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Abstract

Aims Natriuretic peptide-based pre-heart failure screening has been proposed in recent guidelines. However, an effective
strategy to identify screening targets from the general population, more than half of which are at risk for heart failure or
pre-heart failure, has not been well established. This study evaluated the performance of machine learning prediction models
for predicting elevated N terminal pro brain natriuretic peptide (NT-proBNP) levels in the US general population.
Methods and results Individuals aged 20–79 years without cardiovascular disease from the nationally representative
National Health and Nutrition Examination Survey 1999–2004 were included. Six prediction models (two conventional regres-
sion models and four machine learning models) were trained with the 1999–2002 cohort to predict elevated NT-proBNP levels
(>125 pg/mL) using demographic, lifestyle, and commonly measured biochemical data. The model performance was tested
using the 2003–2004 cohort. Of the 10 237 individuals, 1510 (14.8%) had NT-proBNP levels >125 pg/mL. The highest area un-
der the receiver operating characteristic curve (AUC) was observed in SuperLearner (AUC [95% CI] = 0.862 [0.847–0.878],
P < 0.001 compared with the logistic regression model). The logistic regression model with splines showed a comparable per-
formance (AUC [95% CI] = 0.857 [0.841–0.874], P = 0.08). Age, albumin level, haemoglobin level, sex, estimated glomerular
filtration rate, and systolic blood pressure were the most important predictors. We found a similar prediction performance
even after excluding socio-economic information (marital status, family income, and education status) from the prediction
models. When we used different thresholds for elevated NT-proBNP, the AUC (95% CI) in the SuperLearner models 0.846
(0.830–0.861) for NT-proBNP > 100 pg/mL and 0.866 (0.849–0.884) for NT-proBNP > 150 pg/mL.
Conclusions Using nationally representative data from the United States, both logistic regression and machine learning
models well predicted elevated NT-proBNP. The predictive performance remained consistent even when the models incorpo-
rated only commonly available variables in daily clinical practice. Prediction models using regularly measured information
would serve as a potentially useful tools for clinicians to effectively identify targets of natriuretic-peptide screening.
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Introduction

Natriuretic peptide-based pre-heart failure (pre-HF) screen-
ing is gaining increasing interest as a preventive measure
against the progression of HF. In 2022, the American Heart
Association/American College of Cardiology (AHA/ACC)
guidelines for HF introduced the use of brain natriuretic pep-

tide (BNP) or N terminal pro BNP (NT-proBNP) as one of the
tools for pre-HF screening among individuals at risk for HF
(class IIa recommendation).1 Moreover, NT-proBNP has been
demonstrated to be an independent risk factor for both
all-cause and cardiovascular mortality in the general
population.2 However, adhering to the guideline recommen-
dation for measuring natriuretic peptides could be re-
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source-intensive, given that nearly 60% of the general popu-
lation is reportedly at risk for HF or pre-HF.3 Therefore, iden-
tifying specific populations with higher probabilities of posi-
tive screening is essential to enhance the feasibility of
natriuretic peptide-based pre-HF screening.

Machine learning techniques have the potential to predict
the risk of HF accurately by nonparametrically handling the
complex interactions among variables.4 Previous investiga-
tions have revealed that machine learning generally improves
the performance of prediction models for cardiovascular dis-
ease (CVD), including HF, compared with conventional regres-
sions, especially when social risks were incorporated into the
models.5 Although several HF risk predictors, including age,
physiological sex, and diabetes, are also reported to be asso-
ciated with elevated NT-proBNP,6 no studies to date have
evaluated the prediction model performance for elevated
NT-proBNP levels in the general population.

To address this knowledge gap, using nationally represen-
tative data from the United States, we aimed to evaluate
the performance of machine-learning-based prediction
models for elevated NT-proBNP levels in the general popula-
tion without a history of CVD, incorporating well-known HF
risk predictors. Additionally, we assessed the predictive
performance of models using only commonly available
non-invasive data without detailed information on socio-
economic status, which is sometimes difficult to obtain (i.e.,
marital status, family income, and education status) because
prediction models that are applicable in usual clinical settings
are key to enhancing the potential of natriuretic peptide-
based pre-HF screening as a promising strategy in preventive
cardiology.

