAVR) to treat aortic stenosis in the United States is
growing, yet little is known about the variation in procedural outcomes in community practice. We developed a TAVR in-
hospital mortality risk model and used it to quantify variation in mortality rates across United States (US) TAVR centers.

Methods and Results—We analyzed data from 22248 TAVR procedures performed at 318 sites participating in the Society
of Thoracic Surgeons/American College of Cardiology Transcatheter Valve Therapy Registry (November 2011 to October
2014). A Bayesian hierarchical model was developed to estimate hospital-specific risk-adjusted mortality rates adjusting
for 40 patient baseline factors. A total of 1130 in-hospital deaths (5.1%) were observed. Reliability-adjusted risk-adjusted
mortality rate estimates ranged from 3.4% to 7.7% with an interquartile range of 4.8% to 5.4%. A patient’s predicted odds
of dying was 80% higher if treated by a hospital 1 standard deviation above the mean compared with a hospital 1 standard
deviation below the mean (odds ratio =1.8; 95% credible interval, 1.4%-2.2%).

Conclusions—Risk modeling of TAVR in-hospital mortality revealed variation in risk-adjusted mortality rates during
the US early commercial experience. Transcatheter Valve Therapy Registry analyses using this model will support
research, feedback reporting, and the identification of factors associated with quality. (Circ Cardiovasc Qual Outcomes.
2016;9:560-565. DOI: 10.1161/CIRCOUTCOMES.116.002756.)
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outcomes in the United States,' but the extent to which these
outcomes vary across hospitals has not been reported.

Editorial, see p 498

fter regulatory approval by the United States Food and
Drug Administration in 2011, transcatheter aortic valve
replacement (TAVR) has been used with increasing fre-
quency to treat patients with severe aortic stenosis who are at

high risk of mortality or morbidity with conventional surgi-
cal aortic valve replacement.? As a result, the use of TAVR
has expanded rapidly throughout the United States to centers
with varying degrees of experience using TAVR. Recent stud-
ies from the Society of Thoracic Surgeons (STS)/American
College of Cardiology (ACC) Transcatheter Valve Therapy
(TVT) Registry have documented 30-day and 1-year TAVR

For many procedures performed by interventional car-
diologists and cardiac surgeons, risk-adjusted outcome met-
rics have been developed, applied, and validated using large
clinical registries, such as the STS Adult Cardiac Surgery
Database and the ACC National Cardiovascular Data Registry.
For example, models to assess institutional performance have
been developed for coronary artery bypass grafting,* valve
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WHAT IS KNOWN

¢ Since its approval by the United States (US) Food
and Drug Administration in 2011, transcatheter aor-
tic valve replacement (TAVR) has been used with
increasing frequency to treat patients with severe
aortic stenosis who are at high risk of mortality and
morbidity with conventional surgical aortic valve
replacement.

A risk model customized for TAVR institutional per-
formance assessment was not previously available.

WHAT THIS STUDY ADDS

¢ Risk modeling of TAVR in-hospital mortality
revealed variation in risk-adjusted mortality rates
during the early US commercial experience.

¢ Transcatheter Valve Therapy Registry analyses using
this model will support research, feedback report-
ing, and the identification of factors associated with
quality.

surgery,” and percutaneous coronary intervention.®’ Recent
studies have developed parsimonious prediction models
to facilitate patient selection and counseling for TAVR.%10
However, a TAVR risk model customized for institutional per-
formance assessment was not previously available.

This study was conducted using data from the STS/ACC
TVT Registry. Our specific goals were to (1) develop a TAVR
in-hospital mortality risk model suitable for research and
feedback reporting in the TVT Registry and (2) characterize
variation in mortality across centers during the US early com-
mercial experience.

Methods

The STS/ACC TVT Registry

The STS/ACC TVT Registry was created in 2011 to monitor pa-
tient safety and real-world outcomes of emerging treatments for
valve disease. The registry’s major goals are to monitor outcomes
of transcatheter valve procedures in real-world patients, assess the
learning curve among centers beginning to adopt the technology,
and provide a ready-made infrastructure for research and safety
surveillance. As a condition for Medicare coverage, all US TAVR
hospitals are required to collect data on consecutively enrolled
patients receiving a Food and Drug Administration—approved
transcatheter heart valve. Centers participating in the TVT
Registry receive quarterly reports comparing each center’s case
mix, practice patterns, and outcomes to the national experience.
Performance measures developed within the TVT Registry are in-
tended to promote quality improvement, identify characteristics of
high-performing centers, and inform the design of interventions to
improve patient outcomes.

Cohort Selection

We included all TVT records for patients undergoing TAVR with
a commercially approved device between November 1, 2011, and
October 31, 2014. From a starting population of 22271 TAVR cas-
es, we excluded 23 cases (0.1%) with missing data for discharge
mortality status. TAVR procedures aborted intraoperatively were
included in this cohort in keeping with the analysis principle of in-
tention to treat.'"!?
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End Point

We used in-hospital rather than 30-day mortality status as the primary
outcome measure because in-hospital mortality status was reported
in 99.9% of records, whereas 30-day mortality status was missing in
20% at the time of model development initiation.

Descriptive Analyses

Patient baseline characteristics were summarized for the overall
cohort, as well as for each individual center, to assess variation in
case mix across hospitals. Baseline summaries included percentag-
es and median values as appropriate. For describing center-specific
unadjusted mortality rates, each center’s unadjusted (observed)
discharge mortality rate was calculated and plotted in relation to
the center’s number of eligible cases (ie, the center’s sample size).
Lines depicting exact 95% binomial prediction limits were over-
laid to show the expected range of sampling variation that would
normally occur under the hypothesis of no true center-level varia-
tion in mortality.'?

