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ABSTRACT

OBJECTIVES This study investigates the use of a Bayesian statistical models to predict survival at various time points in

patients undergoing left ventricular assist device (LVAD) implantation.

BACKGROUND LVADs are being increasingly used in patients with end-stage heart failure. Appropriate patient se-

lection continues to be key in optimizing post-LVAD outcomes.

METHODS Data used for this study were derived from 10,277 adult patients from the INTERMACS (Inter-Agency

Registry for Mechanically Assisted Circulatory Support) who had a primary LVAD implanted between January 2012 and

December 2015. Risk for mortality was calculated retrospectively for various time points (1, 3, and 12 months) after LVAD

implantation, using multiple pre-implantation variables. For each of these endpoints, a separate tree-augmented naïve

Bayes model was constructed using the most predictive variables.

RESULTS A set of 29, 26, and 31 pre-LVAD variables were found to be predictive at 1, 3, and 12 months, respectively.

Predictors of 1-month mortality included low Inter-Agency Registry for Mechanically Assisted Circulatory Support profile,

number of acute events in the 48 h before surgery, temporary mechanical circulatory support, and renal and hepatic

dysfunction. Variables predicting 12-month mortality included advanced age, frailty, device strategy, and chronic renal

disease. The accuracy of all Bayesian models was between 76% and 87%, with an area under the receiver operative

characteristics curve of between 0.70 and 0.71.

CONCLUSIONS A Bayesian prognostic model for predicting survival based on the comprehensive INTERMACS

registry provided highly accurate predictions of mortality based on pre-operative variables. These models may

facilitate clinical decision-making while screening candidates for LVAD therapy. (J Am Coll Cardiol HF 2018;-:-–-)
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L eft ventricular assist devices (LVADs) are be-
ing increasingly used to support patients
with advanced heart failure (HF) and are

known to improve survival in this critically ill popula-
tion (1). LVADs are now considered standard of care
for end-stage HF patients, who are becoming too ill

to await a donor organ (bridge to transplantation),
for those ineligible for transplant (destination ther-
apy), or for those patients whose eventual transplant
candidacy is uncertain (2,3). Although outcomes have
continued to improve, proper patient selection re-
mains key to successful outcomes (1,4,5).
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Although various risk stratification models
have been proposed to predict survival/
mortality post-LVAD, they all have limited
applications in “real-life” decision-making
due to their derivation from a limited number
of variables in small datasets, or analyzing a
specific pump (6–9). It is recognized that ac-
curate predictions of outcomes after LVAD
implantation depend on a complex and dy-
namic interplay of multiple pre-operative
variables that may be inadequately captured
by traditional multivariate statistical
modeling. Bayesian network (BN) algorithms
have been proposed to predict mortality,
gastrointestinal bleeding, and right ventric-
ular failure in populations with a LVAD
(10,11). These BN algorithms can account

for dynamic, nonlinear interactions between clinical
and nonclinical variables and their interdependency in
influencing outcomes. In this way, they mimic com-
plex human decision-making, while drawing their
diagnostic algorithms from thousands of patients.
Moreover, these models can predict outcomes at
different time points after LVAD implantation
by recognizing the time-varying importance of
relevant variables. We, therefore, sought to develop
a Bayesian-based prognostic model of mortality
at multiple time points after implantation of a
continuous-flow LVAD, using data from the
INTERMACS (Inter-Agency Registry for Mechanically
Assisted Circulatory Support).

METHODS

PATIENT COHORT. This study was approved by the
INTERMACS Data, Access, Analysis, and Publication
Committee. The Data Coordinating Center at the
University of Alabama at Birmingham provided de-
identified patient data for LVAD implantations un-
dertaken between April 2006 and December 2016 (n ¼
20,216). Modeling was performed using pre-implant
patient information from January 2012 to December
2015, for adults (>18 years of age) who received an
initial primary continuous-flow LVAD or LVAD and
right ventricular assist device (RVAD) in combination
(n ¼ 10,277). We chose this time frame to include
current-generation, continuous-flow LVADs with the
least amount of missing data and derived from more
than 160 U.S. hospitals. Total artificial heart re-
cipients, pulsatile flow LVAD, and RVAD-only receipts
were excluded from this study. Patients who received
device exchanges (n ¼ 800) were included in the
study, with total time on pump calculated across the
multiple implants. Patients who were recovered or

underwent heart transplantation were included and
indicated as alive in modeling outcomes up until that
time point and censored for subsequent time points.
All variables (e.g., clinical events and interventions
during hospitalization) used to create the models
were replicated from INTERMACS users guide and
limited to pre-operative interventions only. Mortality
after LVAD implantation was modeled at 1 month, 3
months, and 12 months.
DATA PREPROCESSING. The INTERMACS dataset
includes more than 400 pre-implant variables, with
of varying levels of data completion. Bayesian model
construction requires no missing data in the training
set. To prepare the data for modeling, we categorized
the missing data into 2 sets: those missing in specific
patterns (missing, not at random) and those that
were truly unknown (missing at random). An
example of data missing, not at random, was if a
patient did not complete a quality-of-life question-
naire because he or she was too sick, then the
answers for all the questionnaire response variables
were filled in as not applicable. A missing at random
example was if a patient did not perform a 6-min
walk test and no reason why was documented, then
the result of that test (distance walked) was classified
as missing rather than left blank. Variables with more
than 40% data missing were excluded from the
analysis (n ¼ 42). Additionally, variables with less
than 1% positive responses (e.g., previous Dor pro-
cedure done in only 8 patients) were removed from
the analysis (n ¼ 16). Some variables in INTERMACS
capture information across a series of binary (yes/no)
answers. To reduce the fields and improve the pre-
dictive power of variables, some fields were collapsed
into multilevel variables. For example, INTERMACS
has 2 variables for every comorbidity: contraindica-
tion limiting transplant (yes/no) and contraindication
but not limiting transplant (yes/no). These were
collapsed into contraindication yes, yes-limiting
transplant, or no. In this way, the number of vari-
ables for modeling was reduced. Fields for past
medical interventions were combined into total
counts of events, while keeping the individual binary
information. For example, a patient with a coronary
artery bypass grafting and dialysis during hospitali-
zation was captured as coronary artery bypass
grafting ¼ yes, dialysis ¼ yes, and total event count ¼
2. Variables with many levels were broken into sub-
sets to identify important features. For instance,
primary diagnosis (a 31-level variable) was divided in
to ischemic etiology, restrictive myopathy, dilated
myopathy, and congenital disease. After variable pre-
processing, 203 pre-implant variables were used in
the model construction.
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Assessment
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LVAD = left ventricular assist

device

NB = naïve Bayes

ROC = receiver operator
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RVAD = right ventricular assist

device

VAD = ventricular assist device
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