Methods

Study setting

The National Health and Nutrition Examination Survey
(NHANES), conducted by the National Center for Health Statis-
tics, is a multiphase, nationally representative survey of the
non-institutionalized US population. The survey continuously
collects structured interview data, physical examinations,
and laboratory testing data, and releases the information in
two-year cycles. The comprehensive design of the NHANES
cohort and participants has been discussed in other sources.7

All individuals provided written consent to participate in the
NHANES study protocols, according to the National Center
for Health Statistics research ethics review board.8

Study samples

This study utilized data from 10 237 US adults aged 20 to
79 years without a history of CVD who participated in three

NHANES cycles (1999–2000, 2001–2002, and 2003–2004)
and agreed to store their blood samples for future research.
Using these stored specimens, NT-proBNP levels were mea-
sured for research purpose during 2018–2020 at the Univer-
sity of Maryland School of Medicine, Baltimore, Maryland.9

The upper age limit (79 years old) was determined to align
with the subjects of the AHA/ACC Atherosclerotic Cardiovas-
cular Disease risk calculator10 and the Pooled Cohort
equations to Prevent HF (PCP-HF) score.11

Outcome

We defined elevated NT-proBNP levels as NT-proBNP greater
than 125 pg/mL aligning with the NT-proBNP Selected Pre-
vention of Cardiac Events in a Population of Diabetic Patients
without a History of Cardiac Disease (PONTIAC) study, which
investigated the NT-proBNP-based screening and treatment
strategy for pre-HF with diabetes.12 We also used different
thresholds for sensitivity analyses (100 and 150 pg/mL). NT-
proBNP levels were measured using Roche e601 autoanalyser
(Roche Diagnostics, Basel, Switzerland).2,9

Predictors

In our prediction models, we included variables previously
used in prediction models of HF11,13 and CVD,10,14 including
age, sex, race/ethnicity (non-Hispanic White, non-Hispanic
Black, Mexican American, or others), marital status (currently
married or not), educational status (<9th grade, 9th–11th
grade, high school/general education development, or >high
school), family income (<$20 000, $20 000–$55 000, or
>$55 000), smoking status (never, former, or current), body
mass index, systolic blood pressure, history of hypertension,
history of diabetes, statin use, and biochemical profile (listed
below). Participants who smoked at least 100 cigarettes in
their lifetime were considered current or former smokers.
Self-reported demographic, lifestyle, and medical information
were collected by trained interviewers using a computer-
assisted interviewing tool.15 Information on statin use was
also collected by trained interviewers who visually confirmed
the medication containers.16

The biochemical profile included albumin, haemoglobin,
aspartate aminotransferase, alanine aminotransferase, total
cholesterol, high-density lipoprotein cholesterol, sodium,
potassium, glycated haemoglobin A1c, blood urea nitrogen,
and the estimated glomerular filtration rate (eGFR). The eGFR
was calculated with the 2021 Chronic Kidney Disease
Epidemiology Collaboration equation.17 We used total and
high-density lipoprotein cholesterol levels as indicators of
cholesterol profile because triglycerides were measured only
in participants who were examined in the morning (less
than half of all participants), and low-density lipoprotein
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cholesterol levels were only available through calculation
with triglyceride and other cholesterol levels.18 Across those
variables, missing data were imputed using random forest al-
gorithm with 100 trees and a maximum of 10 times iteration
without predictive mean matching.19,20

Statistical analysis

In accordance with the TRIPOD statement,21 the data were
divided into a training set (NHANES 1999–2002, n = 6800))
and a test set (NHANES 2003–2004, n = 3437). Two conven-
tional prediction models and four machine-learning-based
models were trained to predict elevated NT-proBNP levels.
The conventional models were logistic regression models
with and without restricted cubic splines for systolic blood
pressure and body mass index. These splines were applied
because nonlinear relationships between these variables
and elevated NT-proBNP levels would exist.

Four machine learning-based prediction models were built
using the previously mentioned predictors. Those models
included lasso regression,22,23 random forest,20 gradient-
boosting machines (GBM),24 and SuperLearner.25 Lasso re-
gression is a standard regression model with machine-learn-
ing-based selection and weighting of important predictors.
Both random forest and GBM use decision trees; random
forest combines outputs from randomly generated decision
trees, while GBM is an additive model of decision trees esti-
mated through gradient boosting. Lastly, the SuperLearner
is an ensemble of multiple machine-learning algorithms
(logistic regression, lasso regression, random forest, and
GBM) that optimally weights the results of included models.
The lambda in lasso regression and hyperparameters in
machine learning algorithms (Table S1) were tuned using
10-fold cross-validation.

