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Abstract

Aims: Patients undergoing transcatheter aortic valve replacement (TAVR) possess a higher risk of recurrent

KEYWORDS
- healthcare resource utilisation due to multiple comorbidities, frailty, and advanced age. We sought to devise
* miscellaneous

e risk stratification
s TAVI

a simple tool to identify TAVR patients at increased risk of 30-day readmission.

Methods and results: We used the Nationwide Readmissions Database from January 2013 to September
2015. Complex survey methods and hierarchical regression in R were implemented to create a prediction
tool to determine probability of 30-day readmission. Boot-strapped internal validation and cross-validation
were performed to assess model accuracy. External validation was performed using a single-centre data set.
Of 39,305 patients who underwent endovascular TAVR, 6,380 (16.2%) were readmitted within 30 days. The
final 30-day readmission risk prediction tool included the following variables: chronic kidney disease, end-
stage renal disease on dialysis (ESRD), anaemia, chronic lung disease, chronic liver disease, atrial fibril-
lation, length of stay, acute kidney injury, and discharge disposition. ESRD (OR 2.11, 95% CI: 1.7-2.63),
length of stay >5 days (OR 1.64, 95% CI: 1.50-1.79), and short-term hospital discharge disposition (OR
1.81, 95% CI: 1.2-2.7) were the strongest predictors. The c-statistic of the prediction model was 0.63. The
c-statistic in the external validation cohort was 0.69. On internal calibration, the tool was extremely accu-
rate in predicting readmissions up to 25%.

Conclusions: A simple and easy-to-use risk prediction tool utilising standard clinical parameters identi-
fies TAVR patients at increased risk of 30-day readmission. The tool may consequently inform hospital dis-

charge planning, optimise transitions of care, and reduce resource utilisation.
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Abbreviations

AHRQ Agency for Healthcare Research and Quality
ESRD end-stage renal disease
HCUP Healthcare Cost and Utilization Project

ICD-9-CM International Classification of Diseases, Ninth
Revision, Clinical Modification

NRD Nationwide Readmissions Database
TAVR transcatheter aortic valve replacement
™T transcatheter valve therapy

Introduction

Thirty-day readmissions are a closely scrutinised metric and are
associated with increasing costs to the healthcare system, poorer
quality of life, and greater resource utilisation. Interest in read-
mission rates remains high. Recent US government initiatives
such as the Hospital Readmissions Reduction Program under the
Affordable Care Act have led to a reduction in hospital readmis-
sion rates'. While readmission rates have improved, they remain
elevated for several targeted conditions - acute myocardial infarc-
tion, heart failure, and pneumonia?.

Transcatheter aortic valve replacement (TAVR) is an evolving and
rapidly growing treatment modality for selected symptomatic aor-
tic stenosis patients who are at intermediate to prohibitive risk for
surgical valve replacement’. Using the Nationwide Readmissions
Database (NRD), we recently reported a 30-day all-cause readmis-
sion rate of 17.9% after TAVR**. These results mirror other studies
reporting 30-day readmission rates of 14.6% to 20.9% after TAVR®
°. Non-cardiac causes of readmissions (respiratory, infection, and
bleeding events) are more common than cardiac causes (heart fail-
ure and arrhythmias)*’. Early hospital readmission after TAVR is
associated not only with greater healthcare expenditure and resource
utilisation, but also with poorer long-term outcomes’. A readmis-
sion risk prediction tool specifically designed for the TAVR popula-
tion is much needed. Identification of those patients at greatest risk
may facilitate the implementation of targeted interventions to reduce
rehospitalisation rates, reduce healthcare expenditure, and improve
clinical outcomes. We therefore sought to devise a 30-day hospital
readmission risk prediction tool using routine administrative vari-
ables, which may facilitate discharge planning and post-discharge
care coordination of patients undergoing TAVR.

Methods

DATA SOURCE

The NRD is a unique and powerful database designed to sup-
port analyses of national readmission rates for all payer types.
The NRD contains discharge data from 27 geographically dis-
persed states, accounting for 57.8% of the total US resident popu-
lation and 56.6% of all US hospitalisations, amounting to roughly
36 million discharges nationally. Developed through a Federal-
State-Industry partnership sponsored by the Agency for Healthcare
Research and Quality (AHRQ), Healthcare Cost and Utilization
Project (HCUP), the data inform decision making at national,

state, and community levels.

