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Abstract

Objectives——We aimed to apply machine learning (ML) to develop a prediction model for
short-term CRT response to identifying CRT candidates for early multidisciplinary CRT-heat
failure (HF) care.

Background——Multidisciplinary optimization of cardiac resynchronization therapy (CRT)
delivery can improve long-term CRT outcomes but requires substantial staff resources.

Methods Participants from the SmartDelay Determined AV Optimization trial (n=741; age,
6611 yrs; 33% female; 100% New York Heart Association HF class I11-1V; 100% ejection
fraction <35%) were randomly split into training & testing (80%; n=593), and validation (20%;
n=148) samples. Baseline clinical, ECG, echocardiographic, biomarker characteristics, and left
ventricular (LV) lead position (43 variables) were included in 8 ML models (random forests,
convolutional neural network, lasso, adaptive lasso, plugin lasso, elastic net, ridge, and logistic
regression). A composite of freedom from death and HF hospitalization and a >15% reduction in
LV end-systolic volume index at 6-months post-CRT was the endpoint.

Results——The primary endpoint was met by 337 patients (45.5%). The adaptive lasso model
was the most more accurate (AUC 0.759; 95%CI 0.678-0.840), well-calibrated, and parsimonious
(19 predictors; nearly half are potentially modifiable). Participants in the 51 quintile as compared
to those in the 15t quintile of the prediction model had 14-fold higher odds of composite CRT
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response (OR 14.0; 95%CI 8.0-14.4). The model predicted CRT response with 70% accuracy,
70% sensitivity, and 70% specificity, and should be further validated in prospective studies.

Conclusions——ML predicts short-term CRT response and thus may help with CRT procedure
and early post-CRT care planning.

Condensed abstract

We analyzed the large sample (n=741) of cardiac resynchronization therapy (CRT) recipients,
participants of the SMART-AV randomized controlled trial. Using machine learning, we developed
and validated a parsimonious model that is comprised of routinely available baseline clinical,
ECG, and echocardiographic characteristics (19 predictor variables). Participants in the 51 quintile
compared to those in the 15t quintile of the prediction model had 14-fold higher odds of composite
CRT response. The model outperformed the current guidelines and predicted CRT response with
70% accuracy, 70% sensitivity, and 70% specificity and should be further validated in prospective
studies.

Keywords
cardiac resynchronization therapy; machine learning

Introduction

Cardiac resynchronization therapy (CRT) is an established treatment for patients with
systolic heart failure (HF) and ventricular dyssynchrony.(1) However, despite proven
benefits, nearly a third of CRT recipients are considered to be “non-responders.”(2) CRT-
eligible HF patients face high mortality: 50% of them die within 5 years. There has been no
improvement in HF prognosis over several decades.(3)

Guided left ventricular (LV) lead placement considering the timing of LV activation

and electrical delay(4), together with dynamic atrioventricular (AV) optimization(5), can
potentially reduce the CRT non-response rate. Previous analysis of the SMART-AV
(SmartDelay Determined AV Optimization: A Comparison to Other AV Delay Methods
Used in Cardiac Resynchronization Therapy) study suggested a strategy for using measures
of LV electrical delay at implantation to guide LV lead placement.(6) However, a complex
interaction between cardiac veins anatomy and cardiomyopathy substrate can make guided
LV lead placement procedure technically difficult. Furthermore, observational studies
suggested that integrated multidisciplinary care delivered within the first 6 months post-
CRT might improve long-term clinical outcomes.(7-9) However, such a multidisciplinary
approach requires substantial resources, and its cost-effectiveness has not been evaluated.
Prediction of the probability of a short-term CRT response might help with resource
allocation and CRT procedure/post-procedure CRT optimization planning. Figure 1 outlines
possible pathways for patients with different probabilities of short-term CRT response.

Machine learning (ML) has taken hold in a number of fields to improve risk prediction

as compared to traditional methods.(10,11) Several studies have applied ML to address the
clinical challenge of CRT patient selection and showed that ML algorithms perform better
than guidelines-recommended QRS duration and bundle branch block (BBB) morphology.
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(12-15) However, all previous ML-prediction models targeted the long-term (= 1 year) CRT
outcomes, focusing on selecting the “most appropriate” CRT candidate. At present, there is
no short-term (6-month) CRT response prediction tool that can be used to plan CRT delivery
optimization and early post-CRT care.

