
International Journal of Cardiology 317 (2020) 25–32

Contents lists available at ScienceDirect

International Journal of Cardiology

j ourna l homepage: www.e lsev ie r .com/ locate / i j ca rd
External validation of existing prediction models of 30-day mortality
after Transcatheter Aortic Valve Implantation (TAVI) in the Netherlands
Heart Registration
Hatem Al-Farra a,b,⁎,1, Ameen Abu-Hanna a,1, Bas A.J.M. de Mol b,1, W.J. ter Burg a,1, Saskia Houterman c,1,
José P.S. Henriques b,1, Anita C.J. Ravelli a,1,on behalf of the NHR THI Registration Committee:

M.M. Vis a, J. Vos b, J. Ten Berg c, W.A.L. Tonino d, C.E. Schotborgh e, V. Roolvink f, F. Porta g, M. Stoel h, S. Kats i,
G. Amoroso j, H.W. van der Werf k, P.R. Stella l, P. de Jaegere m

a Amsterdam University Medical Centers
b Amphia Hospital
c St. Antonius Hospital
d St. Antonius Hospital
e HagaHospital
f Isala
g Leeuwarden Medical Center
h Medisch Spectrum Twente
i Maastricht University Medical Center
j Onze Lieve Vrouwe Gasthuis
k University Medical Center Groningen
l University Medical Center Utrecht
m Erasmus University Medical Center

a Department of Medical Informatics, Amsterdam UMC - Location AMC, University of Amsterdam, the Netherlands
b Heart Center, Amsterdam UMC - Location AMC, University of Amsterdam, Amsterdam Cardiovascular Sciences, Amsterdam, the Netherlands
c The Netherlands Heart Registration, Utrecht, the Netherlands
Abbreviations: NHR, Netherlands Heart Registration (
Medical Center); MPM, Mortality Prediction Models; TA
European System for Cardiac Operative Risk Evaluati
Appropriateness, Efficacy, And Effectiveness of AVR-TAVR
Edwards [15]; ACC-TAVI (ACC TVT), American College
Operating-Characteristic Curve; AU-PRC, Area Under the P
⁎ Corresponding author at: Heart center and the depart

the Netherlands.
E-mail address: h.alfarra@amsterdamumc.nl (H. Al-Fa

1 “All authors take responsibility for all aspects of the r

https://doi.org/10.1016/j.ijcard.2020.05.039
0167-5273/© 2020 The Authors. Published by Elsevier B.V
a b s t r a c t
a r t i c l e i n f o
Article history:
Received 19 December 2019
Received in revised form 19 April 2020
Accepted 13 May 2020
Available online 22 May 2020
Background: Several mortality predictionmodels (MPM) are used for predicting early (30-day)mortality follow-
ing transcatheter aortic valve implantation (TAVI). Little is known about their predictive performance in external
TAVI populations. We aim to externally validate establishedMPMs on a large TAVI dataset from the Netherlands
Heart Registration (NHR).
Methods:We included data from NHR-patients who underwent TAVI during 2013–2017. We calculated the pre-
dicted mortalities per MPM. We assessed the predictive performance by discrimination (Area Under Receiver
Operating-characteristic Curve, AU-ROC); the Area Under Precision-Recall Curve, AU-PRC; calibration (using
calibration-intercept and calibration-slope); Brier Score andBrier Skill Score.We also assessed thepredictive per-
formance among subgroups: tertiles of mortality-risk for non-survivors, gender, and access-route.
Results: We included 6177 TAVI-patients with an observed early-mortality rate of 4.5% (n = 280). We applied
seven MPMs (STS, EuroSCORE-I, EuroSCORE-II, ACC-TAVI, FRANCE-2, OBSERVANT, and German-AV) on our co-
hort. The highest AU-ROCs were 0.64 (95%CI 0.61–0.67) for ACC-TAVI and 0.63 (95%CI 0.60–0.67) for FRANCE-
2. All MPMs had a very low AU-PRC of ≤0.09. ACC-TAVI had the best calibration-intercept and calibration-
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eliability and freedom from bias of the data presented and their discussed interpretation”.
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slope. Brier Score values ranged between 0.043 and 0.063. Brier Skill Score ranged between −0.47 and 0.004.
ACC-TAVI and FRANCE-2 predicted high mortality-risk better than other MPMs. ACC-TAVI outperformed other
MPMs in different subgroups.
Conclusion: The ACC-TAVI model has relatively the best predictive performance. However, all models have poor
predictive performance. Because of the poor discrimination, miscalibration and limited accuracy of the models
there is a need to update the existing models or develop new TAVI-specific models for local populations.