Covariates for Case-Mix Adjustment

Details of the covariate selection process are described in the
Methods in the Data Supplement. Briefly, our multivariable analy-
sis was designed to estimate center-specific mortality rates after
adjusting for patient baseline factors and to determine the amount
of variation in these rates that is because of true hospital-level
differences (ie, signal) as opposed to random error (ie, noise).
Accordingly, covariates for multivariable analysis were selected
with the goal of minimizing potential confounding by case mix
and without regard for the model’s parsimony (Table I in the Data
Supplement). A total of 40 baseline factors were selected. The
main considerations for covariate selection included clinical rel-
evance, variation across hospitals, and data quality. Frailty, as as-
sessed by the 5-m walk assessment, and cardiovascular-specific
functional status, as assessed by the Kansas City Cardiomyopathy
Questionnaire, are known to be prognostically significant,'*" but
were missing too frequently (60% and 61%, respectively) to be
included in the model. Remaining model covariates were highly
complete, with most covariates having <1% missing data and only
one covariate having >3% missing data (number of prior cardiac
operations; missing 3.6%). In the rare case of missing data, un-
known values were imputed to the most common category of cat-
egorical variables and to the median or subgroup-specific median
of continuous variables. More computationally intensive missing
data strategies, such as multiple imputation, were not used for this
analysis because of the low rate of missing data and because it
would be impractical to implement them in combination with the
computationally intensive Markov Chain Monte Carlo estimation
procedure described below.

Multivariable Analysis

For modeling procedural acuity, a categorical variable was created
by combining the procedure status field with 4 relatively rare high-
risk preprocedure conditions: (1) cardiac arrest within 24 hours; (2)
cardiac shock within 24 hours; (3) inotropes; and (4) mechanical as-
sist device. Patients with none of these high-risk conditions were as-
signed to category 1 if status was elective or category 2 if status was
urgent. Remaining patients were assigned to category 3 if status was
elective or urgent and there was no cardiac arrest within 24 hours or
category 4, otherwise.

To estimate center-specific mortality rates, we fit a hierarchical
logistic regression model with adjustment for 40 prespecified patient
baseline factors and center-specific random intercepts (Table II in the
Data Supplement). Before making inferences about hospital perfor-
mance, the model’s fit to the data was assessed internally. Calibration
was assessed by comparing observed versus expected mortality rates
overall and within subgroups, based on deciles of predicted risk.
Discrimination was assessed by the C statistic. After confirming
satisfactory internal calibration and discrimination, the model was
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Table. Frequency of Patient Baseline Factors, Overall and By Table. Continued
Center :
Risk Factor All Centers Range Across Centers*
Risk Factor All Centers Range Across Centers Aortic insufficiency, at least 20.4% 6.8%-46.5%
Age, y (median) 84.0 79.0-86.0 moderate
Age, 85+ 45.1% 23.4%—68.2% Mitral insufficiency, at least 31.1% 12.3%—67.6%
moderate
BSA, m? (median) 1.8 1.7-1.9
BSA 5220 m? 720 1.0%—14.5 Tricuspid insufficiency, at 24.2% 6.5%—46.2%
,2220m 2% 0%-14.5% least moderate
Sex, female 50.3% 33.9%—63.2% Preoperative inotropes 2.9% 0.0%-59.1%
Nonwhite or Hispanic 9.1% 0.0%—69.6% Acuity, category 2 8.8% 0.0%—74.4%
GFR <45 mL/min/1.73 m? or 27.9% 8.3%—45.0% Acuity, category 3 4.0% 0.0%-58.6%
dialysis ' : : :
: T Acuity, category 4 0.5% 0.0%—-3.4%
Renal function, dialysis 4.1% 0.0%-11.6% — -

— - - BSA indicates body surface area; CABG, coronary artery bypass grafting; GFR,
Ejection fraction (median) 57.0 53.5-64.0 glomerular filtration rate; ICD, internal cardioverter defibrillator; LAD, left anterior
Ejection fraction, <35% 14.5% 1.9%-21.8% descending; MI, myocardial infarction; NYHA, New York Heart Association; PAD,

peripheral artery disease; PCIl, percutaneous coronary intervention; and TIA,
Hemoglobin, g/dL (median) 1.7 10.6-12.7 transient ischemic attack.
Hemoglobin, <10 g/dL 17.5% 3.9%-33.1% *Among centers with at least 100 eligible cases.

- TApproximate midpoint of study period.

Platelet count, pL (median) 190000 168000-212000 tincludes unicuspid, bicuspid, quadracuspid, and uncertain morphology.
Platelet count, <100k pL 5.7% 1.5%-14.5%
Procedure date, after March 69.3% 37.4%-99.3% re-estimated using a 70% random sample of records and assessed for
31,2013t calibration and discrimination in the remaining 30% of records.

A center’s standardized mortality ratio was defined as the ratio of

Left main disease 50% 10.9% 3.6%-20.3% the center’s true mortality rate according to the model divided by the
Proximal LAD >70% 20.2% 4.7%-38.8% mortality rate that would be expected for a hypothetical center with
the same case mix and an intercept parameter equal to the population
Prior M 25.4% 9.0%-51.8% average (see Methods in the Data Supplement for details). A hos-
i 0 oA (O pital’s risk-adjusted mortality rate (RAMR) was defined by the for-
Endocardits 0.9% 0.0%6.0% mula RAMR=(standardized mortality ratio)x(overall mortality rate),
Prior TIA or stroke 19.0% 7.9%~31.0% where “overall mortality rate” denotes the observed discharge mortal-
. . ity rate among all patients in the overall study cohort. Definitions of
Carotid stenosis 16.4% 3.1%~43.3% thye variables lglsed ipn the multivariable analysi); can be found in Table
Prior PAD 32.0% 11.1%-71.0% ITin the Data Supplement.
Smoker 5.3% 0.0%—16.6% . .
Diabetes mellitus 37.1% 22.8%—-52.1% Estimation
: : : Model parameters were estimated in a Bayesian statistical frame-
NYHA Class IV 21.9% 3.3%-96.9% work by specifying a prior probability distribution for unknown
B ) ) Y parameters and using Markov Chain Monte Carlo simulations for
Alrial fibrillation or flutter 40.8% 26.7%-55.5% inference. Briefly, Bayesian inference uses the language of prob-
Conduction defect 30.8% 0.0%-67.3% ability to express beliefs about clinically interesting hypotheses and
quantities. The output of a Bayesian analysis is a probability dis-
Severe chronic lung disease 13.9% 2.2%-46.0% tribution describing the most likely numeric estimates of unknown
Home oxygen 13.6% 3.7%-33.1% model parameters. Markov Chain Monte Carlo simulations are used
to generate representative samples of parameter values, which are
Hostile chest 8.7% 0.0%-34.4% then analyzed to create appropriate estimates and summary mea-
Porcelain aorta 71% 0.0%—23.7% sures. Advantages of fully Bayesian estimation include the ability to

perform inference about complex functions of unknown quantities
Access site, femoral 58.8% 24.3%-93.3% (eg, the variance of RAMRSs across hospitals) and the ability to cal-
culate the probability of any clinically interesting hypothesis (eg, the

