
CLINICAL RESEARCH
Corre

Institu

USA.

12Mem

Recei

Janua

708
Prediction of Incident Heart Failure in CKD:

The CRIC Study
Leila R. Zelnick1, Michael G. Shlipak2, Elsayed Z. Soliman3, Amanda Anderson4,

Robert Christenson5, Mayank Kansal6, Rajat Deo7, Jiang He4, Bernard G. Jaar8,

Matthew R. Weir11, Panduranga Rao9, Debbie L. Cohen7, Jordana B. Cohen7,

Harold I. Feldman7, Alan Go10 and Nisha Bansal1; on behalf of CRIC Study Investigators12

1Kidney Research Institute, Department of Medicine (Nephrology), University of Washington, Seattle, Washington, USA;
2Department of Medicine, University of California San Francisco, San Francisco, California, USA; 3Department of Internal

Medicine (Cardiology), Wake Forest University, Winston-Salem, North Carolina, USA; 4Department of Epidemiology, Tulane

University, New Orleans, Louisiana, USA; 5Department of Pathology, University of Maryland, Baltimore, Maryland, USA;
6Department of Medicine, University of Illinois at Chicago, Chicago, Illinois, USA; 7Department of Medicine, University of

Pennsylvania, Philadelphia, Pennsylvania, USA; 8Department of Medicine, Johns Hopkins University, Baltimore, Maryland,

USA; 9Department of Internal Medicine, University of Michigan, Ann Arbor, Michigan, USA; 10Kaiser Permanente Northern

California, Oakland, California, USA; and 11Department of Medicine, University of Maryland, Baltimore, Maryland, USA
Introduction: Heart failure (HF) is common in chronic kidney disease (CKD); identifying patients with CKD

at high risk for HF may guide clinical care. We assessed the prognostic value of cardiac biomarkers and

echocardiographic variables for 10-year HF prediction compared with a published clinical HF prediction

equation in a cohort of participants with CKD.

Methods: We studied 2147 Chronic Renal Insufficiency Cohort (CRIC) participants without prior HF with

complete clinical, cardiac biomarker (N-terminal brain natriuretic peptide [NT-proBNP] and high sensitivity

troponin-T [hsTnT]), and echocardiographic data (left ventricular mass [LVM] and left ventricular ejection

fraction [LVEF] data). We compared the discrimination of the 11-variable Atherosclerosis Risk in Com-

munities (ARIC) HF prediction equation with LVM, LVEF, hsTnT, and NT-proBNP to predict 10-year risk of

hospitalization for HF using a Fine and Gray modeling approach. We separately evaluated prediction of HF

with preserved and reduced LVEF (LVEF $50% and <50%, respectively). We assessed discrimination with

internally valid C-indices using 10-fold cross-validation.

Results: Participants’ mean (SD) age was 59 (11) years, 53% were men, 43% were Black, and mean (SD)

estimated glomerular filtration rate (eGFR) was 44 (16) ml/min per 1.73 m2. A total of 324 incident HF

hospitalizations occurred during median (interquartile range) 10.0 (5.7–10.0) years of follow-up. The ARIC

HF model with clinical variables had a C-index of 0.68. Echocardiographic variables predicted HF (C-index

0.70) comparably to the published ARIC HF model, while NT-proBNP and hsTnT together (C-index 0.73)

had significantly better discrimination (P ¼ 0.004). A model including cardiac biomarkers, echocardio-

graphic variables, and clinical variables had a C-index of 0.77. Discrimination of HF with preserved LVEF

was lower than for HF with reduced LVEF for most models.

Conclusion: The ARIC HF prediction model for 10-year HF risk had modest discrimination among adults

with CKD. NT-proBNP and hsTnT discriminated better than the ARIC HF model and at least as well as a

model with echocardiographic variables. HF clinical prediction models tailored to adults with CKD are

needed. Until then, measurement of NT-proBNP and hsTnT may be a low-burden approach to predicting

HF in this population, as they offer moderate discrimination.
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incidence and prevalence are predicted to increase
substantially in coming decades.1 Patients with chronic
kidney disease (CKD) are estimated to have a 3-fold
higher risk of incident HF than those without CKD.2

Among patients with CKD, HF has been associated
with greater risk of death, recurrent hospitalizations,
and worse health-related quality of life.2–7 Predicting
future HF may help clinicians identify patients with
Kidney International Reports (2022) 7, 708–719
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CKD who will benefit from primary treatment for car-
diovascular disease and more intensive surveillance.