© 2020 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY license (http://
creativecommons.org/licenses/by/4.0/).
1. Introduction

For a long time, surgical aortic valve replacement (SAVR) was the
standard treatment for severe aortic valve stenosis. Patients with high
mortality-risk were considered ineligible for SAVR and were treated
medically. Transcatheter aortic valve implantation (TAVI) has emerged
as an alternative procedure for medical treatment for those groups of
patients [1]. Patients' selection for SAVR or TAVI depends on proper
identification of the post-procedural mortality-risk. In practice, heart
teams use mortality prediction models (MPM) to support their deci-
sions on patients' selection. Many MPMs have been developed for car-
diac procedures for patient selection, risk stratification and
benchmarking. The European System for Cardiac Operative Risk Evalua-
tion (EuroSCORE-I, 2003; and the newer version EuroSCORE-II, 2012)
[2–4], and the Society of Thoracic Surgeons Predicted Risk of Mortality
(STS-PRoM, 2009) model [5], have been widely used as MPMs for
early (30-day) mortality after cardiac surgery. These cardiac surgery
MPMs have been also used for TAVI-patients. The guidelines for the
management of valvular heart disease (version 2012) has suggested
that high mortality-risk estimates of EuroSCORE-I ≥20% and/or STS-
PRoM N10% may serve as an appropriate indication for TAVI instead of
SAVR [6]. However, EuroSCORE-I, -II and STS-PRoM (STS) were devel-
oped and internally validated for predicting early-mortality on standard
cardiac-surgery patients, and not specifically for TAVI-patients. These
MPMs are, therefore, missing essential TAVI-specific pre-procedural
variables like access-route, balloon aortic valvuloplasty prior to TAVI
and valve-type. Some studies reported that EuroSCORE overestimated
the early-mortality probability after TAVI by 8% [7–10]. Both
EuroSCORE-II and STS have been reported to have poor discrimination
for predicting early-mortality after TAVI (with AU-ROC of 0.66 and
0.58, respectively) [11]. Also, other external-validation studies have re-
ported their suboptimal predictive-performance (with poor AU-ROC
and miscalibration) for TAVI early-mortality [12,13].

Over time, TAVI-specific early-mortality MPMs have been devel-
oped, such as OBSERVANT [14], FRANCE-2 [15], and American College
of Cardiology TAVI (ACC-TAVI) [16]. The predictive performance of the
TAVI-specific and the cardiac-surgery MPMs were externally validated
in some studies [17–20]. In the IRRMA study [19], the TAVI-specific
MPMs did not perform better than the cardiac surgery MPMs (had
poor AU-ROCs and were miscalibrated). Contrariwise, TAVI-specific
MPMs (ACC-TAVI and FRANCE-2) outperformed the other MPMs in-
cluding the cardiac-surgery MPMs in the UK-study, although ACC-
TAVI and FRANCE-2 had suboptimal predictive performance (both
miscalibrated and had poor AU-ROC of 0.64 and 0.62, respectively)
[20]. The most commonly used predictive performance measures in
these external validation studies were discrimination (AU-ROC) and
calibration [21]. Besides these predictive performance measures, there
are other measures like Area under the precision-recall curve (AU-
PRC) and the Brier Skill Score [22–30] that provide additional aspects
on the predictive performance, to better understand the MPMs' predic-
tive behavior.

The evidence about the external validity of the MPMs is limited and
has not been investigated for TAVI-patients in the Netherlands. There-
fore, we aimed in this study to externally validate and compare the
existing MPMs in predicting early-mortality (30-days) after TAVI,
using a large recent local dataset of TAVI-patients from the
Netherlands Heart Registration (NHR) and deploy additional predictive
performance measures.

2. Methods

2.1. Study design

This is a retrospective cohort study in which we used data from the
Netherlands Heart Registration (NHR). Hence, instead of developing
new models, we applied a set of currently used MPMs for external val-
idation on our dataset. The study was approved by the institutional re-
view board of the Catharina Hospital (Approval number: 2018‐004).
The used anonymized data conformed to the Declaration of Helsinki
principles.