We conducted the current study with the goal to use ML to predict short-term (6-month)
response to CRT.

The authors used the deidentified SMART-AV study dataset provided by the executive
study committee. The Oregon Health & Science University Institutional Review Board
determined the deidentified nature of the dataset. Open-source code for statistical data
analysis is provided at https://github.com/Tereshchenkolab/statistics. The CRT response
prediction calculator is provided at http://www.ecgpredictscd.org/crt, and as a supplement.

Study population

The SMART-AV was a randomized, multicenter, single-blinded clinical trial(16,17) that
sought to determine whether AV delay optimization would improve CRT response Six
months post-implant. The trial enrolled New York Heart Association (NYHA) class 111-1V
HF patients with left ventricular ejection fraction (LVEF) < 35% despite optimal medical
therapy, and QRS duration = 120 ms, in sinus rhythm. HF patients who were in complete
heart block, could not tolerate right ventricular (RV) pacing at VV1-40 for up to two
weeks, or previously received CRT were excluded. Enrollment was completed from May
2008 through December 2009. In the current study, we excluded participants with missing
candidate predictor variables and lost follow-up. Of the 980 randomized SMART-AV
participants, 741 CRT recipients were included in this study.

Candidate predictor variables

At the enrollment visit, baseline clinical characteristics data were collected, which included
medical history, current cardiovascular evaluation (NYHA class) and medications list, the
6-minute walk test, quality of life (Minnesota Living with Heart Failure Questionnaire),
and blood draw for biomarkers.(16,17) We calculated estimated glomerular filtration rate
(eGFR) using the chronic kidney disease Epidemiology Collaboration equation (CKD-EPI).
(18) LV lead location was selected at the discretion of the implanting physician. Baseline
ECG and echocardiogram were recorded post-implant (no biventricular pacing).(16,17) We
normalized LV volumes and dimensions by body surface area. Measurement of biomarkers
in SMART-AV study has been previously described.(19)

The study endpoint

We defined the primary endpoint as a composite of freedom from death and HF
hospitalization and a >15% reduction(5,6,20,21) in LV end-systolic volume index (LVESVI)
at six months of follow-up. LVESV was the primary endpoint in the SMART-AV trial.
(16,17) A single core laboratory performed all echocardiographic measurements in a blinded
fashion.
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Statistical machine learning analysis

We randomly split the study population into two non-overlapping samples: training&testing
(80%; n=593), and validation (20%; n=148). Considering future clinical implementation,
we included routinely available predictor variables that describe baseline clinical, ECG,
echocardiographic and biomarker characteristics, and LV lead position (Input #1; 43
variables, Table 1).

We fitted eight different models (random forests(22), convolutional neural network (CNN)
(23), lasso, adaptive lasso, plugin lasso, elastic net, ridge, and logistic regression).

To train the random forests algorithm, we arranged the data in a randomly sorted order

and tuned the number of subtrees and variables to investigate at each split randomly. We
calculated both out-of-bag training error (tested against training data subsets that are not
included in subtree construction) and a testing error (tested against the testing data) to find
the model with the highest testing accuracy. In tuning the random forests algorithm, we
observed that both out-of-bag training error and testing error stabilized after 300 iterations at
30-35% (Supplemental Figure 1), and we conservatively chose 500 subtrees. The minimum
testing error was observed for 7 variables, and we chose 7 variables to investigate at each
split randomly.

We trained the CNN with 20 hidden layers, using 500 iterations with a training factor 2 and
4 normalization parameters. The network was comprised of 3 layers, 64 neurons per layer,
and 901 synapse weights.

The lasso family (least absolute shrinkage and selection operator) models employed ten-fold
cross-validation in the training&testing sample. In the lasso model, cross-validation selected
the tuning parameter A that minimized the out-of-sample deviance in training&testing
sample. The adaptive lasso performed multistep cross-validation, performing the second
cross-validation step among the covariates selected in the first cross-validation step. The
plugin lasso used partialing-out estimators to determine which covariates belong in the
model, achieving an optimal bound on the number of covariates it included.(24,25) The
elastic net permitted retention of correlated covariates. In the ridge model, the penalty
parameter used squared terms and kept all predictors in the model.

We validated the predictive accuracy of the models by comparing the area under the receiver
operator curve (ROC AUC) in the validation sample. To assess calibration, we compared

the observed and predicted proportions within the groups formed by the Hosmer-Lemeshow
test(26) and used the calibration belt(27) to examine the relationship between out-of-sample
estimated probabilities and observed CRT response rates. For the lasso family of models, we
also calculated the deviance and deviance ratio (goodness-of-fit).