STUDY POPULATION

DERIVATION COHORT

We used the NRD database to identify admissions with endo-
vascular TAVR (ICD-9-CM procedure code 35.05) between
January 2013 and September 2015. Admissions that resulted in
in-hospital mortality were excluded from the analysis. Figure 1
outlines our methods for isolating the study cohort. The method-
ology for extraction of index cases and 30-day readmissions was
followed as recommended by the AHRQ!®. When the same patient
had more than one readmission within 30 days, only the first event
was included. Comorbidities were obtained using relevant ICD-
9-CM codes (Supplementary Appendix 1).

Total admissions during
study period

42,146,964

LY LY ICANRIMN Total endovascular TAVR
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(Duplicate readmissions

Figure 1. Flow chart depicting the selection of the study cohort.
Endovascular includes all non-transapical TAVR approaches
(predominantly transfemoral). LOS. length of stay

VALIDATION COHORT

TAVR procedures performed at University Hospitals, Cleveland
from March 2011 to April 2018 comprised the validation cohort.
The data were independently collected (J.R. Clevenger, E.J. Bansal,
A. Kalra) after institutional review board approval (IRB #3-15-
26). These data are regularly reviewed by the Society of Thoracic
Surgeons and the American College of Cardiology for accuracy
and reliability for the TVT Registry.

STATISTICAL ANALYSIS

Statistical analysis was performed using R 3.4.3 (R Foundation
for Statistical Computing, Vienna, Austria)''. Categorical data are
presented as frequency (percentage) while continuous data are pre-
sented as mean (SD). We stratified our study cohort into patients
who did and did not experience a 30-day readmission. Categorical
variables were compared using the chi-square test, and continu-
ous variables using the Wilcoxon rank-sum test or two-tailed t-test
as appropriate. National estimates were calculated using the “sur-
vey” package using appropriate weights provided in the NRD".
The NRD data sets contain three weighting variables (Hosp nrd:
hospital level clustering weight; Nrd_stratum: strata; Discwt: dis-
charge weight). These three variables provide reliable national
level estimates. The baseline table providing national estimates



was a weighted analysis. However, all logistic regression was per-
formed using unweighted data.

HCUP recommends using a hierarchical regression model to
account for patient clustering within hospitals!>!4, Thus, we ini-
tially implemented hierarchical regression with the hospital iden-
tifier as the random effect. However, given the non-significant
contribution of the random effects model, we elected to develop
a parsimonious model with fixed-effects logistic regression with
the “rms” package (http://biostat.mc.vanderbilt.edu/rms) in R to
identify preprocedural and post-procedural factors that impact on
readmission. After starting with 39 preprocedural and post-pro-
cedural variables (Supplementary Table 1), we excluded those
which did not contribute statistically (p>0.1). We also excluded
comorbidities that did not appear clinically relevant to the model.
For example, we excluded factors that were predominantly pro-
tective (dyslipidaemia, hypertension), most likely due to coding
factors and without any clinical rationale for the effect. Centers
for Medicare & Medicaid Services (CMS) has implemented this
methodological strategy in the development of their readmis-
sion risk calculators'®. A total of 23 variables based on p<0.1 on
univariate analysis or clinical judgement (age) were finally used
in the multivariable regression model for risk tool development
(Supplementary Figure 1A, Supplementary Figure 1B). After step-
wise backward selection in R using the default method of selec-
tion according to Akaike Index Criterion (AIC), the final model
contained nine variables that influenced 30-day readmissions.
A linear calculator was developed to determine the probability for
30-day readmission based on the individual score of each of the
nine variables.

Internal calibration to assess model accuracy was conducted
with bootstrapped calculations. K-fold cross-validation was
used to determine the accuracy of the model (Supplementary
Figure 1C). Data were stratified into ten derivation and validation
cohorts using the jackknife method. The root mean square error
and mean absolute error were calculated to determine model per-
formance. All results are presented at the 95% confidence level.