In the test set, each model’s predictive performance was
assessed by computing the area under the receiver operating
characteristic curve (AUC) and prospective prediction perfor-
mance (i.e., sensitivity, specificity, positive predictive value,
and negative predictive value). The AUCs were compared
using DeLong’s test (reference: the logistic regression model
without splines). Considering the class imbalance in the out-
come, the Youden index26 was used to define the threshold
probability of elevated NT-proBNP. Calibration was evaluated
using calibration intercept and slope for each model.27 To vi-
sualize the contributions of predictor variables to the outputs
of machine-learning models, we utilized the Shapley additive
explanations (SHAP) analysis for GBM algorithms.24,28 All
analyses were performed using R version 4.2.2.

We conducted the following seven sensitivity analyses: (i)
we trained models without marital status, family income,
and education status because it is sometimes difficult to ob-
tain detailed information in usual clinical settings; (ii) to fur-
ther improve the generalizability, we trained models using

only commonly available, non-invasive information including
age, sex, body mass index, systolic blood pressure, history
of hypertension, history of diabetes, and statin use; (iii) to as-
sess optimal prediction threshold, the threshold probability
of elevated NT-proBNP was set to its observed prevalence,
instead of the threshold determined with the Youden index,
for all models, and set to various thresholds for the model
that achieved the best AUC; (iv) we restricted participants
to those who were free from shortness of breath on stairs
or inclines; (v) we repeated the main analysis among partici-
pants with complete data; vi) we also repeated the main
analysis with different definitions of elevated NT-proBNP:
greater than 100 and 150 pg/mL; and vii) we repeated the
main analysis with an oversampling technique, the Random
Over-Sampling Examples (ROSE), to produce dataset with a
1:1 ratio of those with or without elevated NT-proBNP.29

Results

Among 10 237 participants, the mean age was 45.3 years
(standard deviation [SD]: 16.6 years), and 53.0% (n = 5425)
were female. Of those 10 237 participants, 1510 (14.8%)
had elevated NT-proBNP. Participants with elevated NT-
proBNP were more likely to be older, female, non-Hispanic
White, have lower education levels, have lower family in-
come levels, have histories of hypertension and diabetes,
take statins, and have higher blood pressure (Table 1). The
comparison between before and after imputing
missing data is presented in Table S2, and the comparison be-
tween training and test sets is presented in Table S3. The
prevalence of missing data was lower than 0.5% in almost
all variables except for family income (5.8%), systolic blood
pressure (4.0%), marital status (3.3%), and body mass index
(1.9%).

Across the six models, the highest predictive performance
was shown in SuperLearner (AUC [95% confidence interval:
CI] = 0.862 [0.846–0.878], P < 001, sensitivity = 0.781, spec-
ificity = 0.780, positive predictive value = 0.395, and negative
predictive value = 0.951). The conventional logistic regression
models showed comparable predictive performance (without
splines [reference]: AUC = 0.854 [0.837–0.871], sensitiv-
ity = 0.811, specificity = 0.734, positive predictive
value = 0.360, and specificity = 0.955; and with splines:
AUC = 0.857 [0.841–0.874] P = 0.08, sensitivity = 0.766, spec-
ificity = 0.772, positive predictive value = 0.382, and specific-
ity = 0.947). Three machine learning models showed perfor-
mances almost equal to or slightly lower than the logistic
regression model without splines: lasso regression
(AUC = 0.848 [0.830–0.865], P = 0.55); random forest
(AUC = 0.848 [0.831–0.865], P = 0.32); and GBM
(AUC = 0.854 [0.837–0.870], P = 0.92; Table 2 and Figure 1).
All six models were well calibrated with intercepts between
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�0.10 and 0.10, and slopes between 0.90 and 1.10 (Figure
S1). In the SHAP analysis, age was the most important
predictor, followed by albumin, haemoglobin, sex systolic
blood pressure, and eGFR (Figure 2 and Figure S2). The in-
crease in age and the decrease in albumin and eGFR showed
monotonic positive contributions to the predicted probability
of elevated NT-proBNP. In contrast, the contributions of
haemoglobin and systolic blood pressure appeared to have
J-curve characteristics. These predictor-contribution relation-
ships did not obviously differ across age groups.