The selection of “the best” ML model was guided by discrimination (ROC AUC) and
calibration of the model in validation sample, and then the most parsimonious model was
selected.

We used quintiles of the endpoint’s predicted probability to divide the population into five
equally numerous subsets. To illustrate the final selected model’s discrimination capacity,
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unadjusted logistic regression (model 1) compared the odds of the endpoint in participants
in the 2nd, 3rd, 4th, and 5th quintiles compared to those in the 1st quintiles. To assess

how the SMART-AV intervention affected the model’s predictability and test for a possible
interaction between the endpoint’s predicted probability and the intention-to-treat (ITT)
SMART-AV intervention, we adjusted the logistic regression for the SMART-AV treatment
group and their interaction term.

To test the final prediction model’s performance across different patient populations, we
calculated ROC AUC in validation sample in men and women, white and non-white, with
and without diabetes, age = 65y and < 65y, and ITT subgroups.

The final equation that calculates the probability of a 6-month CRT response is provided
in the Supplement. We selected the threshold of predictive function corresponding to 70%
accuracy, 70% sensitivity, and 70% specificity.

We compared the performance of the selected model to the current 2013 American College
of Cardiology Foundation/American Heart Association class I guideline criteria (QRS>150
ms and the presence of LBBB). (28)

In addition, as better CRT response was observed in women,(21) we constructed sex-specific
ML models. To explore broader range of sex-specific predictors, we added 10 biomarkers
(Input #2; 53 variables): extracellular matrix-metalloproteinases (MMP-2 and MMP-9),
soluble interleukin-2 receptor (sIL-2r), glycoprotein 130 (sGP-130), soluble suppressor of
tumorgenicity-2 (sST-2), interferon gamma (IFNG), soluble tumor necrosis factor receptor-II
(STNFr-I1), tissue inhibitor of extracellular matrix-metalloproteinases (TIMP-1, TIMP-2,
TIMP-4). Because these biomarkers are not available in everyday clinical practice, to
preserve clinical utility and generalizability of the overall model, we considered two types of
input separately.

Statistical analysis was performed using STATA MP 16.1 (StataCorp LP, College Station,
TX). P-value < 0.05 was considered statistically significant.

The SMART-AV study population characteristics are shown in Table 1 and have been
previously reported elsewhere.(21) The primary endpoint was met by 337 patients (45.5%).
Out of 404 participants who failed to respond, 13 died, 75 participants were hospitalized
because of HF, and 316 participants failed to achieve a volumetric response. Out of

741 study participants, echocardiographic data was not available for 31 participants. Out
of 31 participants with missing echocardiographic data, 13 died, and the other 18 were
hospitalized because of HF exacerbation within a 6-month follow-up.

A comparison of the prediction models’ performance is shown in Table 2. The CNN
demonstrated the highest predictive accuracy in the training&testing sample, with a final
error of only 6%. However, the CNN model’s calibration was unsatisfactory (Hosmer-
Lemeshow test P<0.0001; Supplemental Figure 2), and predictive accuracy in the validation
sample did not differ from the lasso family of models.
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Several models (lasso, adaptive lasso, elastic net, ridge, and logistic regression)
demonstrated similar good fit and high predictive accuracy (Table 2), which was
significantly higher than for random forests and plugin lasso models, as well as current class
I clinical guidelines (AUC 0.639; 95%CI 0.554-0.722), A<0.0001. Supplemental Figure 3
shows the cross-validation function and selected A for each model.

The random forests model reported substantial 26% error in validation sample; it correctly
predicted CRT response in only 38 out of 65 individuals (sensitivity 58.5%), and predicted
freedom from composite CRT response endpoint in 71 out of 83 participants (specificity
85.5%), having a positive predictive value of 76% and negative predictive value of 72.4%.
The single most important predictor was diabetes (Supplemental Figure 4), which, together
with demographic characteristics (age, sex, race) and other comorbidities (hypertension,
smoking), comprised six of the most important predictors.

Only a few models (logistic regression, adaptive lasso, and plugin lasso) showed satisfactory
out-of-sample calibration (Figure 2). However, the plugin lasso model had significantly
lower ROC AUC than the adaptive lasso and logistic regression (Table 2). Ultimately, we
selected the adaptive lasso model as the most accurate, well-calibrated, and parsimonious
(19 predictors listed in Supplemental Table 1).