Missing data were minimal in the NRD database. Payer status
had 0.2% missing data; all other variables included in the logis-
tic regression were complete. Hence, only complete cases were
included in the regression models created. The study is reported
according to the recommended guidelines'®.

Data from University Hospitals (Case Western, Cleveland, OH,
USA), comprising 885 TAVR procedures, were utilised for the
external validation of the risk score. Our risk model was imple-
mented to obtain prediction intervals for all patients included in
the validation cohort. We further calculated a c-statistic for our
externally validated model and present a comparative histogram of
fitted probability values for our derivation and validation cohorts.

Results

Of 39,305 (19,725 unweighted) patients who underwent endo-
vascular TAVR, 6,380 (16.2%) were readmitted within 30 days.
On univariable analysis, there were no differences in the age

Risk predictor tool for 30-day TAVR readmissions

(81.51£0.17 versus 81.3+0.11 years) or gender (47% versus 45%
female) between readmitted and non-readmitted patients, respec-
tively. There were no statistically significant differences in the
30-day readmission rates among the years of inclusion (17.1% in
2013, 16.5% in 2014 and 16.2% in 2015, p=0.26). Patients who
were readmitted within 30 days were more likely to have anaemia,
atrial fibrillation, chronic kidney disease, end-stage renal disease
on dialysis (ESRD), chronic lung disease, chronic liver disease,
and weight loss. Patients readmitted within 30 days had a longer
index length of stay and were more likely to be discharged to
a skilled nursing facility (Supplementary Table 1).

The final 30-day readmission risk prediction tool included nine
variables (six preprocedural variables, one post-procedural com-
plication, length of stay, and discharge disposition). The c-statistic
of the prediction model was 0.63. Figure 2 illustrates the OR esti-
mates of the predictors included in our model — chronic kidney
disease (OR 1.22, 95% CI: 1.13-1.33), ESRD (OR 2.11, 95% CIL:
1.7-2.63), anaemia (OR 1.15, 95% CI: 1.06-1.26), chronic lung
disease (OR 1.24, 95% CI: 1.14-1.34), chronic liver disease (OR
1.24, 95% CI: 0.99-1.54), atrial fibrillation (OR 1.24, 95% CI:
1.14-1.35), length of stay >5 days (OR 1.64, 95% CI: 1.50-1.79),
acute kidney injury (OR 1.29, 95% CI: 1.14-1.46), and discharge
disposition (home health care, OR 1.21, 95% CI: 1.1-1.33; skilled
nursing facility, OR 1.57, 95% CI: 1.41-1.75; short-term hospital,
OR 1.81, 95% CI: 1.2-2.7).

The final risk prediction tool consisted of a ruler in which each
predictive variable was assigned a score based on the raw esti-
mates/standard error derived from the logistic regression model
(Figure 3). The probability of 30-day readmission can be calcu-
lated from the scale by matching the total points for a given patient.
For example, a hypothetical 82-year-old female with chronic lung
disease, atrial fibrillation, and chronic kidney disease who devel-
ops acute kidney injury post TAVR requiring an extensive hospital
stay (six days) and being discharged to home has a total score of
>175 corresponding to a >25% predicted risk of 30-day readmis-
sion. We have provided the individual score for each predictor and
the predicted 30-day readmission rate for a given cumulative score
in Supplementary Appendix 1.

On internal calibration, our tool was extremely accurate in pre-
dicting readmissions up to 25%, and modestly accurate in pre-
dicting readmissions up to 40% (Figure 4). The results of tenfold
cross-validation yielded a root mean square error (RMSE) of
0.9858 and mean absolute error (MAE) of 0.9783. The Hosmer-
Lemeshow test p-value for the logistic regression model was 0.33.
The Brier score for the derivation model was 0.130.