The predictive performance did not qualitatively change (i)
when we excluded marital status, family income, and
education status from the models (Table 2 and Figure S3),
(ii) when we trained models only with commonly available,
non-invasive information (Table S4), (iii) when we set the

threshold probability for elevated NT-proBNP to its observed
prevalence (Table S5), (iv) when we analysed the data among
participants without shortness of breath on stairs or inclines
(Table S6 and Figure S4), and (v) when we conducted
complete-case analysis without imputation (Table S7).

When we used different thresholds for elevated NT-
proBNP (i.e., >100 or 150 pg/mL), higher cut-off values of
NT-proBNP resulted in higher predictive performance
(Figure S5 and Table S8). For example, in SuperLearner
models, AUCs (95% CI) were 0.846 (0.830–0.861) for NT-
proBNP > 100 pg/mL and 0.866 (0.849–0.884) for NT-
proBNP > 150 pg/mL (Figure 3). The variable importance
was also almost consistent in the higher order (Figure S6).
The AUC, sensitivity, and specificity were also consistent
when the models were trained and tested using a dataset

Table 1 Baseline characteristics of study participants by NT-proBNP level

NT-proBNP ≤ 125 pg/mL NT-proBNP > 125 pg/mL
n = 8727 n = 1510

Age, year 42.56 (15.32) 60.95 (14.78)
Female 4402 (50.4) 1023 (67.7)
Race/ethnicity

Non-Hispanic White 4085 (46.8) 884 (58.5)
Non-Hispanic Black 1675 (19.2) 227 (15.0)
Mexican American 2179 (25.0) 304 (20.1)
Others 788 (9.0) 95 (6.3)

Married 5080 (58.2) 884 (58.5)
Education status

<9th grade 1093 (12.5) 316 (20.9)
9th–11th grade 1407 (16.1) 257 (17.0)
High school or GED 2087 (23.9) 360 (23.8)
>High school 4140 (47.4) 577 (38.2)

Family income
<$20 000 2592 (29.7) 584 (38.7)
$20 000–55 000 3559 (40.8) 644 (42.6)
>$55 000 2576 (29.5) 282 (18.7)

Smoking status
Never 4619 (52.9) 733 (48.5)
Former 1983 (22.7) 490 (32.5)
Current 2125 (24.3) 287 (19.0)

Hypertension 1919 (22.0) 716 (47.4)
Diabetes 572 (6.6) 209 (13.8)
Statin use 475 (5.4) 200 (13.2)
Body mass index, kg/m2 28.40 (6.17) 28.48 (6.48)
Systolic blood pressure, mmHg 120.78 (16.53) 135.86 (24.99)
eGFR, mL/min/1.73 m2 105.25 (19.61) 86.32 (23.83)
HbA1c, % 5.49 (0.97) 5.69 (1.11)
Aspartate aminotransferase, IU/L 25.16 (19.48) 25.48 (44.05)
Alanine aminotransferase, IU/L 27.05 (31.83) 22.87 (52.54)
Blood urea nitrogen, mg/dL 12.48 (4.30) 14.99 (7.02)
Haemoglobin, g/dL 14.40 (1.54) 13.79 (1.46)
Albumin, g/dL 4.30 (0.38) 4.14 (0.36)
Total cholesterol, mg/dL 203.32 (42.35) 205.84 (42.34)
High-density lipoprotein cholesterol, mg/dL 52.38 (15.51) 56.11 (17.07)
Sodium, mEq/L 138.88 (2.37) 139.12 (2.80)
Potassium, mEq/L 4.02 (0.32) 4.06 (0.38)
NT-proBNP, pg/mL 42.40 (30.15) 471.66 (1939.88)
NHANES cycle

1999–2000 2643 (30.3) 455 (30.1)
2000–2001 3181 (36.5) 521 (34.5)
2002–2003 2903 (33.3) 534 (35.4)

Values are n (%) in counts and mean (SD) in continuous value.
eGFR, estimated glomerular filtration rate; GED, General Educational Development; HbA1c, glycated haemoglobin A1c; NHANES, National
Health and Nutrition Examination Survey; NT-proBNP, N-terminal prohormone of brain natriuretic peptide.
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generated by an oversampling technique to achieve a 1:1
ratio of those with and without elevated NT-proBNP
(Table S9). When various prediction thresholds were applied

to SuperLearner model, threshold probability around 0.10
seemed to achieve high sensitivity for screening purpose with
maintaining specificity (Figure S7).