Previous ICD 4.3% 0.0%-10.2% probability that a given center’s RAMR is greater than the national
Prior PCI 35.7% 18.6%—64.9% average). Unlike frequentist confidence intervals, Bayesian interval
estimates (known as credible intervals [Crls]) have an intuitively
Prior CABG 31.6% 14.1%-48.9% direct interpretation as an interval containing the true value with a
Prior aortic procedure 16.4% 0.6%-70.2% specified probability (eg, 95%). , o
Bayesian estimators of hospital-specific mortality incorporate a
Prior nonaortic procedure 2.8% 0.0%-10.0% reliability adjustment (also known as shrinkage) that diminishes the
Aortic etiology, degenerative 94 5% 30.5%—100.0% apparent variation in mprtality rates across hospi.tals.l'ﬁ"8 Although
such estimators are optimal for the purpose of estimating each hos-
Aortic valve morphology, 91.9% 0.0%-100.0% pital’s unknown mortality rate,' the distribution of reliability-ad-
tricuspid justed mortality rates may severely underestimate the true amount
) of signal variation.?*-?> Therefore, to appropriately characterize the
Aortic valve morphology, otherd: 2.0% 0.0%-20.8% magnitude of true signal variation, the following approach was ad-
(Continued) opted. First, using the model’s estimated variance parameter, we
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calculated the odds ratio (OR) comparing a patient’s predicted odds
of dying if treated by a hospital 1 standard deviation above the
mean relative to a hospital 1 standard deviation below the mean.
Second, we calculated a Bayesian estimate of the histogram of un-
known RAMRs across TAVR hospitals.?*?> Numeric summaries of
the histogram of RAMRs were estimated by their posterior mean
and reported with 95% Bayesian Crls (see Methods in the Data
Supplement for details).?>*

Institutional Review Board

This study was approved by the Duke Institutional Review Board
(Durham, NC).

Results

Study Cohort

The final study population included 22248 index TAVR
procedures from 318 US hospitals with a median of 58
(interquartile range [IQR] 22-96) eligible cases per hospi-
tal. The median age was 84 years, and 50% were female.
Patient characteristics varied substantially across hospitals.
Even after excluding hospitals with <100 cases, there was
more than a 5-fold difference across hospitals for the major-
ity of baseline factors examined (Table). For example, the
proportion of patients with a prior aortic procedure varied
>100-fold, ranging from 0.6% to 70.2% across hospitals.
New York Heart Association Class IV heart failure var-
ied 29-fold, ranging from 3.3% to 96.9% across hospitals.
Among centers with at least 100 cases and at least 30 cases
with nonmissing 5-m walk assessment, the proportion of
patients requiring >10 seconds to walk 5 m varied from 6%
to 81% across centers.

Unadjusted Mortality

There were a total of 1130 in-hospital deaths during the
study period (5.1%). Hospital-specific observed mortality
rates ranged from 0% to 33.3% (IQR 2.4%-7.1%). For the
vast majority of centers (96%), the observed mortality rate
fell within the expected range of normal sampling variation
(Figure 1).

Multivariable Analysis

The multivariable association between each model covari-
ate and in-hospital mortality based on the final model is
summarized in Table II in the Data Supplement. Binary
factors with the largest estimated ORs included dialy-
sis (OR=2.4), nonfemoral access (OR=1.9), and severe
chronic lung disease (OR=1.5). As expected, mortality
risk was highest in the highest category of procedural acu-
ity (OR=3.7).

Calibration plots demonstrated high agreement between
observed and expected mortality rates, both overall and
within prespecified subgroups (Figures I and II in the Data
Supplement). The C statistic was 0.71 in the overall sample
and 0.67 in the 30% cross-validation sample (Table IV in the
Data Supplement).

A patient’s predicted odds of dying was 80% higher if
treated by a hospital 1 standard deviation above the mean
compared with 1 standard deviation below the mean (OR=1.8;
95% Crl, 1.4%-2.2%). Figure 2 summarizes the estimated
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Figure 1. Hospital-specific observed mortality rates. Funnel plot
of hospital-specific observed mortality rates with 95% prediction
limits.

distribution of hospital-specific true RAMRs in the form of
a histogram. The estimated IQR was 4.3% to 6.1%. The esti-
mated average RAMR ranged from 3.2% to 8.1% among hos-
pitals in the lowest and highest mortality deciles, respectively
(risk difference=5.0% [95% CrI, 3.0%—6.9%]; risk ratio=2.6
[95% Crl, 1.8%-3.5%]).

Reliability-adjusted estimates of individual hospital-
specific RAMRSs ranged from 3.4% to 7.7% with an IQR of
4.8% to 5.4%. Only one hospital had an RAMR statistically
distinguishable from the TVT average (Figure 3). As noted in
the Methods section, the variation in these reliability-adjusted
estimates is a downwardly biased estimate of the true variation
in RAMRs across hospitals. As a result, the IQR reported here
is slightly narrower than the correctly estimated IQR of true
RAMRSs, as reported in Figure 2.

Discussion

In this report of the US early commercial experience with
TAVR, we found significant hospital-level variation in risk-
adjusted TAVR mortality rates among US hospitals. These
findings support the hypothesis that institutional factors may
play a role in affecting patient outcomes. As TAVR continues
to evolve, risk models developed in the TAVR population will
support research, feedback reporting, and the identification of
factors associated with quality.

Nevertheless, our results also demonstrate the chal-
lenges in outcomes performance evaluation at this early
stage in the procedure’s adoption curve. Given the low num-
ber of cases performed at many sites, measured mortality
rates are expected to vary substantially by chance alone.
Consequently, despite evidence of true signal variation, only
one hospital had an RAMR statistically distinguishable from
the TVT average. Estimating the amount of residual varia-
tion not caused by chance required a relatively complex sta-
tistical strategy.