2.2. Selection of mortality prediction models (MPMs)

For this study we selected relevant MPMs by literature search on
PubMed for published studies up to 2018. Using any of the following
terms: TAVI, SAVR, mortality, early mortality, 30-day mortality, in-
hospital mortality, clinical prediction models, mortality prediction
model, risk score, risk stratification with any of the following terms:
performancemeasures, discrimination, or calibration.We also searched
using the following Mesh-terms: aortic valve stenosis, transcatheter
aortic valve replacement, TAVR, and ROC Curve. An MPM was consid-
ered if it was published, internally validated, and used for early (30-
day) mortality. MPMs with other end-points (long-term mortality)
were not included in this study.

2.3. Definition of the primary outcome variable

The primary outcome variable of this study is the early post-
procedural mortality, which we define as death within 30-days from
the date of the TAVI procedure.

2.4. The Netherlands Heart Registration (NHR)

In the Netherlands, 16 heart centers perform TAVI for symptomatic
aortic stenosis. Multi-disciplinary teams of cardiologists, surgeons and
other healthcare professionals at each center decide onpatients' eligibil-
ity for operation: SAVR or TAVI procedure. Data were extracted from
the value-based healthcare (VBHC) program, which is a part of
the Netherlands Heart Registration (NHR). In the VBHC program,
which focuses on measuring and improving outcomes that matter
most to patients, 22 Dutch heart centers voluntarily submit patient de-
mographics, clinical characteristics, intervention risk factors, procedural
details, mortality-status, complications and follow-up after hospital dis-
charge [31]. In total, 13 out of 16Dutchheart centers participated in pre-
senting the outcomes of TAVI. Each center obtained the mortality data
from the regional municipal administration registry. For this study, all
data on each TAVI-procedure from January 1, 2013, to December 31,
2017 (NHR-TAVI cohort) of these 13 centers were extracted. For each
patient, to be included in this study, the outcome status (early-mortal-
ity) should be available.

To obtain reliable data, the NHR has an advanced, certified data-
quality control system in place, and an audit was completed by the
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NHR on TAVI patient characteristics and outcomes in 2017. During that
audit, NHR has examined a sample of 50medical files among the partic-
ipating centers.

2.5. Statistical analysis

For each selected MPM, the known and corresponding variables
from the NHR-TAVI cohort were selected (e-component Table 2 pre-
sents the variables used from the NHR Registration to externally vali-
date the candidate MPMs).

In the few cases inwhich a variable required by amodelwas not reg-
istered in the NHR-TAVI registration, the condition represented by the
missing variable was assumed to be absent for all patients. This could
theoretically induce a bias, though the same issue of non-registered var-
iables had been described in previous external validation studies with a
reported negligible bias [19,20].

For missing values of variables registered in the NHR-TAVI cohort,
we assumed thereweremissing at random. Therefore,multiple imputa-
tions with ten imputed datasets were applied for the missing values
using Multiple Imputation by Chained Equations (MICE). For each pa-
tient, the early-mortality probabilities obtained from the 10 imputed
datasets were averaged. For each selected MPM, we used its logistic re-
gression equation to predict early-mortality probability. In the equa-
tions, we used the regression coefficients as published in the original
studies about the MPMs.

2.6. Predictive performance estimation

We used the following predictive performance aspects and their re-
spective measures: discrimination by the Area Under Receiver
Operating-Characteristic Curve (AU-ROC); the balance between the
positive predictive value and the sensitivity by the Area Under
Precision-Recall Curve (AU-PRC); calibration by the calibration-slope
and -intercept; and accuracy by Brier Score and Brier Skill Score (BSS).

Discrimination measures the ability of the MPM to distinguish be-
tween survivors and non-survivors. It is quantified by the AU-ROC and
is also equal to the concordance statistic (c-statistic) [24,32]. The closer
the AU-ROC is to 1, the better the MPM is.

We compared AU-ROCs of various MPMs using the non-parametric
method of Delong et al. [33]. Furthermore, because some variables
were imputed, the AU-ROCs of the MPMs were compared before and
after imputation using the method described by Venkatraman [34].

The AU-PRC summarizes the trade-off between the precision and
the recall for each MPM using different probability thresholds [35].
The terms “recall” and “precision”, originating from the discipline of In-
formation Retrieval, correspond respectively to the sensitivity and the
positive predictive value. AU-PRC evaluates the fraction of true positives
among the positive predictions. In a dataset where the prevalence of the
event is low (imbalanced dataset), the AU-ROC does not provide insight
into the balance between the recall and the precision [30,36,37]. There-
fore, besides the AU-ROC,we also obtain AU-PRC. The closer the AU-PRC
is to 1, the better the MPM is.