Discussions

In this study, including 10 237 participants from nationally
representative data in the United States, both conventional
logistic regression models and machine learning-based
models predicted elevated NT-proBNP levels with AUCs of
approximately 0.860. The SuperLearner model showed the
best performance among the six models investigated, but
the conventional logistic regression models also showed
comparable performance. Some key variables for HF or CVD
largely contributed to the prediction performance of our
models, including age, albumin, haemoglobin, sex, systolic
blood pressure, and eGFR. Model performance remained
consistent when the models incorporated only commonly
available information in daily clinical practice.

This study provides new insights into the natriuretic
peptide-based pre-HF screening. To the best of our knowl-
edge, this is the first study that evaluated prediction model
performance for elevated NT-proBNP in the general popula-
tion. The AHA/ACC guidelines provide class IIa recommenda-
tions for screenings in individuals at risk for HF based on two
randomized controlled trials.12,30 However, defining a
standardized screening strategy has been challenging
because the risk of HF is a continuous concept without a clear
boundary, and nearly 60% of the general population is report-
edly at risk for HF or pre-HF,3 resulting in borderline
cost-effectiveness of the pre-HF screening.31 By utilizing

Table 2 Predictive ability of the logistic regression model, tree-based algorithms, and SuperLearner for elevated NT-proBNP

AUC (95% CI) Sensitivity Specificity PPV NPV P value

Main analysis
Logistic regression 0.854 (0.837–0.871) 0.811 0.734 0.360 0.955 Reference
Logistic regression + spline models 0.857 (0.841–0.874) 0.803 0.755 0.376 0.954 0.08
Lasso regression 0.847 (0.829–0.864) 0.788 0.752 0.369 0.951 0.55
Random forest 0.848 (0.831–0.865) 0.753 0.788 0.395 0.945 0.32
Gradient boosting 0.854 (0.837–0.870) 0.846 0.713 0.352 0.962 0.92
SuperLearner 0.862 (0.847–0.878) 0.781 0.780 0.395 0.951 0.001

Sensitivity analysis without marital status, family income, and education status
Logistic regression 0.855 (0.838–0.871) 0.833 0.726 0.359 0.959 Reference
Logistic regression + spline models 0.859 (0.842–0.875) 0.850 0.709 0.349 0.963 0.047
Lasso regression 0.848 (0.830–0.865) 0.837 0.704 0.343 0.959 0.56
Random forest 0.848 (0.831–0.865) 0.742 0.794 0.398 0.943 0.25
Gradient boosting 0.858 (0.842–0.874) 0.803 0.756 0.377 0.954 0.50
SuperLearner 0.863 (0.847–0.879) 0.766 0.772 0.382 0.947 0.002

Results of the main analysis (upper) and a sensitivity analysis without marital status, family income, and education status (lower) are
displayed. In the main analysis, models were trained using age, sex, race/ethnicity, marital status, education status, family income,
smoking status, body mass index, systolic blood pressure, history of hypertension, history of diabetes, statin use, and biochemical profile.
The AUCs were compared using DeLong’s test. The threshold probability of elevated NT-proBNP in the main analysis, determined based on
the Youden’s index, was 0.133 in logistic regression, 0.146 in logistic regression + splines, 0.146 in lasso regression, 0.196 in random for-
est, 0.109 in the gradient boosting, and 0.157 in SuperLearner.
AUC, area under the receiver operating characteristic curve; CI, confidence interval; NPV, negative predictive value; PPV, positive predictive
value.

Figure 1 Receiver operating characteristic curve of the logistic regression
model, tree-based algorithms, and SuperLearner to predict elevated
NT-proBNP levels. Models were trained using age, sex, race/ethnicity,
marital status, education status, family income, smoking status, body
mass index, systolic blood pressure, history of hypertension, history of di-
abetes, statin use, and biochemical profile. AUC, area under the receiver
operating characteristics curve; CI, confidence interval; GBM,
gradient-boosting machines; Lasso, logistic regression with lasso regular-
ization; Logistic, logistic regression model; RF, random forest.
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prediction models for elevated NT-proBNP with commonly
collected information, natriuretic peptide-based pre-HF
screening may achieve better cost-effectiveness and feasibil-
ity, which helps healthcare providers adhere to guideline
recommendations.