Overall, the early message of the US TAVR experience is
positive. Our current findings indicate that many community
sites are achieving procedural outcomes similar to or better
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Figure 2. Distribution of true RAMR. Estimated
distribution of true RAMR across hospitals.
RAMR indicates risk-adjusted mortality rate.
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than those seen in the pivotal clinical trial experience. However,
there is evidence of site-to-site variation both in the types of
patients treated and in adjusted acute outcomes. Understanding
what site characteristics and processes may be associated with
excellent or poor outcomes will be an important direction for
future quality improvement and research efforts.

The STS and ACC have long recognized and emphasized
the importance of continual assessment of TAVR outcomes,
but outcomes analysis has been limited by the lack of a cus-
tomized TAVR risk-adjustment methodology.”® To adjust for
case mix in this study, we used hierarchical logistic regression
and included all baseline factors with a known or suspected
association with mortality as covariates. Before estimating
center-level performance, the model was empirically tested to
evaluate internal calibration and to assess the impact of vari-
ous methodological decisions. For estimation, we used a fully
Bayesian approach that permits making intuitively appealing
probability statements about each hospital’s performance.
The Bayesian method also appropriately accounts for overfit-
ting by allowing uncertainty in the estimation of regression
coefficients to be appropriately reflected in wider confidence
intervals. To further enhance validity, the models used in this
project were developed by a panel of statistical and clinical
experts and were circulated for public comment on the ACC’s
mailing list and website. Public comments were carefully con-
sidered in the approach to model development.

The risk adjustment techniques used in this study were
developed not only for quantifying variation across TAVR
hospitals, but also for use in a variety of future planned qual-
ity improvement and research efforts. Based on this article’s
risk-adjustment method, centers in the TVT Registry will
receive quarterly feedback reports comparing their RAMR to
the national experience. Additional performance measures for
nonfatal end points (eg, stroke and bleeding) are planned for
development and will provide complementary information for
a more comprehensive assessment of TAVR outcomes. One-
year outcomes are also being tracked in the TVT Registry?
and will be the focus of future risk modeling efforts.

Limitations

This study has several limitations. First, although the model
adjusted for a large number of patient factors, several known
or suspected risk factors were not included. Variables such
as 5-m walk assessment and baseline functional status are

known to be prognostically significant for mortality after
TAVR,'"!> but were missing in >50% of records in this early
stage of national data collection. In centers performing the
5-m walk assessment, the distribution of walk times was
highly variable across centers, suggesting a potential for bias
from differential case mix. To the extent that frailty is cor-
related with other variables in the risk-adjustment model, the
potential for bias is lessened. Second, although our analysis
documented significant variation in mortality, it did not iden-
tify specific factors explaining this variation. The effects of
provider experience and volume on mortality were not ana-
lyzed in the current study, but will be an important topic for
future study. Third, we analyzed a single-end point discharge
mortality and did not analyze long-term mortality or nonfatal
end points. The development of TAVR-specific risk models
for these other end points is a high STS and ACC priority.
Fourth, generalizability is impacted by the exclusion of non-
commercial cases and the availability of only one Food and
Drug Administration—approved device during the majority
of the study period. Finally, for reasons related to statis-
tical power and sample size, we were unable to determine
whether between-center variation in mortality has increased
or decreased over the study period.

Conclusions

Risk adjustment of TAVR in-hospital mortality revealed cen-
ter-level variation during the US early commercial experience.
TVT Registry analyses using this model will support research,
feedback reporting, and the identification of factors associated
with quality.

I
€ et I” m m “ m m “ m “ _d
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0 50 100 150 200 250 300
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Figure 3. Hospital-specific risk-adjusted mortality rates (RAMR)
estimates. Hospital-specific RAMR estimates with 95% Bayesian
credible intervals. RAMR indicates risk-adjusted mortality rate.
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Supplemental Material

Supplemental Methods

Details of Multivariable Analysis

Selection of Covariates. Covariates for case-mix adjustment were selected by a group of
cardiologists and surgeons after reviewing the transcatheter valve therapy (TVT) data collection
form and relevant prior literature, as well as performing an informal empirical analysis of
bivariate associations. All candidate variables available in Version 1.1 of the TVT data collection
form were individually discussed from the standpoint of clinical relevance, variation across
hospitals, and data quality. Since the goal of the analysis is to risk-adjust procedural outcomes,
only pre-procedural patient variables were considered for inclusion. In general, our goal was to
adjust for baseline factors that were present at the beginning of the start of the transcatheter
aortic valve replacement (TAVR) procedure and not to adjust for discretionary care processes
during or after the initiation of the procedure. In general, all variables screened in univariable
analyses were retained in the final model, regardless of their apparent association or lack of
association with mortality. Exceptions were: operator reason for the procedure (inoperable vs.
other), aortic stenosis, mean gradient, albumin, baseline 5-meter walk assessment, and baseline
Kansas City Cardiomyopathy Questionnaire (KCCQ-12) assessment. Operator reason for the
procedure was regarded as imprecisely defined and subjective. Aortic stenosis was present in
>99% of patients and was excluded due to data quality considerations and the small number of
patients available for estimating risk in patients coded without stenosis. Remaining variables
were excluded due to high prevalence of missing data: 5-meter walk assessment (missing 60%),

KCCQ-12 assessment (missing 61%), and albumin missing data (16%).