In the adaptive lasso model, the most important predictors (Central illustration)
characterized dyssynchrony (ventricular conduction type, QRS duration), underlying disease
substrate (cardiomyopathy type, primary prevention indication), and potentially modifiable
characteristics (NT-proBNP, systolic blood pressure), including PR interval. Nonischemic
cardiomyopathy, female sex, primary prevention indication, history of valvular heart disease
and cancer, higher QRS duration, systolic blood pressure, LVEDVI, and 6-min walk
distance, eGFRckp-Ep1, and age were associated with CRT response. Non-LBBB, AV block
I-11, and higher NT-proBNP, CRP, PR interval, LVEF, LVESDI, and weight were associated
with non-response. Participants in the 5 quintile as compared to those in the 15t quintile had
14-fold higher odds of composite CRT response (Central Illustration). The online calculator
is available at http://www.ecgpredictscd.org/crt. The final model performance was consistent
across the subgroups (Figure 3).

Adjustment for the SMART-AV treatment group attenuated the association of ML-predicted
probability of CRT response with the study endpoint (Figure 4A), suggesting that AV-
optimization is one of the mechanisms responsible for the composite CRT response
outcome. Furthermore, both SmartDelay algorithm-optimized and echo-optimized AV delay
hinted a higher probability of the composite CRT response than the fixed AV delay.
However, consistently with the reported SMART-AV results, the difference did not reach
statistical significance (Figure 4B).

The performance of sex-specific models was poor (Supplemental Table 2). Out of all sex-
specific ML models, only the adaptive lasso model had satisfactory calibration both in men
and women, which allowed us to compare retained predictors (Figure 5). Male-specific
predictors included quality of life, sleep apnea, and biomarkers (MMP-2, sPG-130, STNFr-
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I1). Female-specific predictors included height, smoking, biomarker TIMP-2, and treatment
(use of ACEI/ARBS, aldosterone antagonists, LV lead location).

Discussion

In this study, using the ML approach, we developed a parsimonious model for predicting
short-term CRT response that comprises routinely available baseline clinical, ECG, and
echocardiographic characteristics - measures of the disease substrate, dyssynchrony, and
comorbidities. Several included predictors could be potentially modifiable. Developed in
this study, the CRT response prediction model opens an avenue for a future randomized
controlled trial, testing CRT delivery strategy, incorporating targeted lead placement,
dynamic AV optimization programming,(5,6) and integrated multidisciplinary care.(7-9)
Importantly, identified sex-specific predictors of CRT response provide insight into sex
differences in underlying disease substrate.

Our results of sex-specific ML analysis were consistent with the previously developed
Biomarker CRT score.(19) A Biomarker CRT Score of 4 included 3 biomarkers identified

in this study as important predictors of CRT response in men (MMP-2, sTNFr-I1, and CRP).
Overall, retained biomarkers reflect kidney failure (MMP-2 and TIMP-2), inflammation
(CRP, sTNFr-11), and HF (NT-proBNP). Identified in our study sex-specific predictors of
CRT response indicate the importance of integrated multidisciplinary care for men and
women in different ways. Treatment of sleep apnea is especially important for men, whereas
the use of ACEI/ARB and aldosterone antagonists, weight management, and smoking quit is
especially important for women.

It has been previously shown that increasing degrees of interventricular (rather than
intraventricular) dyssynchrony is expected to result in improved rates of clinical CRT
response.(29) Previous analysis of the SMART-AV study showed that optimally timed

AV delay provides an incremental benefit to the substantial interventricular conduction
delay(5,6), suggesting that both LV and RV lead placement should target maximizing RV-LV
delay.

Pre-procedural planning of LV and RV lead placement maximizing RV-LV delay may
involve expensive and time-consuming cardiac imaging. Our risk score can predict the
probability of the short-term composite CRT response and, therefore, can help to preserve
resources while improving clinical outcomes. Careful pre-procedural planning would be
particularly critical for CRT candidates with a moderate or low probability of CRT response.