Recent advancements in drug therapy for pre-HF also en-
hance the value of the screening. For example, the Personal-
ized Prospective Comparison of ARNI With ARB in Patients
With Natriuretic Peptide Elevation (PARABLE) study32 sug-
gested that sacubitril/valsartan may reduce cardiovascular
risk in pre-HF with preserved ejection fraction. Concurrently,
guideline-recommended drug therapy already exists for
pre-HF with reduced ejection fraction.1 Considering the ad-
vancements in the field of pre-HF, efficient identification of
elevated NT-proBNP and pre-HF cases among the general
population is vital in addressing the HF pandemic—an emerg-
ing public health concern worldwide.33

In our analysis, conventional logistic regression models
showed similar performance with other machine learning
models in predicting elevated NT-proBNP. To date, some
studies have reported improvements in the prediction perfor-
mance for incident HF using machine learning compared with
logistic regression models.5 This discrepancy between our
findings and previous reports might be due to the fact that
NT-proBNP levels predominantly represent a specific aspect

of physiology—elevated cardiac pressure34 although future
HF progression involves a multifactorial phenomenon (e.g.,
physiological, behavioural, and socio-economic). Moreover,
predictor variables used in our study have been extensively
validated for their association with the risk of HF or
CVD,10,11,13,14 that might lead to the high prediction perfor-
mance regardless of the models (i.e., either machine learning
or conventional logistic regression models). In this context,
conventional logistic regression model—a less computation-
ally intense approach than machine learning—would be suffi-
cient to predict pre-HF as long as we measure key risk factors
for HF.

Of interest, in addition to major risk factors for future
onset of HF such as hypertension, diabetes, or dyslipidemia,
we found a large contribution of albumin and haemoglobin
to the prediction of elevated NT-proBNP levels. Physiologi-
cally, low albumin and haemoglobin levels could modify the
haemodynamic status and place stress on the myocardium,
potentially resulting in elevated NT-proBNP levels. Indeed,
the Atherosclerosis Risk in Communities study included
haemoglobin in its prediction tools for HF with preserved
ejection fraction.35 Although the causal relationships be-
tween these variables and pre-HF should be further eluci-
dated, our findings indicate that including such variables that
affect haemodynamic status in risk prediction models could

Figure 2 Title: Shapley additive explanations (SHAP) analysis for variables with high importance in the GBM model. (A) The SHAP value (x-axis) indi-
cates the contribution of predictor variables (y-axis) to the model output (the logit of the probability of NT-proBNP > 125 pg/mL). Each dot in a row
represents a single participant. Colour indicates the value of predictor variables. (B) Each dot in each scatter plot represents a single participant as well
as the panel (A). Those plots represent the relationships between the predictor values and the SHAP values, which could differ across participants.
Colour represents the age of participants to visualize whether predictor-contribution relationships differ across age groups. eGFR, estimated glomer-
ular filtration rate; SBP, systolic blood pressure; SHAP, Shapley additive explanations.
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be helpful in identifying patients at elevated risk of HF pro-
gression. It is also important to note that variable importance
is a population-level indicator. The individual-level of impor-
tance of risk factors with low prevalence in the study cohort,
such as diabetes, might be not fully reflected in the variable
importance.

Recently, the role of socio-economic status in HF manage-
ment and prevention has received substantial attention.36,37

The cumulative psychological stress due to social risks (e.g.,
low income levels, low education levels, etc.) can induce a
status called ‘allostatic load’, which is considered to have a
significant impact on CVD risk equivalent to traditional
CVD risk factors38 as well as the new onset of HF.39 Such
stress influences the function of hypothalamic–pituitary–ad-
renal axis, increasing cortisol release40 which induces cardiac
and vascular remodelling and regulates renal sodium and
water homeostasis. Indeed, a previous study of
Multi-Ethnic Study of Atherosclerosis showed the relation-
ship of elevated urinary cortisol levels with increased risk
of incident hypertension and cardiovascular events among
general population.41 Meanwhile, detailed information on
such socio-economic status is not always readily available
in daily clinical care. Given our results in which the predic-
tion performance for elevated NT-proBNP did not signifi-
cantly differ when the models only included downstream

physiological information of such socio-economic status,
we still can identify pre-HF screening targets effectively even
under the situation where we cannot measure such key
social information.