A Note on Adjustment for Processes of Care. An important principle of risk adjustment is to
adjust for patient factors that are beyond the control of the entity being assessed and to avoid
adjusting for factors that result from the care provided. For example, it is generally unadvisable
to adjust for discretionary care processes such as intraoperative medications and procedural
techniques. On the other hand, certain care processes tend to be given to patients who have a
relatively serious preoperative presentation. In some cases, knowledge that a care process was
delivered (e.g. preoperative intra-aortic balloon pump [TABP] or inotropes) may provide indirect
information about unmeasured aspects of the patient’s baseline status. For these reasons,
preoperative use of a mechanical assist device and preoperative inotropes were incorporated into
our risk adjustment model. Similarly, use of a non-femoral valve sheath access site was adjusted
in the model. Although the decision to use a non-femoral access site is under the control of the
care provider, patients receiving non-femoral access differ systematically from conventional
access patients in ways that are not fully captured by other TVT data elements. For this reason,
non-femoral was included as a covariate. As a result of adjusting for access site, multivariable
analysis may obscure or “adjust away” some true differences in quality that are reflected in the
adoption of more or less effective care processes (e.g., the decision to use femoral or alternative
access). Prior to deciding to adjust for access site, a sensitivity analysis was conducted to assess
the impact of adjusting versus not adjusting for this variable. The Pearson correlation between
risk-adjusted mortality rates (RAMRSs) calculated with (vs. without) adjustment for access site

was 0.989.

Functional Form of Predictors. Graphical exploratory analyses were used to determine the

functional form of continuous variables and to decide whether categorical variables with several



categories could be collapsed into fewer categories. In a preliminary marginal logistic regression
model in which flexible regression splines were used for modeling continuous variables, plots of
the variables body surface area (BSA), glomerular filtration rate (GFR), hemoglobin, and
ejection fraction revealed an approximately linear association with the log-odds of mortality
except for an attenuation of the slope in the extreme tails of each variable’s distribution. To
account for this attenuation in the tails of the distribution, each of these variables was modeled as
linear across a designated interval and as a constant (i.e., zero slope) outside of this interval. For
example, ejection fraction was modeled as linear between 15% and 60% and as constant in the
range <15% or >60%. Truncation intervals for other variables were: BSA 1.4-2.6 m*; GFR 30—
90 mL/min/1.73 m*; and hemoglobin 8—15g/dL. For modeling renal function, patients on dialysis
were represented by an indicator variable for dialysis without further adjustment for the patient’s
estimated GFR. For patients not on dialysis, the relationship between estimated GFR and
mortality was modeled as linear between 30 and 90 mL/min/1.73 m?, and constant below 30 or
above 90 mL/min/1.73 m®. Surgery date displayed an apparent linear association with mortality
and was, therefore, modeled as linear. For other continuous variables, the association with
mortality was relatively more complicated. Age was modeled as piecewise linear with a change
of slope at 75 years and no slope below 50 years or above 100 years. Finally, platelet count was
modeled as piecewise linear with a change of slope at 200k and no slope when below 50kuL or

above 400kpuL.

Interactions. The ability to identify interaction effects empirically based on the data was limited
due to the large number of candidate interactions (e.g., more than 1000 pairwise interactions;

more than 15,000 three-way interactions) in relation to the number of endpoint events. Since



automated variable selection methods can be relatively sensitive to chance variation, we instead

opted to develop a main effects model approximation. The single exception was the inclusion of

an interaction between sex and BSA, which was selected a priori based on our prior experience

with the development of the Society of Thoracic Surgeons (STS) risk model for surgical aortic

valve replacement.

Modeling of Acuity Status. For modeling acuity status, a derived status variable was created

which combines information from the following variables:

e procedure status (#6055)

e prior cardiac arrest within 24 hours (#5035)

e prior cardiac shock within 24 hours (#5030)

e pre-procedure inotropes (#5400)

e pre-procedure mechanical assist device (#6095)

For the derived variable, the following categories were created:

Category (Definition
Category 1 |Defined as meeting both of the following:

1. Procedure status is elective

2. No pre-procedure shock, inotropes, mechanical assist device, or cardiac arrest
Category 2 |Defined as meeting both of the following:

1. Procedure status is urgent

2. No pre-procedure shock, inotropes, mechanical assist device, or cardiac arrest
Category 3 |Defined as meeting all three of the following:

1. Procedure status is elective or urgent

2. Patient had pre-procedure shock, inotropes, or mechanical assist device

3. No prior cardiac arrest within 24 hours of operation
Category 4 |Defined as either one or both of the following:

1. Procedure status is emergency or salvage; or

2. Patient had prior cardiac arrest within 24 hours of operation




Modeling of Access Site. TAVR access sites were femoral (58.8%), transapical (31.3%),
transaortic (7.3%), transiliac (0.5%), subclavian (0.4%), axillary (0.1%), transcarotic (0.1%), and
other (1.4%). To reduce the potential for noisy estimates in rare categories, access site was
dichotomized as femoral versus non-femoral. The decision to dichotomize access site was guided
by prior clinical experience and was made prior to observing the association of access site with
mortality. To assess whether modeling results were impacted by our decision to treat access site
as dichotomous, we subsequently re-estimated hospital-specific risk-adjusted mortality rates and
regression coefficients using a modified version of the model with access site modeled as a
three-category variable (femoral versus transapical versus other). We found that odds ratio
estimates in the modified model were nearly identical for transapical versus femoral and “other”
versus femoral (OR = 1.92, OR = 1.89, respectively) and were also nearly identical to the odds
ratio for non-femoral versus femoral in the final 2-category model (OR = 1.90). The surprisingly
similar odds ratios suggest that minimal information was lost in the decision to collapse access
site into 2 rather than 3 categories. The Pearson correlation between point estimates of hospital-

specific risk-adjusted mortality rates from the final and modified models was >0.999.

Mathematical Form of Regression Model. The goal of multivariable analysis was to estimate
participant-specific standardized mortality ratios (SMRs) and to quantify variation in SMRs
across participants. Variation in SMRs was assumed to be described by a two-level hierarchical
logistic regression model with participant-specific random intercept parameters. At the first level

(within participants), a patient’s probability of in-hospital mortality was modeled as:

T = expit(xﬁﬁ + a]-)



where 7;; denotes the probability of mortality for the i-th patient treated by the j-th participant;
a; is a (random effect) intercept parameter for participant j; x;; is a set of patient baseline
covariates (e.g., age, weight, etc.) for the i-th patient treated by the j-th participant; § is a set of
unknown regression parameters; and expit(x) = 1/[1 + exp(—x)]. Outcomes of individual
patients were assumed to be conditionally independent conditional upon (@4, ... @y), B and the
xj;’s. At the second level (between hospitals), a;’s were assumed to be independent and
identically distributed according to normal distribution with unknown mean and variance, that is,
& ~ N, %),

where p and 02 denote unknown parameters to be estimated from the data.