External validation of our 30-day readmission risk tool was per-
formed on the institutional data set from Case Western University
Hospitals. Of the 885 patients (mean age 81.7 years) undergoing
TAVR at this major academic centre, 167 (18.9%) patients were
readmitted within 30 days. The validation c-statistic for our read-
mission risk tool was 0.69. Root mean square error (RMSE) of
the external validation cohort was 0.9283. The Brier score for the
validation model was 0.136. The fitted values of probability for
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Figure 3. Nomogram for the TAVR 30-day readmission risk model. Each predictor has a ruler, adding the individual predictors provides the
total score. The 30-day readmission risk is calculated by dropping a vertical line from the cumulative score to the risk ruler. — score of >210
corresponds to >30% 30-day readmission rate.
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Figure 4. Internal calibration by boot-strapping. The 30-day readmission risk tool was extremely accurate in predicting readmissions up to

25%, and modestly accurate in predicting readmissions up to 40%.

our derivation data set closely mirror the fitted values of prob-
ability for our external validation cohort (Figure 5). We have pro-
vided the descriptive statistics of the external validation cohort in
Supplementary Table 2.

Derivation cohort

Validation cohort

Density distribution

0.2 0.6 0.8

0.4
Probability of readmission

Figure 5. Bar graphs comparing fitted values of probability for the
derivation and external validation cohorts.

Discussion

We report a simple, easy-to-use, 30-day readmission risk predic-
tion tool for patients undergoing endovascular TAVR. The tool has
a possibly helpful discriminant function. Strengths of the risk pre-
diction tool include: 1) the use of clinically relevant variables that
are readily available from administrative data; ii) the incorpora-
tion of chronic liver disease as a variable; iii) variables that are
difficult to generalise using administrative data sets such as vas-
cular injury and bleeding complications are not included; iv) that
it can be utilised in clinical practice for guiding discharge and

follow-up planning, thereby improving transition of care for those
with the highest predicted healthcare needs during the post-dis-
charge period; and v) that it can be easily incorporated into the
modern-day electronic health records.

In a recent analysis from the Society of Thoracic Surgeons/
American College of Cardiology Transcatheter Valve Therapy
(STS/ACC TVT) registry utilising data from 2011-2015, and in
our previous study from the 2013 NRD, the post-TAVR 30-day
readmission rates were reported to be 17.9%*!7. Non-cardiac
causes (61.8%/59%; respiratory, infection, bleeding events)
were more frequently responsible for readmission after TAVR
than cardiac causes (38.2%/41%; heart failure or arrhythmias)*®.
Independent predictors of 30-day readmissions from our prior
study were length of stay >5 days, acute kidney injury, transapi-
cal TAVR, chronic kidney disease, chronic lung disease, and dis-
charge to skilled nursing facilities®. In a smaller, multi-institutional
study, Nombela-Franco and co-workers identified anaemia, bleed-
ing complications, low ejection fraction (EF), and combination
of antiplatelet and anticoagulant therapies at discharge as impor-
tant predictors of early readmissions’. Data from the Bern TAVI
Registry identified stage 3 kidney injury and male gender as pre-
dictors of all-cause readmission, and previous myocardial infarc-
tion and life-threatening bleeding as predictors of cardiovascular
readmissions'®. Trrespective of the data sources, and the construct
and granularity of data sets, early readmissions are associated with
higher mortality on medium and long-term follow-up, and poorer
quality of life*!s.

Reduction of 30-day readmissions is a target for quality improve-
ment and cost reduction for hospitals and the government alike.
From the patient’s perspective, reducing readmissions can lead to
improved quality of life. To our knowledge, this study is the first
to develop a simple risk tool to predict 30-day readmission after
TAVR. Our risk score has possibly helpful discrimination (c-sta-
tistic 0.63), which is similar to that for the CMS 30-day readmis-
sion models for pneumonia, heart failure, and acute myocardial
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infarction". Limited discrimination for hospital readmission is
probably due to its multifactorial nature and the impact of para-
meters not captured in administrative data sets, such as commun-
ity and socioeconomic factors. Nonetheless, our risk score showed
excellent calibration for predicting readmissions. Of the nine vari-
ables in the risk prediction tool, six preprocedural variables (base-
line comorbidities) are non-modifiable. However, AKI and length
of stay (LOS) (a surrogate for post-procedural complications) are
modifiable, and measures to prevent post-procedural complica-
tions can help to reduce index LOS and risk of 30-day readmission
in patients undergoing TAVR. Discharge disposition depends on
several factors such as social support, frailty, etc., and may or may
not be modifiable. Previous studies have shown that more than
one fourth of 30-day readmissions after all-cause index hospitali-
sations are preventable, and some of the factors strongly associated
with potentially preventable readmissions include failure to relay
important information to outpatient healthcare providers, patients’
lack of awareness of whom to contact after discharge, inability
to keep appointments after discharge, and emergency department
decision making to admit a patient who may not have required an
in-patient stay*’. Some of these are also relevant to TAVR patients,
and our readmission risk prediction tool can help to identify and
target high-risk patients to facilitate better transition of care and
post-discharge care aimed at modifying the factors associated with
potentially preventable readmissions (Figure 6).