Calibration is the agreement between predicted and observed mor-
tality rates across the full probability range. To assess calibration, we
used the calibration approach formulated by Cox [38]. In this approach,
an existing MPM is first used to obtain the predicted log-odds of early
mortality on our external cohort. Then, using a separate logistic regres-
sion model, these log-odds themselves are used as the sole predictor of
(again) early-mortality. If the original probabilities based on the
existing MPM were perfect, and hence the log-odds, then the coeffi-
cients of in the linear predictor of this logistic regression model would
be 0 for the intercept and 1 for the slope. Specifically, the two coeffi-
cients correspond to 1) the calibration-intercept (Calibration-in-the-
large), which indicates the extent that predictions are systematically
too low or too high, and 2) the calibration-slope (regression slope of
the linear predictor). Good calibration is observed if the 95% confidence
interval (CI) for the calibration-intercept includes 0, and the 95% CI of
the calibration-slope includes 1.

For measuring the accuracy we use the Brier Score and Brier Skill
Score (BSS), which summarize the deviations between the outcome
and predicted probabilities at the patient level. Lower Brier Score and
higher BSS indicate better accuracy. The Brier Score is the mean of the
squared error and ranges between zero (perfect prediction) and one
(the worst prediction) [25]. For better interpretation, the Brier Score is
transformed into the BSS. The BSS measures the proportional improve-
ment of each model's predictions over a non-informative reference
MPM that simply predicts the prior probability of the event for all pa-
tients. Themaximum value for BSS is 1, which indicates a perfect deter-
ministic prediction i.e. the model could exactly predict the observed
outcomes [39]. A BSS of zeromeans that there is no improvement com-
pared to thepredictions of the referencemodel. A negative BSS indicates
poorer performance than the reference non-informative MPM.

For subgroup analysis in each MPM, we defined high, moderate and
low mortality-risk subgroups based on the 33% and 66% probability
tertiles for the non-survivors patients. The high, moderate, low sub-
groups of each MPM were plotted in a 100% stacked-column bar chart
and compared. A good MPM would predict and allocate more cases
from the non-survivors as high mortality-risk cases.

Another subgroup analysis was conducted on different subgroups
defined by: age (≤75 and N75), gender (female), diabetes (yes and
no), access-route (transfemoral and non-transfemoral), left-
ventricular-ejection-fraction (LVEF) (b50% and ≥50%), NYHA (class-III
and class-IV), and procedure-urgency (urgent, emergency and salvage).

In addition, for each MPM, we provide the density plots of the mor-
tality probabilities for survivors and non-survivors. This chart is a varia-
tion on the histogram in which kernel smoothing is used for the
plotting. A perfectly discriminating MPM will have non-overlapping
density curves for survivors and non-survivors.

We use the Transparent Reporting of a multivariable prediction
model for Individual Prognosis or Diagnosis (TRIPOD) statement for
reporting [40] (E-component material; TRIPOD Checklist).

All statistical analyses were done in R software (version 3.5.1). Mul-
tiple imputations of the dataset were completed using the MICE pack-
age in R. The graphical plots were made using the ggplot2 package.
The package pROC was used for constructing and testing the AU-ROCs,
and the package PRROC to construct AU-PRC. A 2-tailed p-value b.05
was considered significant for all analyses.

3. Results

We found seven relevant MPMs, which is currently used for post-
procedural in-hospital and early (30-day) mortality after TAVI (E-com-
ponent Table 1). These MPMs were both internally validated in
[3–5,14–16,41] and externally validated in [17–20] (E-component
Table 4). Generally, there were three types of MPMs used for predicting
early-mortality after TAVI. The first type includes cardiac surgeryMPMs
that were developed on standard cardiac-surgery patients. These are
EuroSCORE-I, EuroSCORE-II, and STS-PRoM, with 17, 19, and 41 vari-
ables in each model, respectively. The second type includes the TAVI-
specific MPMs consisting of ACC-TAVI, FRANCE-2, and OBSERVANT,
with 9, 10 and 7 variables in eachmodel, respectively. The third type in-
cludes theMPMs developed on TAVI and SAVR patients. In this category,
there was one MPM, the German-AV, with 16 variables. The originally
reported internally validated AU-ROCs for these MPMs ranged between
0.59 (FRANCE-2) and 0.81 (EuroSCORE-II) (E-component Table 1).