Notably, both the baseline PR interval and I-11 AV block’s presence were selected by the
adaptive lasso model as essential predictors in the model, indicating the likely benefit of
dynamic AV optimization. In this ML model, consistently with previous findings, a longer
PR interval indicated a lesser probability of CRT response.(30) However, it is essential to
remember that the ML model strives to achieve the best prediction of the outcome but does
not answer whether each predictor variable reflects an independent mechanism of outcome.
Our study provided additional evidence about the importance of adaptive, optimally timed
AV delay for the composite CRT response. Both SmartDelay algorithm-optimized and
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echo-optimized AV delay hinted at a higher probability of short-term CRT response than
fixed AV delay.

Pre-procedure, our calculator tool could be potentially used for shared decision-making(31)
and set-up of management goals (e.g., target weight, target systolic blood pressure, 6-min
walk distance, biomarkers level). Such discussion with a CRT candidate might motivate
compliance to diet, fluid restriction, and medication adherence.

Furthermore, our prediction model can be used to identify CRT recipients with a low
probability of CRT response. They must be referred to a multidisciplinary CRT-HF clinic
very early, immediately after CRT implantation.(7-9) Considering the grim prognosis of
CRT-eligible HF patients, CRT delivery’s adequacy should be scrutinized, and modifiable
predictors of CRT response should be targeted early. Notably, the range of optimization
interventions goes beyond our predictors’ list and should be patient-specific.

Consistent with prior studies(6,12-15), we confirmed that ML model performs better

than current guidelines. The strength of ML algorithms is the ability to capture complex
interactions.(32) Several prior studies have used ML to predict CRT response. Kalscheur et
al analyzed 595 COMPANION NYHA 111/1V patients,(12) Cikes et al studied 1106 MADIT-
CRT NYHA class < |l patients,(15) Feeny et al evaluated 470 NYHA I-1V patients from an
observational cohort, and Hu et al. retrospectively analyzed 990 predominately NYHA I11-111
patients from a single-center cohort.(33) Of note, all previous studies considered long-term
CRT benefits, answering a question of CRT candidate selection. In contrast, our prediction
model focuses on a short-term CRT response and can help plan the CRT delivery and early,
aggressive optimization strategy.

In this study, the absence of sustained ventricular tachyarrhythmia (primary prevention
indication) was an important predictor of CRT response. This finding is consistent with
previous studies that showed the antiarrhythmic effect of CRT and reversed electrical
remodeling(34), which can be facilitated by the autonomic nervous system response.(35)

A comparison of ML models and selection of the “best” model also deserves discussion.

We observed similar accuracy in all but one (plugin lasso) models, leaving seven models

for consideration. However, only two of them (logistic regression and adaptive lasso)
demonstrated satisfactory calibration. The parsimonious model (adaptive lasso) won because
it is more simple (19 versus 43 predictors). The most important predictors in the

adaptive lasso model provide a meaningful characterization of the disease substrate and

its electrophysiology (a type of cardiomyopathy and conduction abnormality, QRS duration,
history of sustained ventricular tachyarrhythmia or cardiac arrest, NT-proBNP and systolic
blood pressure), which can guide CRT delivery. Importantly, the model performed equally
well in clinically important subgroups.

Strengths and Limitations

SMART-AV is a large multicenter randomized control trial with careful phenotyping that
included blinded analysis of echocardiograms and biomarkers in core laboratories, and
appropriate follow-up, providing an opportunity to study composite CRT response. A

JACC Clin Electrophysiol. Author manuscript; available in PMC 2022 December 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Howell et al.

Page 9

strength of the present study was the use of a composite endpoint of clinical outcomes
(death, HF hospitalization) and volumetric remodeling. Inclusion of participants who died
or was hospitalized and thus missed 6-month follow-up echocardiogram, strengthened the
study and reduced attrition bias.

Another strength of the study is the definition of volumetric response. A decrease in LVESV
better than an increase in LVEF reflects reverse remodeling. LVESV is influenced by

fiber shortening and, to a lesser degree, by end-diastolic volume. LVEF is influenced to a
greater extent by end-diastolic volume and heart rate and is, therefore, less suitable as a
surrogate marker of long-term CRT response.(36) LVESV change is the strongest predictor
of mortality among the three measures of LV remodeling (LVEF, LVEDV, LVESV) in the
setting of either low LVEF or high LVEDV.(37)

However, the limitations of the study have to be taken into account. The study population
was predominantly men, although this is characteristic and similar to other CRT trials.
Another common CRT field limitation was selection bias. The study included only
participants who had successfully implanted CRT device and excluded those without
suitable cardiac veins, whose procedures may have been aborted due to difficult anatomy.
We limited candidate predictor variables by currently widely available and did not include
novel ECG measures of dyssynchrony that can further improve prediction.(20,38) Baseline
predictors were measured only once. It is possible that repeated assessment can improve
accuracy.
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Abbreviations