Hospital discharge is an extremely complicated process involv-
ing the interaction and coordination of many professionals — nurses,
house staff, physicians, social workers, and physical therapists.
Ensuring safe discharge practices not only entails appropriate
medication reconciliation and patient education, but also patient
follow-up and transition of care to community caregivers, family
members, and primary care providers. High-volume TAVR centres
are reducing readmission rates and readmission costs by empha-
sising the appropriate discharge planning and adequate transition
of care (communication with referring cardiologist, early patient
follow-up, telephone calls, centralised follow-up care, and even

X Periprocedural Transition of
Vv discharge care and
R planning post-discharge care

Figure 6. Application of the 30-day readmission risk tool during
periprocedural discharge planning to inform hospital discharge
planning, optimise transitions of care, and reduce resource
utilisation.

telehealth systems to monitor daily vitals)?!. In clinical practice,
our risk prediction tool can be incorporated into electronic health
records, or can be accessed via the free app (http://tavr30.com/)
to calculate the patient’s risk of 30-day readmission prior to dis-
charge (Figure 6, Supplementary Figure 2). The tool will help
to identify TAVR patients who are at an increased risk of 30-day
readmission, thereby enabling healthcare providers and hospi-
tals to institute specific pre- and post-discharge measures aimed
at preventing readmissions as outlined above in these “high-risk”
patients, ultimately leading to improved quality of life. One of
the reasons for increased readmissions after discharge to a facility
may be the lack of attention to the subsequent transition of care
from that facility to home. Identifying patients at increased risk of
readmission can help facilities to institute specific measures dur-
ing patient care and transition from facility to home.

Readmission reduction is an important modifiable target that
can not only improve patient outcomes, but also impact on the
cost-effectiveness of TAVR. TAVR has evolved into a widely
accepted therapeutic modality for symptomatic patients with
severe aortic stenosis who are at intermediate or higher operative
risk for conventional surgical aortic valve replacement. Procedural
planning, extensive engagement of multiple teams (surgeons,
cardiologists, interventionalists, anaesthesiologists, and operating
room staff), expensive valve platforms, and preprocedural optimi-
sation of patient comorbidities drive the procedural cost. These
are often fixed expenditures. TAVR valves (>$30,000/device) are
six times more expensive than SAVR valves (=$5,000/device).
Mortality benefit, early ambulation, better quality of life, and pre-
vention of complications thus become the primary drivers of cost-
effectiveness of the procedure??. The PARTNER trial (cohort B)
investigators estimated the cost-effectiveness of TAVR in inoper-
able patients to be $62,000 per quality-adjusted life-year gained™.
Data from the CoreValve pivotal trial estimated the cost-effective-
ness of TAVR in high-risk patients at $55,000 per quality-adjusted
life-year gained®. In a recent analysis by Tripathi and co-workers,
the cumulative cost of the index procedure and 30-day readmis-
sion was higher in the TAVR versus SAVR cohort ($51,025 ver-
sus $46,756, p=0.030)*. Our prior study showed that in TAVR
patients the cost of 30-day readmission accounted for 16.4% of
the total cost of the episode of care (indextreadmission). By
identifying patients at increased risk of readmission at the time
of discharge, our tool can help to streamline the limited health-
care resources (e.g., visiting nurse services, early/frequent outpa-
tient follow-up, etc.) towards such patients to prevent readmission.
This, together with reduction in readmission-related costs, may
improve the overall cost-effectiveness of TAVR.