Data about 7319 patients from the NHR-TAVI registration, were ob-
tained for this study.We exclude 1142 patients due tomissing outcome
mortality-status.

For this study, we obtained data of 7319 patients from the NHR-TAVI
registration, to be used as an external validation dataset. We excluded
1142 patients due to missing outcome mortality-status. We included
data of 6177 patients, with a 4.5% (n = 280) early-mortality rate.
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Table 1 presents summary statistics for the baseline and the procedural
characteristics of the external-validation dataset of this study (our TAVI-
NHR-patients). The mean age was 80.0 years (S.D. 7.0), 51.0% of the pa-
tients were female and 56.0% had NYHA class-III and 8% NYHA class-IV.
About 37.0% of the patients had an LVEF b50.0%, and 9.0% from the TAVI-
procedures were Urgent. Patients with critical-preoperative-state had
the highest early-mortality risk of 21.1%, Dialysis with 9.0% early-
mortality risk, NYHA class-IV with 9.4%, access-route (non-
transfemoral) with 8.3%, and procedure-urgency (urgent) with 6.7%.

In the NHR-TAVI cohort, the variables hypertension and atrial-
fibrillation (used in STS) were not registered in the NHR-TAVI registra-
tion. Also, the variable acute-pulmonary-edema (used in FRANCE-2)
was not registered (E-component Tables 2 and 3). Therefore, these var-
iables were assumed to be absent for all patients.

Some of the MPMs' variables had missing values. Most variables
(total 16 variables) had b2.0% missing values and 6 variables had
N5.0% missing values (NYHA class-III, class-IV, poor-mobility, and
Table 1
Baseline characteristics of the total population and of earlymortality (30-day) in the TAVI-
NHR cohort before implementing multiple imputation.

Variables Total population (Total
= 6177)

Patients with early
(30-day) mortality
(Total = 280,
early-mortality rate
4.5%)

Mean /
Number
(n)

S.D. /
%

Mean /
Number
(n)

S.D. /
%

Age (years) 80.0 ±6.9 80.9 ±6.6
Height (cm) 168.1 ±9.4 166.6 ±10.4
Weight (kg) 77.0 ±15.3 73.2 ±14.4
Body mass index (kg/m2) 27.2 ±4.9 26.4 ±5.3
EuroSCORE I 16.3 ±10.5 19.6 ±13
EuroSCORE-II 6.1 ±5.7 7.8 ±6.8
Creatinine, μmol/L 108.2 ±69.2 115.0 ±67.9
eGFR mL/min/1.73 m2 59.1 ±21.3 56.0 ±22.1
LVEF 50.2 ±11.2 48.2 ±11.8
sPAP mm Hg 31.1 ±10.9 33.7 ±13.1
sPAP N 60 mmHg 86 1.4 6 2.1
LVEF b 50% 2273 36.8 126 45.0
Female gender 3170 51.3 147 52.5
Chronic kidney disease 2764 44.7 112 40.0
Dialysis 87 1.5 8 2.9
Diabetes

Diabetes, oral medication 789 13.2 29 10.4
Diabetes, insulin 420 7.0 17 6.1

Poor mobility 333 9.2 11 3.9
Chronic lung disease 1377 22.4 76 27.1
Extra-cardiac arteriopathy 1414 23.1 80 28.6
Previous cardiac surgery 1323 22.3 54 19.3
Recent myocardial infarction 119 2.0 9 3.2
Functional NYHA class

Functional NYHA Class III 2991 56.1 140 50.0
Functional NYHA Class IV 405 7.6 38 13.6

Critical preoperative state 38 0.6 8 2.9
Procedure urgency

Procedure urgency Elective 5415 90.8 215 76.8
Procedure urgency Urgent 536 9.0 41 14.6
Procedure urgency
Emergency

15 0.3 1 0.4

Procedure weight (2
operations)

57 1.0 3 1.1

Anesthesia 3671 62.9 202 72.1
Access route

Access route Transfemoral 4926 80.7 182 65.0
Access route
Non-transfemoral

1163 19.1 96 34.3

Balloon pre-TAVI 2738 51.8 118 42.1

Values are mean ± standard deviation (S.D.) or number (n) and percentage (%).
Abbreviations: eGFR = estimated glomerular filtration rate; sPAP = systolic Pulmonary
Arterial Pressure; LVEF= Left Ventricular Ejection Fraction; NYHA=New York Heart As-
sociation functional Classification; Balloon pre-TAVI = Balloon aortic valvuloplasty prior
to date of TAVI.
diabetes). Details about the percentage of missing values are presented
in E-component Table 3. These missing values were completed with
multiple imputations. The AU-ROCs of all MPMs remained similar be-
fore and after imputations (E-component Table 5).