Calculation of SMRs and RAMRs. The unknown SMR of the j-th participant is defined as the

quantity

iijl expit(xﬁﬁ + aj)

SMR; = 21 :
%y expit(xuf + 1)

j =

where n; is the number of patients at the j-th participant. The SMR is interpreted as the ratio of a
participant’s actual expected mortality rate for a given set of patients relative to what the
expected mortality rate would be hypothetically if the participant’s performance was “average.”
An SMR >1 implies worse than expected mortality, whereas SMR <1 implies better than

expected mortality. A participant’s RAMR was calculated by the formula RAMR; = SMR; X

(overall mortality rate) where (overall mortality rate) denotes the proportion of patients dying

prior to discharge in the overall study sample.



Computation. Model parameters were initially estimated via maximum likelihood with a
Laplace approximation of the marginal log-likelihood as implemented in SAS version 9.2
software. Subsequently, model parameters were re-estimated in a Bayesian statistical framework
by specifying a prior probability distribution for unknown parameters. Advantages of Bayesian
methodology include the ability to make probability statements about each hospital’s SMR and
the ability to draw exact statistical inferences about complicated functions of unknown model
parameters. Since our prior knowledge was limited, we specified a vague proper prior
distribution for unknown parameters. The prior consisted of independent normal distributions for
the elements of # and u, and an independent inverse Gamma distribution for ¢2. Similar results
were obtained when using three alternative prior distributions for a2 (results not shown).
Posterior means and 95% credible intervals (Crls) were calculated using Markov Chain Monte
Carlo (MCMC) simulations as implemented in WinBUGS version 1.4 software. Posterior
summaries were based on 25,000 sets of simulated parameter values which were generated after
discarding 4 out of 5 simulation iterations to reduce autocorrelation and a long burn-in period to

ensurc convergence.

Missing Data. Missing data for model covariates were below 1% for most covariates. Only one
covariate had more than 3% missing data (number of prior cardiac operations; missing 3.6%).
Missing data rates for other covariates were as follows: age (0.0%); BSA (0.1%); GFR (0.6%);
ejection fraction (2.9%); hemoglobin (0.3%); platelet count (0.7%); dialysis (0.3%); Hispanic
ethnicity (2.2%); left main disease (2.4%); proximal left anterior descending (2.6%); prior
myocardial infarction (0.6%); infectious endocarditis (0.3%); prior stroke (0.3%); prior transient

ischemic attack (0.7%); carotid stenosis (2.6%); prior peripheral artery disease (0.5%); smoker



(0.4%); diabetes (0.3%); New York Heart Association class (1.8%); atrial fibrillation or flutter
(0.4%); conduction defect (0.8%); chronic lung disease (1.8%); home oxygen (1.0%); hostile
chest (1.0%); porcelain aorta (0.8%); access site (1.0%); pacemaker (0.3%); previous internal
cardioverter defibrillator (0.5%); prior percutaneous coronary intervention(0.5%); prior coronary
artery bypass grafting (0.3%); number of prior cardiac operations (3.6%); prior aortic valve
procedure (0.3%); prior non-aortic procedure (0.8%); aortic etiology (0.7%); valve morphology
(1.7%); aortic insufficiency (1.0%); mitral insufficiency (0.8%); tricuspid insufficiency (1.1%);
status (0.4%); acuity category (2.3%); prior cardiac arrest (0.3%); shock (0.3%); pre-procedural
inotropes (1.7%); mechanical assist device (0.4%)

Missing data were imputed to the most common category of categorical variables and to
the median or subgroup-specific median of continuous variables. More computationally intensive
missing data strategies, such as multiple imputation, were not used for this project because of the
low rate of missing data and because it would be resource-intensive to implement them in

combination with the computationally intensive MCMC procedure described above.

Model Summary. For summarizing the association between model covariates and mortality,
odds ratios were estimated by maximum likelihood and presented with 95% confidence intervals
and Wald-type p-values. Maximum likelihood was only used for the purpose of summarizing the
model and obtaining conventional p-values for the online supplement. Fully Bayesian analysis
(rather than maximum likelihood) was used for all analyses reported in the main text of the

manuscript.



Assessment of Model Calibration and Discrimination. Prior to estimating hospital-specific
performance, we first performed graphical analyses to assess the model’s ability to fit the data.
To assess calibration, we compared observed versus average expected mortality rates within
ssubgroups of patients based on quantiles of predicted risk. Large discrepancies between
observed and expected probabilities would suggest that the functional form of the model was
misspecified. In addition to assessing calibration, we also estimated the C-index (i.e.,
discrimination) of the model. The C-index quantifies the ability of a classification algorithm to
separate the target population into a group of patients who will have the endpoint of interest and
a group of patients who will not have the endpoint of interest. A low C-index does not imply that
the model is misspecified or that hospital comparisons will be biased. Nonetheless, the C-index
is widely reported and was, therefore, calculated for the sake of completeness.

After assessing calibration and discrimination in the original full sample, the model was
subsequently re-estimated using a 70% random sample of records and assessed for calibration
and discrimination in the remaining 30% of records. Calibration graphs and C statistics from the
original internal validation ("overall sample") and the split sample ("validation sample") are

presented side-by-side below.

Estimation of Histogram of True RAMR's for 318 Hospitals (Technical Details). To create
Figure 2, the range of possible RAMR values (0 to 100 percent) was partitioned into 201

equally-sized categories with cutpoints 0, 0.5, 1.0, etc. Let k. denote the number of true RAMR's

(out of 318) falling in the interval (

£1,9). for ¢ = 1,2,...,200, and let &, = 100 X K;/

"2
318 denote the corresponding percentage. The posterior mean of each k. was calculated as

E[k, |data] = %Z’i‘il ;zﬁ.i) where M denotes the number of MCMC iterations and ;zﬁ.i) denotes the



value of k. on the i-th MCMC iteration. Figure 2 was obtained by plotting bars of width (%, g)

and height E [k, |data] over the range for which E [k, |data] > 0.