Limitations

Due to the inherent nature of administrative databases, data
on baseline echocardiographic variables, Society of Thoracic
Surgeons (STS) risk score, frailty, metrics of exercise tolerance,
and preprocedural/periprocedural pharmacotherapy (inotropes,
antiplatelets, anticoagulation) were not available. ICD-9 coding


http://tavr30.com/

can also introduce potential bias due to coding errors and reim-
bursement policies. Endovascular TAVR includes all percutane-
ous approaches; we were unable to differentiate between femoral
or alternative endovascular access sites (direct aortic, subclavian,
iliac, transcaval, or carotid access). Femoral access continues to
be the predominant route for TAVR, and we believe that these
data are accurately generalisable to femoral TAVRs. Information
on valve type and size, preprocedural haemodynamics, proce-
dural success, and post-procedural haemodynamics such as para-
valvular leak was not available. Due to the observational nature
of this study using administrative databases, residual measured
and unmeasured confounding cannot be ruled out. A multitude
of social factors that impact on readmissions (socioeconomic,
community resources, family and social support) cannot be cap-
tured by administrative data sets. The NRD does not capture eth-
nicity and race, hence these data were not available. However,
there are inherent strengths to the NRD data that make them
appropriately suited for these analyses, for example, availabil-
ity of data on all payer types, and availability of data on read-
mission irrespective of the index procedure site. The NRD is
a stratified random sample of roughly 50% of all readmissions.
Hence, although weighting is needed, national estimates are reli-
able and consistently accurate. Our model can be easily synced
to the electronic medical records. Relevant clinical notes can
be mined to identify keywords used to calculate an individual
patient’s total score.

Conclusions

We report a simple and easy-to-use risk prediction tool to help
identify TAVR patients at increased risk of 30-day readmission,
and aid in appropriate transition of care upon discharge and post-
discharge follow-up. The risk tool can be easily incorporated into
the modern-day electronic health record systems and can be uti-
lised by both physician and non-physician care givers.

Impact on daily practice

We devised a simple and easy-to-use clinical risk tool using
nine variables to help identify patients at risk of 30-day read-
mission after transcatheter aortic valve replacement. The risk
tool can be easily incorporated into the modern-day elec-
tronic health record systems and is also available as an iOS
app. The risk tool can aid in appropriate transition of care
upon discharge and post-discharge follow-up, translating to
lower readmissions and improved healthcare costs and patient

outcomes.
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Supplementary data

Supplementary Appendix 1. Detailed methods

(1) 1ICD-9 codes implemented for determining variables and endpoints studied:
Smoker — V15.82, 30.51

Dyslipidaemia — 272.0, 272.1, 272.2, 272.3, 272.4

Coronary artery disease - 414.0, 414.1, 414.2, 414.3, 414.4, 414.5, 414.6, 414.7
Prior myocardial infarction — 412.x

Prior percutaneous intervention — VV45.82

Prior coronary artery bypass — V45.81

Carotid artery disease — 433.10

Prior stroke — VV12.54, 438.0

Prior pacemaker implant — VV45.01

Prior internal cardioversion defibrillator implant — VV45.02

Dementia — 290.0, 294.1, 294.8, 294.2, 331.0, 331.1, 331.2

Heart failure — 428.xx, 402.01, 402.11, 402.91, 404.01, 404.03, 404.11, 404,13, 404.91, or 404.93
Surgical AVR —35.21, 35.22

Complete heart block — 426.0

PPM placement — 37.80-83, 00.50

Post-procedural TIA/stroke — 431, 433.x1, 434.x1, 435.x, 344.6x, 997.01

AMI -410.x1, 411.1

Cardiogenic shock — 785.51

Cardiac arrest — 427.5

Acute Kidney injury — 584.x

(1) Risk model design
We initially constructed a kitchen-sink logistic regression model using 23 variables to model
probability of 30-day readmission.

The printout of our results is as follows (Supplementary Figure 1A).

Mixed-effects versus linear regression

AHRQ reports that mixed modelling should be implemented for regression as patients are clustered
within hospitals. Hence, we also performed a mixed model logistic regression using the hospital level
identified (HOSP_NRD) as the random effects term.



Results demonstrated that the obtained OR with 95% CI for each variable was similar to that obtained
using logistic regression. Moreover, the random effect term had an intercept = 0.0767 and standard

error = 0.0168. Hence, it contributed very little to the model and could be safely excluded.