ACC-TAVI with a predicted early-mortality of 4.4% came closest to
the observed mortality (4.5%) in the NHR-TAVI cohort (Table 2). The
predicted early-mortalities of the MPMs ranged from 3.4% (underesti-
mation) for STS to 16.2% for EuroSCORE-I, which indicates an overesti-
mation of the early-mortality risk.

The AU-ROCs ranged between 0.64 (95%CI 0.61–0.67) for ACC-TAVI
to 0.58 (95%CI 0.55–0.62) for OBSERVANT (Table 2), and thehighest and
lowest AU-ROCs differed significantly (p-value = .007). FRANCE-2 had
the second-highest discriminative ability with AU-ROC of 0.63 (95%CI
0.60–0.67) (Table 2 and Fig. 1). There was no difference between ACC-
TAVI and FRANCE-2 (p-value= .54). There was no significant statistical
difference between AU-ROCs of each MPM in the entire cohort before
and after imputation (E-component Table 5).

For AU-PRC (trade-off between positive predictive value and sensi-
tivity), both ACC-TAVI and FRANCE-2 had the highest AU-PRC values
of 0.09.

Only for the model ACC-TAVI, the calibration-intercept 0.04 (95%CI
-0.08 - 0.16) and calibration-slope 0.98 (95%CI 0.94–1.01) did not signif-
icantly deviated from their ideal values (Table 2 and Fig. 2).

In terms of accuracy, the Brier Score values were very low (b0.05)
and similar for most of the MPMs of 0.04 except for EuroSCORE-I that
had the worst Brier Score of 0.06. The BSS of ACC-TAVI is 0.002 and
STS is 0.004 (Table 2). ACC-TAVI and FRANCE-2 predicted the high
mortality-risk subgroup (among non-survivors) better than other
MPMs. However, FRANCE-2 poorly classified moderate/low-risk sub-
groups (E-component Fig. 1).

The ACC-TAVI had the best performance (in terms of AU-ROC, AU-
PRC, calibration, and accuracy) among the subgroups (Age, Gender, Di-
abetes, Access-Route, LVEF, NYHA-classes, and Procedure-Urgency) (E-
component Table 6).

To better explain the distribution of mortality probabilities of each
MPM, we graphically constructed density plots. As shown in (E-compo-
nent Fig. 2), the curves for survivors and non-survivors overlapped on
virtually all the probability range.

4. Discussion

This study showed that ACC-TAVI has relatively the best perfor-
mance for predicting early-mortality in our TAVI-patients. However,
the predictive performance of all validated MPMs in this study appears
to be suboptimal. Hence these MPMs are unlikely to be useful for indi-
vidual and personalized TAVI-mortality risk prediction outside their
original populations. Therefore their applicability in the clinical practice
(for patient selection, shared decision-making or benchmarking) is
questionable in the Netherlands, and possibly in other external
populations.

This study showed that the ACC-TAVI and FRANCE-2 models have
the highest AU-ROC of 0.64 and 0.63, respectively, which is comparable
to the AU-ROC findings of a previous external validation (UK-study)
[20] (E-component Table 4). However, an AU-ROC between 0.6 and
0.7 is often regarded as poor. The originally reported AU-ROC was 0.66
for ACC-TAVI and 0.59 for FRANCE-2 [15,16].

ACC-TAVI is the only model in our study that had good calibration.
Thisfinding supports previous findings [20,42,43]. This balanced perfor-
mancemight be due to the similarities between thepopulations in these
external validation studies and the development population.

ACC-TAVI and FRANCE-2 have the highest Area Under Precision-
Recall Curve AU-PRC of about 0.1, but models with such low AU-PRC
value are considered inadequate and have poor performance [30,37].
We could notfindprevious publications reporting on theAU-PRC values
for ACC-TAVI and FRANCE-2. However, we believe the low AU-PRC ob-
tained in the external validation is related to the generally low



Table 2
Predicted early-mortality, discrimination (AU-ROC, (SD) 95% CI), area under the precision-recall curve (AU-PRC), calibration-intercept (95% CI), calibration-slope (95% CI), Brier score, and
Brier skill score for each MPM in the whole NHR-TAVI cohort (N = 6177).