Patients with pre-HF are typically asymptomatic, making it
crucial to maximize opportunities of pre-HF screenings when
heart failure risk is identified—sometimes, by chance. The
prediction of NT-proBNP elevation prediction offers a valu-
able tool for primary care physicians to efficiently identify pa-
tients who may benefit from such screenings. Recent studies
have demonstrated that implementing prediction models
embedded within electronic health record systems signifi-
cantly increased the initiation of preventive intervention.42

Given the large number of potential candidates for
NT-proBNP screening in the current guideline, there would
also be synergy between the prediction model of elevated
NT-proBNP and such decision support systems using adminis-
trative data (Figure S8).

There are several limitations in this study. First, as our anal-
ysis depends on data collected during 1999–2004 because
NT-proBNP were not measured in blood samples of later
NHANES cycles, predictors for elevated NT-proBNP in the cur-
rent clinical practice could differ given the recent advance-
ment in HF risk management (e.g., development of novel
drugs including sodium-glucose cotransporter-2 inhibitors,

Figure 3 Receiver operating characteristic curves of different models with different thresholds of defining elevated NT-proBNP. Models were trained
using age, sex, race/ethnicity, marital status, education status, family income, smoking status, body mass index, systolic blood pressure, history of hy-
pertension, history of diabetes, statin use, and biochemical profile. The ROCs and AUCs for model with different definitions of elevated NT-proBNP
were displayed for each model. Panel (A): logistic regression. Panel (B): logistic regression with splines. Panel (C): lasso regression. Panel (D): random
forest. Panel (E): gradient boosting. Panel (F): SuperLearner. AUC, area under the receiver operating characteristics curve; CI, confidence interval.
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proprotein convertase subtilisin/kexin type 9 inhibitors, and
non-steroidal mineralocorticoid receptor antagonists). Never-
theless, the cross-sectional relationships between measured
variables and NT-proBNP, which primarily reflect cardiac
stress, are likely to remain consistent compared with the as-
sociation between NT-proBNP and longitudinal outcomes.
Second, although we followed the TRIPOD guideline and
evaluated the prediction performance in the test data, our
model was not externally validated using data outside of
NHANES. Third, our findings might suffer from information
bias as NT-proBNP was measured only once for each partic-
ipant. Moreover, because sociodemographic information
was self-reported, we cannot rule out the possibility of mis-
classification of these predictors. Fourth, the threshold of
NT-proBNP for pre-HF screening has not yet established.43–
45 Therefore, we confirmed model performance with differ-
ent thresholds in sensitivity analyses. Fifth, the cut-offs we
reported were chosen to balance sensitivity and specificity
for comparing different models. The optimal cut-off for
screening would vary depending on clinical and policy con-
texts. Therefore, we conducted the sensitivity analyses with
different prediction threshold. Sixth, the models were not
designed to handle missing data. Therefore, we conducted
sensitivity analyses with readily available data that are typi-
cally complete in most clinical settings. Lastly, we did not
utilize the NHANES survey weight, and thus may limit the
generalizability. Further investigation is needed to validate
our findings and assess the applicability of our prediction
models in the current clinical practice. Future work should
focus on the external validity of our prediction models and
assess the utility of these models as a pre-HF screening
strategy.

In conclusion, both conventional logistic regression models
and machine learning-based models effectively predicted ele-
vated NT-proBNP levels in the US general population. Results
were consistent when the models included only commonly
available variables in daily clinical practice. Utilizing such pre-
diction models may enhance the effectiveness and feasibility
of the natriuretic peptide-based pre-HF screening among the
general population.

Clinical perspectives

Clinical competencies

Both conventional logistic regression models and machine
learning-based models effectively predicted elevated
NT-proBNP levels among the US general population. We
found a similar predictive performance even when we did
not include detailed socio-economic status in our models,
increasing the applicability of these models in usual clinical
settings as a promising strategy in preventive cardiology.

Translational outlook

The successful application of machine learning in predicting
elevated NT-proBNP levels paves the way for further
discussion on integrating such models into standardized
screening strategies for pre-HF. Future work should focus
on the external validity of those prediction models and the
cost-effectiveness of natriuretic peptide-based pre-HF
screening strategies combined with such prediction models.
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