We thus present the logistic regression model for deriving our risk calculator to determine probability
of 30-day readmission after TAVR.

(111) 30-day readmission risk score calculation

Points for individual variables:

Anaemia = 20

Chronic lung disease = 30

Chronic kidney disease (not on dialysis) = 27.5
End-stage renal disease on dialysis = 100
Chronic liver disease = 27.5

Length of stay >5 days = 62.5

Dismissal: Home = 0, Home Health Care = 20, Skilled Nursing Facility = 60, Short-term Hospital =
80

Atrial fibrillation = 27.5

Acute Kidney injury = 32.5

Total points & probability:

30 = 10% 30-day readmission rate
140 = 20% 30-day readmission rate
210 = 30% 30-day readmission rate
270 = 40% 30-day readmission rate

320 = 50% 30-day readmission rate



## Deviance Residuals:

w# Min 10  Median 30 Max
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## dismissalshorttermhosp 0.6384914 0.210061  3.043 0.002343 »=
## dismizsal SNF 0.528321  0.054800 D.650 < Je-16 #s4
## afyes 0.247367  0.044004  4.040 T.83e-0T #=4
## savrl 0.358645 0.306783 1.160 0.242384

## chbi -0.0T3663 0.088821 -0.520 0.408909

## pacel -0.028938 0.076428 -0.379 0.704965
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## shocki -0.175285  0.143750 -1.210 0.232732
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## Sipgnif. codes: O "ses' 0,001 'ss' 004 's' Q05 ' 01" TA

##

## (Dispersion parameter for binomial family taken to be 1)

#H

## Hull deviance: 17313 oo 19708 degrees of freedom
## RBesidual deviance: 16767 on 19681 degrees of freedom
## AIC: 16822

Supplementary Figure 1A. Model derived using clinical judgement and stepwise backward
regression.

From this initial model, using a combination of clinical judgement and stepwise backward regression
we obtained our final model. The ‘rms’ package in R 3.3.0 was implemented to obtain the logistic
model and prepare the risk calculator scale (Supplementary Figure 1B).
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mm

Supplementary Figure 1B. Final nine variables incorporated into the risk score.

The final model consists of 9 variables. It has a c-statistic of 63%. The model was internally validated
with bootstrapping with 40 repetitions (default setting).
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Supplementary Figure 1C. Model accuracy using bootstrapping.

The graph demonstrates that the model is completely accurate at predicting patients with a 25%
probability of re-admission and then reasonably accurate to a 40% probability.
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Readmission Risk Criteria

Criteria for TAVR 30-Day Readmission
Risk Model

Anemia
Classified as hemoglobin less than 11.0

gm/dl.

Chronic Kidney Disease (CKD) Stage
CKD Stage was classified per the Kidney

Diseas
(KDOQN)
Estimated GF
Modification of Diet in Renal Disease

Outcomes Quality Initiative

sification system (1)

was determined using the
(MDRD) Study equation (2)

Acute Kidney Injury (AKI)

Per the Kidney Disease: Improving Global
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diagnosis of AKI (3)AKI can be diagnosed if
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- Increase in SCr by
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Supplementary Figure 2. TAVR-30 web and phone-based application.

Tavr30.com (Web and iOS based)



Supplementary Table 1. Baseline (demographic and clinical), and post-procedural variables.