Estimation of Average RAMRs by RAMR Decile (Technical Details). Let 64, 0,, ..., 0313
denote the collection of RAMR's for all 318 hospitals and let 84y, 8(3), ..., 0(31g) denote the same
RAMRs after sorting them in order from smallest to largest. The quantities

_ 1 _ 1
010 = ﬁz 0y and By = EZ 0318-j+1)
j=1 j=1

are the average RAMR's among the 10 percent of hospitals with the lowest true RAMRs and the
average RAMRs among the 10 percent of hospitals with the highest true RAMR's, respectively.

The posterior means of 0;, and 64, were calculated as
2] _ 1M p® 2] 1M @
E[0,, |data] = — L1 61 and E[g |data] = z‘, L O
where M denotes the number of MCMC iterations and 01(0 and Héé) denote the value of 8,, and

Ogo0n the i-th MCMC iteration, that is,

32
i 1 ;
(1) @ @ _ ®
010 = 3229(1) and 65 = 3_220(318—j+1)
Jj=1

® g denotes the simulated values of 6;, 8, ..., 8515 on the i-th MCMC

®
where 9(1), @) 6

(318)
iteration after sorting them in order from smallest to largest. Analogously, posterior means for
the difference Oq, — 0, and ratio 8o,/6,, were calculated as
1 M
E[e_go - 9_10 |data] = MZ 9_(58) - 9_1(:)) and E[9_90/9_10 |data] Z 9(1) (l)
i=1
For each quantity described above, a 95% Bayesian probability interval was obtained via MCMC

by calculating the 2.5™ and 97.5" percentiles of the set of simulated values.



A 95% Bayesian probability interval for 8, was obtained by calculating the 2.5 and
97.5" percentiles of the set of numbers 8.3, 82, ..., B2, Analogous calculations were used for

inferences about 8o, B9 — 019, and Bgq/01.

Estimation of Signal-to-Noise Ratio (Technical Details). Let 6; denote the true unknown SMR
for the j-th of 318 participants. Prior to estimating the signal-to-noise ratio, the numerical value
of 8; was estimated for each hospital. Estimation was done using MCMC simulations and
involved the following steps: First, for each j, we randomly generated a large number M of
possible numerical values of 6; by sampling from the Bayesian posterior probability distribution
of 8; via MCMC sampling. Let 9]@ denote the i-th of these M randomly sampled numerical

values for the j-th participant. Second, for each j, the posterior mean éj of 8; was calculated as

the arithmetic average of the randomly sampled values 9].(1), s Hj(M); in other words éj =

1 i . . . .
EZ’i”:l Hj(l). Our signal-to-noise ratio measure was defined as the squared correlation between the

set of hospital-specific estimates 8, ..., 67] and the corresponding unknown true values 6y, ..., ;.

Let p? denote the unknown true squared correlation of interest and let p? denote an estimate of

this quantity. The estimate was calculated as

1 M
A2 2
p —ME P
i=1

where

J @ z0\a _ al° J M J
. [2j=1(9jl _9(1))(91_9)] ~_ 1 @ 20 _ 1N 50
PO= 2 0 2w 14 2 ze—mzz% andd _7291' '



A 95% Bayesian probability interval for p? was obtained calculating the 2.5™ and 97.5"™

percentiles of the set of numbers p(zl),. . .,p(ZM).

Supplemental Tables

Supplemental Table 1. Covariates Discussed and Examined for Inclusion in Multivariable

Analysis

v Age v’ Prior peripheral artery disease v'# prior cardiac operations
v BSA v Current/recent smoker v’ Prior aortic procedure

v Sex v Diabetes v/ Prior other valve procedure
v Race/ethnicity v NYHA class v’ Aortic etiology

v eGFR v’ Atrial fibrillation/flutter v’ Valve morphology

v’ Dialysis v" Conduction defect % Aortic stenosis

v Ejection fraction v’ Chronic lung disease % Aortic valve mean gradient
v Hemoglobin v Home oxygen v’ Aortic insufficiency

v’ Platelet count v Hostile chest v’ Mitral insufficiency

v Procedure date v Porcelain aorta v’ Tricuspid insufficiency

v LMD >50% % QOperator reason for procedure v' Acuity status

x # of diseased vessels v Access site v’ Cardiogenic shock

v Proximal LAD >70% v' Pacemaker v’ Cardiac arrest w/in 24 hours
v’ Prior MI v Previous ICD v’ Pre-procedure inotropes

v Endocarditis v’ Prior PCI v Mechanical assist device
v’ Prior TIA/stroke v Prior CABG x Albumin

v' Carotid stenosis

v’ = covariates retained in final model (alone or as part of a derived variable)
x = covariates excluded from final model
BSA indicates body surface area; CABG, coronary artery bypass grafting; eGFR, estimated
glomerular filtration rate; ICD, implantable cardioverter defibrillator; LAD, left anterior
descending; LMD, left main disease; MI, myocardial infarction; NYHA, New York Heart
Association; PCI, percutaneous coronary intervention; TIA, transient ischemic attack




Supplemental Table 2. Estimated ORs and 95% CIs from Hierarchical Logistic Regression