CRT Cardiac resynchronization therapy

HF Heart failure

LV left ventricular

RV right ventricular

AV atrioventricular

SMART-AV SmartDelay Determined AV Optimization: A Comparison to Other
AV Delay Methods Used in Cardiac Resynchronization Therapy
study

ML machine learning
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Perspectives
Competency in medical knowledge:

Machine learning could improve patient selection for CRT therapy beyond current
guidelines. Parsimonious model for short-term (6-months) CRT response prediction
(comprised of routinely available baseline clinical, ECG, and echocardiographic
characteristics) predicts CRT response with 70% accuracy, 70% sensitivity, and 70%
specificity. Patients in the 5th versus the 1st quintile of the prediction model have 14-fold
higher odds of composite CRT response.

Translational outlook:

Future randomized controlled trials are needed to test the hypothesis that pre-procedure
planning and aggressive early (within first 6 months) management of modifiable risk
factors and CRT delivery optimization can improve outcomes in CRT recipients with
predicted moderate or poor CRT response.
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Figure 1. Patient management scenarios.
Possible patient management scenarios based on a pre-procedural prediction of short-term

(6-months) CRT response.
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Figure 2. Calibration.
The calibration belt with 80% and 95% CI on the external sample shows the observed and

predicted CRT response proportions in (A) logistic regression, (B) lasso, (C) adaptive lasso,
(D) plugin lasso, (E) elastic net, and (F) ridge models for all participants. The appropriately
calibrated model fits the red diagonal line, and neither 80% nor 95% ClI is entirely under or
above the red line (never crosses the red line).
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Figure 3. The final adaptive lasso model performance in subgroups.
ROC AUC in the validation sample, in subgroups.
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Probabilities of composite CRT response by quintiles of the adaptive lasso model. The

15t quintile is a reference. A. Unadjusted (model 1, red ovals) and adjusted by the ITT
AV-delay optimization assignment (model 2, blue diamonds). B. Relative odds of composite
CRT response in SMART-AV participants randomized to echo-optimized AV delay (orange
triangles) and Smart-AV-delay algorithm (green rectangles). Fixed AV delay group was a
reference. Black lines correspond to 95% CI bounds.
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Figure 5. Sex-specific predictors of CRT response.
Venn diagram shows sex-specific predictors of CRT response in women (red), men (blue),

and all participants (gray), and those predictors that overlap.
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Table 1.

Baseline Clinical Characteristics in study participants
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Characteristics

All (n=741)

Training (n=593)

Validation (n=148)