Variable No readmission Readmission p-value
(N=32,925) (N=6,380)
Age 81.3+/-0.1 81.5+/-0.2 0.35
Female 14,816 (45%) 3,046 (47%) 0.09
Anaemia 7,992 (24%) 1,900 (29%) <0.001
Cancer 1,292 (3%) 285 (4%) 0.19
Carotid disease 2,015 (6%) 382 (6%) 0.80
Coronary artery disease 15,804 (48%) 3,126 (49%) 0.56
Atrial fibrillation 7,092 (24%) 1,850 (29%) <0.001
Dementia 354 (1%) 86 (1%) 0.18
Chronic kidney disease (not on dialysis) 10,536 (32%) 2,424 (38%) <0.001
End-stage renal disease on dialysis 592 (1.8%) 236 (3.7%) <0.001
Diabetes mellitus 11,524 (35%) 2,361 (37%) 0.06
Smoker 9,115 (27%) 1,729 (27%) 0.55
Weight loss 1,268 (3.8%) 406 (6.3%) <0.001
Peripheral vascular disease 8,560 (26%) 1,786 (28%) <0.001
Dyslipidaemia 20,413 (62%) 3,670 (57%) <0.001
Chronic liver disease 857 (2%) 215 (3%) 0.04
Chronic lung disease 10,206 (31%) 2,357 (36%) <0.001
Hypertension 26,669 (81%) 5,078 (79%) 0.06
Obesity 5,464 (16%) 1,072 (16%) 0.78
Prior ICD 915 (2.7%) 210 (3.3%) 0.15
Prior CABG 6,461 (19%) 1,087 (17%) 0.003
Prior pacemaker 3,435 (10%) 661 (10%) 0.91
Prior MI 3,622 (11%) 766 (12%) 0.52
Prior PCI 6,256 (19%) 1,276 (20%) 0.38
Prior stroke/TIA 3,375 (10%) 642 (10%) 0.74
Congestive heart failure 20,657 (63%) 4,165 (65%) <0.001
Dismissal <0.001
Home 13,499 (41%) 1,869 (29%)
Home health care 11,853 (36%) 2,365 (37%)
Skilled nursing facility 7,113 (21%) 2,084 (32%)
Short-term hospital 218 (0.7%) 58 (0.9%)
Elective admission <0.001
No 6,859 (20%) 1,782 (27%)
Yes 26,011 (79%) 4,592 (72%)
Teaching hospital
No 2,633 (7%) 501 (7%) 0.83
Yes 30,291 (92%) 5,878 (92%)
Hospital location 0.23
Large metro 22,389 (68%) 4,312 (67%)
Small metro 10,207 (31%) 2,009 (31%)
Rural 215 (0.6%) 59 (0.9%)
Post-procedural variables
Length of stay (days) 6.8 +/-0.14 9.6 +/- 0.26 <0.001
Acute stroke 461 (1.4%) 96 (1.5%) 0.56
Acute myocardial infarction 790 (2.4%) 211 (3.3%) 0.01
Acute renal failure 2,766 (8.4%) 919 (14.4%) <0.001
Acute cardiogenic shock 527 (1.6%) 160 (2.5%) <0.001
Complete heart block 2,787 (8.5%) 507 (7.9%) 0.16
Pacemaker implantation 3,865 (11.7%) 780 (12%) 0.28
Surgical aortic valve replacement 82 (0.25%) 32 (0.5%) 0.04
Cardiopulmonary resuscitation 659 (2%) 166 (2.6%) 0.02

CABG: coronary artery bypass graft surgery; ICD: implantable cardioverter defibrillator; MI: myocardial
infarction; PCI: percutaneous coronary intervention



Supplementary Table 2. Descriptive statistics for external validation cohort.

Variable No readmission Readmitted within 30 days p-value
(n=718) (n=167)

Age, years 81.7+0.31 81.7+0.69 0.99

Anaemia 495 (68.9%) 140 (83.8%) <0.001

Chronic lung disease 242 (33.7%) 81 (48.5%) <0.001

Chronic kidney disease | 291 (40.5%) 80 (47.9%) 0.098

End-stage renal 28 (3.9%) 12 (7.2%) 0.094

disease

Chronic liver disease 17 (2.4%) 8 (4.8%) 0.12

LOS >5 days 253 (35.2%) 94 (56.3%) <0.001

Atrial fibrillation 286 (39.8%) 106 (63.5%) <0.001

Acute Kidney injury 50 (7%) 29 (17.4%) <0.001

Discharge <0.001

Home 387 (53.9%) 53 (31.7%)

Home health care 185 (25.8%) 54 (32.3%)

Skilled nursing facility | 145 (20.2%) 60 (35.9%)

Short-term hospital 1(0.1%) 0

Descriptive statistics for data used for external validation. Provided by Case Western University
Hospitals, Cleveland, Ohio, USA. IRB# 3-15-26 (total number of TAVRs from 3/10/2011 to

4/20/2018: 885).