Model (MPM) Predicted early-mortality in
NHR-TAVI

Discrimination AU-ROC (SD)
95% CI

AU-PRC Calibration Accuracy

Calibration-intercept (95%
CI)#

Calibration-slope (95%
CI)#

Brier
score

Brier skill
score

Surgical MPM
STS 3.4% 0.62 (0.018) 0.58–0.65 0.08 0.31 (0.19–0.43) 0.90 (0.86–0.94) 0.043 0.004
EuroSCORE-I 16.2% 0.59 (0.018) 0.55–0.62 0.07 −1.49 (−1.61–1.37) 1.76 (1.68–1.84) 0.063 −0.47
EuroSCORE-II 5.5% 0.61 (0.017) 0.57–0.64 0.07 −0.21 (−0.34–0.09) 1.02 (0.98–1.07) 0.044 −0.03

TAVI-specific MPM
ACC-TAVI 4.4% 0.64 (0.017) 0.61–0.67 0.09 0.04 (−0.08–0.16) 0.98 (0.94–1.01) 0.043 0.002
FRANCE-2 7.4% 0.63 (0.017) 0.60–0.67 0.09 −0.53 (−0.66–0.41) 1.21 (1.16–1.26) 0.044 −0.01
OBSERVANT 6.5% 0.58 (0.018) 0.55–0.62 0.08 −0.39 (−0.51–0.27) 1.11 (1.06–1.16) 0.044 −0.02

SAVR and TAVI MPM
German-AV 9.0% 0.60 (0.018) 0.57–0.64 0.08 −0.76 (−0.88–0.64) 1.30 (1.25–1.36) 0.047 −0.09

Abbreviations:MPM=Mortality predictionmodel, SD=standarddeviation, AU-ROC=areaunder the receiver operating characteristic curve=concordance (c) statistic; AU-PRC=area
under precision-recall curve; SAVR= Surgical Aortic Valve Replacement.

# Calibration-intercepts and -slopes for eachmodelwere estimated assuming the slope(s) and intercept(s) equal to one and zero respectively. A satisfactory calibration considered if the
95%CI for the calibration-intercept and-slope included the zero and one, respectively. Bold items represent having the best predictive-performance among the other models.
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prevalence of the outcomemeasure in the TAVI patient population and
the fact that the model does have a very good discrimination ability.
Outcome prevalence is hence associated with a low positive predictive
value and hence a low AU-PRC.

The BSS values ranged between −0.47 and 0.004. Both ACC-TAVI
and STS have BSS of just above zero,meaning there is nomarked predic-
tion improvement compared to the non-informative reference model.
For the other MPMs, the BSS had negative values, indicating predictions
are even poorer than the reference model (Table 2).

When analyzing the mortality-risk subgroups in early-mortality
cases, the model FRANCE-2 classified 36% (102/280) of deaths as low
mortality-risk patients. In contrast, ACC-TAVI classified (less and
hence better) 21% (58/280) of deaths as low mortality-risk (E-compo-
nent Fig. 1). This difference, which is in favor of ACC-TAVI, is due to
the ability of ACC-TAVI to predict more cases of high mortality-risk
from the deaths. This is likely due to the presence of three variables
Acuity-Category [2–4,and] in the model ACC-TAVI, but not in FRANCE-
2. These variables correspond directly or by a combination of the
NHR-cohort variables Procedure-Urgency (Urgent, Emergent, and Sal-
vage), Critical-Preoperative-Status and Recent-Myocardial-Infarction.
Fig. 1. The area under receiver operative curve (AU-ROC) for each of the mortality
prediction models in the TAVI-NHR cohort.
In FRANCE-2, only Critical-Preoperative-Status is used for the predic-
tion. Therefore, it seems that FRANCE-2 ignores some potential mortal-
ity variables in the NHR-TAVI-cohort.

The density plots of probabilities for survivors and non-survivors
show large overlap (E-component Fig. 2), indicating the poor ability of
any MPM to separate survivors from non-survivors in our population.