The main input #1 included 43 variables

Age(SD), y 66.0(11.0) 66.0(11.0) 65.8(11.0)
Female, n(%) 241(32.5) 293(32.6) 48(32.4)
White, n(%) 575(77.6) 465(78.4) 110(74.3)
LVEF(SD), % 27.5(8.7) 27.6(8.6) 27.4(9.2)
Weight(SD), kg 87.4(20.8) 87.4(20.4) 87.2(22.3)
Height(SD), cm 171.6(10.3) 171.8(10.3) 170.9(10.3)
Body mass index (SD), kg/m? 29.6(6.2) 29.5(6.2) 29.8(6.5)
BP systolic(SD), mmHg 124.5(20.9) 124.8(21.0) 123.5(20.8)
BP diastolic(SD), mmHg 71.4(12.7) 72.0(12.6) 68.6(12.7)
Ischemic cardiomyopathy Hx, n(%) 426(57.5) 343(57.8) 83(56.1)
Primary prevention, n(%) 589(79.5) 474(79.9) 115(77.0)
Smoking Hx(current or former), n(%) 461(62.2) 380(64.1) 81(54.7)
Hypertension Hx, n(%) 528(71.3) 434(73.2) 94(63.5)
Diabetes Hx, n(%) 289(39.0) 219(36.9) 70(47.3)
Revascularization Hx, n(%) 380(51.3) 304(51.3) 76(51.4)
Autoimmune disease Hx, n(%) 19.0(2.6) 15(2.5) 4(2.7)
Sleep apnea Hx, n(%) 89(12.0) 66(11.1) 23(15.5)
Cancer Hx, n(%) 67(9.0) 53(8.9) 14(9.5)
Renal disease Hx, n(%) 119(16.1) 90(15.2) 29(19.6)
COPD Hx, n(%) 109(14.7) 89(15.0) 20(13.5)
Valve disease Hx, n(%) 40(5.4) 31(5.2) 9(6.1)
Pacemaker implant Hx, n(%) 15(2.0) 12(2.0) 3(2.0)
AV block I-11, n(%) 138(18.6) 108(18.2) 30(20.3)
PR interval(SD), ms 198.2(50.4) 197.0(50.4) 203.1(50.9)
Heart rate(SD), bpm 71.3(12.5) 71.3(12.8) 71.1(11.3)
QRS duration(SD), ms 151.8(19.9) 151.3(19.3) 153.7(22.2)
Conduction disease:LBBB, n(%) 552(74.5) 443(74.7) 109(73.7)
RBBB 81(10.9) 62(10.5) 19(12.8)
IVCD 86(11.6) 70(11.8) 16(10.8)
RBBB+left hemiblock 22(3.0) 18(3.0) 42.7)
NYHA class I1, n (%) 21(2.8) 18(3.0) 2(1.4)
1T 698(94.2) 560(94.4) 138(93.2)
Y 22 (3.0) 15(2.5) 7(4.7)
6-minute walk(SD), m 268.2(124.7) 269.3(122.7) 263.8(132.8)
Quality of life(SD), points 47.2(25.0) 46.9(24.9) 48.1(25.6)
Potassium(SD), mmol/L 4.3(0.5) 4.3(0.5) 4.3(0.5)
Sodium(SD), mmol/L 138.7(3.1) 138(3.3) 138(2.8)
C-reactive protein(SD), ng/mL 6,438(4,425) 6,407(4,409) 6,559(4,500)
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Characteristics All (n=741) Training (n=593)  Validation (n=148)
NT-proBNP median(IQR), pmol/L 1,691(863-3,952)  1,656(853-3,952)  1,895(889-3,948)
eGFRckp-gpi (SD), mL/min/1.73 m? 63.6(22.8) 63.9(22.9) 62.5(22.4)
Use of ACEI/ARB, n (%) 485(65.5) 398(67.1) 87(58.8)
Use of beta blocker, n(%) 681(91.9) 556(93.8) 125(84.5)
Use of aldosterone antagonist, n(%) 262(35.4) 208(35.1) 54(36.5)
LV end systolic volume index (SD), mL/m? 64.7(29.8) 64.4(29.6) 66.2(29.7)
LV end diastolic volume index (SD), mL/m? 87.0(32.0) 86.6(32.1) 88.6(31.7)
LV end systolic dimension index (SD), cm/m? 2.8(0.5) 2.8(0.5) 2.8(0.5)
LV end diastolic dimension index (SD), cm/m? 3.2(0.5) 3.2(0.5) 3.2(0.5)
Lead location Apical n(%) 98(13.2) 82(13.8) 16(10.8)
Basal 47(6.3) 35(5.9) 12(8.1)
Mid 596(80.4) 476(80.3) 120(81.1)

Additional 10 biomarkers added in the input #2 (43+10=53 variables)

MMP-2 median (IQR), ng/mL
MMP-9 median (IQR), ng/mL
sGP-130 median (IQR), ng/mL

733(526-1093)
107(68-172)
196(154-243)

sIL-2r median (IQR), ng/mL 1.0(0.7-1.4)
STNFr-1I median (IQR), ng/mL 7.6(5.3-10.8)
IFNG median (IQR), pg/mL 2.9(2.6-3.2)

sST-2 median (IQR), ng/mL

TIMP-1 median (IQR), ng/mL
TIMP-2 median (IQR), ng/mL
TIMP-4 median (IQR), ng/mL

28.3(20.1-41.8)
122(90-175)
102(87-122)
2.3(1.5-3.2)

725(526-1077)
105(66-167)
195(154-243)
1.0(0.7-1.4)
7.5(5.4-10.5)
2.9(2.6-3.2)
28.0(20.0-40.8)
123(91-173)
101(87-121)
2.3(1.6-3.1)

817(525-1197)
115(74-185)
200(154-250)
1.0(0.7-1.5)
8.0(5.1-11.2)
2.9(2.7-3.3)
30.0(20.8-46.4)
120(89-184)
104(87-125)
2.3(1.5-3.6)
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