Variable OR (95% CI) p-value
Age (per 5 years when <75) 0.95 (0.86 - 1.05) 0.32
Age (per 5 years when >75) 1.17 (1.09 - 1.25) <0.001
BSA (per m” for male) 0.41 (0.25-0.67) <0.001
BSA (per m’ for female) 0.47 (0.30 - 0.74) <0.001
Sex (male vs. female) 0.84 (0.73 - 0.97) 0.01
Race (White non-Hispanic vs. other) 0.87 (0.71 - 1.08) 0.21
GFR (per 5 unit) 0.94 (0.92 - 0.96) <0.001
Ejection fraction (per 5 unit) 0.98 (0.95-1.01) 0.19
Hemoglobin (per g/dL) 1.03 (0.99 - 1.07) 0.19
Platelet count (per 10k when <200k) 0.97 (0.95 - 0.99) 0.003
Platelet count (per 10k when >200k) 1.01 (0.99 - 1.02) 0.32
Procedure date (per 30 day) 0.99 (0.98 - 0.99) <0.001
Left main >50% 1.08 (0.87 - 1.33) 0.47
Proximal LAD 1.09 (0.92 - 1.30) 0.32
Prior M1 1.17 (1.01 - 1.36) 0.03
Current dialysis 2.41(1.80-3.23) <0.001
Endocarditis 0.98 (0.49 - 1.96) 0.95
Prior TIA w/o stroke, or prior stroke 1.10 (0.95 - 1.29) 0.20
Carotid stenosis one or both 1.32 (1.12 - 1.55) <0.001
Prior PAD 1.16 (1.01 - 1.33) 0.03
Smoker 0.69 (0.50 - 0.95) 0.02
Diabetes 1.00 (0.87 - 1.15) 0.99
INYHA class 4 1.20 (1.04 - 1.40) 0.02
Afib/flutter 1.11 (0.98 - 1.27) 0.11
Conduction defect 1.04 (0.91 - 1.19) 0.57
CLD (severe) 1.45 (1.21 - 1.73) <0.001
Home oxygen 1.21 (1.01 - 1.46) 0.04
Hostile chest 1.10 (0.87 - 1.38) 0.43
Porcelain aorta 0.98 (0.77 - 1.24) 0.84
Non-femoral access 1.90 (1.66 -2.17) <0.001
Pacemaker 0.95 (0.80 - 1.12) 0.53
Previous ICD 1.15(0.85 - 1.54) 0.36
Prior PCI 0.99 (0.87 - 1.13) 0.87
Prior CABG 0.82 (0.64 - 1.06) 0.12
Prior cardiac operators (1 vs. 0) 0.96 (0.76 - 1.23) 0.76
Prior cardiac operators (2+ vs. 0) 1.01 (0.70 - 1.46) 0.95
Prior aortic procedure 1.11 (0.94 - 1.30) 0.22
Prior non-aortic procedure 0.84 (0.56 - 1.27) 0.42
Aortic etiology (degenerative vs. other) 1.16 (0.85 - 1.58) 0.34
'Valve morphology (tricuspid) 0.91 (0.71 - 1.16) 0.46
Aortic insufficiency (moderate/severe) 0.99 (0.85 - 1.16) 0.93
Mitral insufficiency (moderate/severe) 1.02 (0.89-1.17) 0.79
Tricuspid insufficiency (moderate/severe) 1.22 (1.05 - 1.41) 0.009




Acuity category 2 1.53 (1.25-1.87) <0.001
Acuity category 3 2.50 (1.98 - 3.16) <0.001
Acuity category 4 3.70 (2.12 - 6.46) <0.001

Afib/flutter indicates atrial fibrillation/atrial flutter; BSA, body surface area; CABG,
coronary artery bypass grafting; CI, confidence interval; CLD, chronic lung disease;
GFR, glomerular filtration rate; ICD, implantable cardioverter defibrillator; LAD,
left anterior descending; MI, myocardial infarction; NYHA, New York Heart
Association; OR, odds ratio; PAD, peripheral artery disease; PCI, percutaneous
coronary intervention; TIA, transient ischemic attack




Supplemental Table 3. Definitions of Variables Used in Multivariable Analysis

Variable

Label

Age function 1

= min (max [age, 50],100)

Age function 2

= max (age function 1 — 75, 0)

BSA, among males

= min (max [BSA, 1.4], 2.6) if patient is male, = 0 otherwise

BSA, among females

= min (max [BSA, 1.4], 2.6) if patient is female, = 0 otherwise

EF function

= min (max [LVEF, 15], 60)

Hemoglobin function

= min (max [hemoglobin, 8], 15)

Platelet function 1

= min (max [platelet count, 50000], 400000)

Platelet function 2 = max (platelets function 1 — 200000, 0)
Procedure date = # of days from November 1, 2011 until date of operation
eGFR function = min (max [eGFR, 30], 90) if patient is not on dialysis, =0

otherwise

Variables coded as
I=yes, 0=no:

Dialysis; Female; Non-white or Hispanic; Left main >50%;
Proximal LAD >70%; Prior MI; Endocarditis; Prior stroke or TIA;
Carotid stenosis; Prior PAD; Current/recent smoker; Diabetes;
NYHA class I'V; Afib/flutter; Conduction defect; Chronic lung
disease, severe; Home oxygen; Hostile chest; Porcelain aorta; Non-
femoral access site; Pacemaker; Previous ICD; Prior PCI; Prior
CABG; Prior cardiac operations, 1; Prior cardiac operations, 2 or
more; Prior aortic valve procedure; Prior non-aortic valve
procedure; Aortic etiology, degenerative; Valve morphology,
tricuspid; Aortic insufficiency, >moderate; Mitral insufficiency,
>moderate; Tricuspid insufficiency, >moderate; Acuity category 2;
Acuity category 3; Acuity category 4

BSA indicates body surface area; CABG, coronary artery bypass grafting; EF, ejection
fraction; eGFR, estimated glomerular filtration rate; ICD, implantable cardioverter
defibrillator; LAD, left anterior descending; LVEF, left ventricular ejection fraction; NYHA,
New York Heart Association; TIA, transient ischemic attack; PAD, peripheral artery disease;
PCI, percutaneous coronary intervention




Supplemental Table 4. Model Discrimination Overall and By Subgroup

Internally Estimated Cross-Validated
C-Statistic C-Statistic
(Overall Sample) (Validation Sample)

0.71 0.67




Supplemental Figures

Supplemental Figure Legends

Supplemental Figure 1. Comparison of Observed versus Average Predicted In-hospital
Mortality Rates by Subgroup

Displayed is a comparison of observed versus average predicted in-hospital mortality rates by
subgroup

AV indicates aortic valve; EF, ejection fraction; NYHA, New York Heart Association

Supplemental Figure 2. Comparison of Observed Versus Expected Mortality Rates
Displayed is a comparison of observed versus expected mortality rates in: a) overall; b) by prior
aortic valve status; c) sex; d) NYHA class; e) ejection fraction; f) age; and g) acuity status.

AV, aortic valve; EF, ejection fraction; NYHA, New York Heart Association
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Supplemental Figure 2b
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Supplemental Figure 2¢
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Supplemental Figure 2e
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Supplemental Figure 2g
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