4.1. Strengths and limitations

Themain strength of this study is the large sample size. This analysis
is based on the contemporary and largest TAVI-population in the
Netherlands. Nearly all heart centers in the Netherlands provided data
on TAVI patients. To the best of our knowledge, this is the first study
in the Netherlands that externally validated and compared the
predictive-performance of seven existing MPMs on a TAVI-cohort. Be-
sides, unlike earlier studies [17–20], we deployed additional predictive
performance measures (area under precision-recall curve and Brier
Skill Score).

A limitation of this study is that not all variables in the MPMs were
registered in the NHR-TAVI registration for TAVI-patients. In E-
component Table 2 it is visible that some variables of the STS and
FRANCE-2 models are missing in the NHR registration. However, in
line with other studies [19,20] we assumed that the underlying condi-
tions (e.g. acute-pulmonary-oedema) were absent for all patients for
the corresponding missing variables. In addition, we performed the
analysis for FRANCE-2, one of the best performing MPMS, in which we
simulated the values of the acute-pulmonary-oedema variable (the
only variable missing for FRANCE-2 in our NHR dataset). In each simu-
lation we have randomly drawn values, with a probability of 0.5 of
each outcome (absent/present) and calculated the performance mea-
sures. The performance estimates and their confidence intervals were
essentially the same.

Another possible limitation is the missing values of some variables
(E-component Table 3). However, we implemented multiple imputa-
tions to attenuate this limitation. Missing values and multiple imputa-
tions might introduce biases. Therefore, we calculated AU-ROCs of all
MPMs before and after imputations, which remained unaffected (E-
component Table 5).

4.2. The implication for future work

Cardiac surgeryMPMs are used routinely to justify the indication for
TAVI in high mortality-risk patients. Moreover, they are used for TAVI
quality control and benchmarking. Our study showed that these
MPMs have poor discrimination, miscalibration and overestimated



Fig. 2. Calibration plots showing the predicted vs. observed early-mortality for the mortality prediction models in the NHR-TAVI cohort. The diagonal red-line represents the perfect
calibration for a perfect model (the predicted early-mortality being equal to the observed early-mortality). The black-line in each graph represents the calibration of each MPM. If the
black-line is above the red-line (see STS graph), then the predicted early-mortality is lower than the observed early-mortality (i.e. underestimation). EuroSCORE I and II, FRANCE-2,
German-AV overestimate the early-mortality; note the predicted early-mortality is consistently higher than the observed mortality. OBSERVANT overestimated the early-mortality in
the low-risk (range x-axis from 0 to 0.33) and underestimated it for the high-risk cases (range N0.33). ACC-TAVI overestimated early mortality, but with the best calibration-on-the-
large (calibration intercept) and calibration–slope (see Table 3). Despite the high density of cases in the lower range of predicted mortality, 99% of the patients have predicted values
in the depicted ranges of the x-axis.
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TAVI-related early-mortality, hence their use in patient selection, qual-
ity control and benchmarking is questionable.

In this study, ACC-TAVI and FRANCE-2 emerged as the best two
performing MPMs in our cohort. However, they still seem relatively
poor for predicting TAVI early-mortality outside their original
populations.

Using a univariate analysis we found potential predictors that are
not part of the set of variables in the two best performing MPMs
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(ACC-TAVI and FRANCE-2). Those variables are general anesthesia (no/
yes), body surface area (m2), diabetes on insulin (no/yes), LVEF (no/
yes), peripheral artery disease (no/yes), age, and chronic pulmonary
disease (no/yes). Including these models in a new TAVI prediction
model could possibly improve the models for TAVI patients.

A new TAVI-specific MPM with better predictive performance is
therefore required in order to stratify patients into high as well as mod-
erate and low mortality risk subgroups. This is especially important as
TAVI-procedures are becoming the standard therapy rather than con-
ventional surgery.

Until a new or updated TAVI-specific MPM will be available, we en-
courage participating heart centers in the Netherlands to enhance the
data registry.

5. Conclusion

This external validation study showed that there are large differ-
ences between the ability of the MPMs to predict early-mortality after
TAVI. The ACC-TAVI model has relatively the best predictive perfor-
mance. However, all studied models had poor predictive performance.
Because of the poor discrimination, poor calibration and the limited ac-
curacy of the current models, their use in clinical practice and
benchmarking, at least in the Netherlands and likely in other cohorts,
is questionable. This study unveiled the unmet need for developing
and validation of an appropriate TAVI-specific MPM.
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