HF prediction equations have been previously
developed and validated in the general population. As
an example, the ARIC Study HF equation discriminated
the 10-year risk of HF well (C-index 0.773) using 11
clinical characteristics including age, Black race/
ethnicity, sex, heart rate, systolic blood pressure, use
of antihypertensive medications, diabetes, coronary
heart disease, current and former smoking, and body
mass index.8 However, the performance of the ARIC HF
prediction model has not been evaluated in a dedicated
CKD population, which has both a higher burden of
traditional HF risk factors than in the general popula-
tion as well as CKD-specific metabolic and hemody-
namic derangements that can contribute to HF.9

Furthermore, studies have shown that echocardio-
graphic abnormalities and elevations in clinically
available, circulating cardiac biomarkers, such as NT-
proBNP and hsTnT, are strongly associated with inci-
dent HF in patients with CKD.10–12 As such, published
equations developed in community-based populations
have explored the contributions of cardiac biomarkers
and echocardiography to predict incident HF and have
found benefit in incorporating these variables with
clinical information.13–16 Yet, it remains unknown
whether these clinically available diagnostic tools
should be used to predict HF in patients with CKD.

Therefore, we evaluated the performance of the
previously published ARIC HF clinical risk prediction
equation, clinically available cardiac biomarkers (NT-
proBNP and hsTnT), and echocardiographic measures
(LVM and LVEF) to predict 10-year incident HF in
persons with CKD. We hypothesized that (i) the ARIC
HF model would have poor discrimination for incident
HF in a CKD population, (ii) cardiac biomarkers and
echocardiographic measures alone would not perform
as well as a clinical model in this population, and (iii)
combining all measures would have improved
discrimination compared with the published ARIC HF
clinical model in a cohort of patients with CKD.
METHODS

Study Design and Population

The study population included participants in the CRIC
study, an ongoing, prospective, multicenter cohort
study that recruited 3939 adult participants with mild to
moderate CKD (eGFR of 20–70 ml/min per 1.73 m2) from
7 clinical centers in the United States between June 2003
and August 2008. Further details on study design have
been published previously.17,18 Participants on main-
tenance dialysis, with a kidney transplant, or with
advanced HF, defined as New York Heart Association
Kidney International Reports (2022) 7, 708–719
functional class III or IV, on study entry were not
included. Study participants had annual in-person
study visits, which included questionnaires, physical
examination, laboratory measures, and cardiovascular
testing; participants were contacted every 6 months to
obtain updated information on medical history or hos-
pitalizations. Institutional review board approval was
obtained from all participating institutions, and
informed consent was obtained from all participants.

For the present analysis, we excluded participants
with a self-reported history of HF at cohort entry (n ¼
382) and those without available cardiac biomarkers at
study enrollment (n ¼ 120). Because follow-up time for
this analysis of incident HF began at the year 1 exami-
nation, we also excluded 428 participants who experi-
enced HF, died, withdrew from the study, or were lost to
follow-up between study enrollment and the year 1
examination. Finally, we excluded those who had
missing clinical or echocardiographic covariates at the
Year 1 examination (n ¼ 862), leaving a final analytical
population of 2147 (Supplementary Figure S1).

Clinical Predictor Variables

We considered 3 types of candidate predictors: clinical
variables, cardiac biomarker variables, and echocar-
diogram variables. The 11 clinical variables that we
considered were those included in a previously pub-
lished ARIC HF prediction equation: age, Black race/
ethnicity, sex, heart rate, systolic blood pressure, use
of antihypertensive medications, diabetes, coronary
heart disease, current and former smoking, and body
mass index. The ARIC HF equation was chosen as
comparator for its previously demonstrated good
discrimination and external validity in a general pop-
ulation8 and for its use of clinically available pre-
dictors. For this analysis, we used assessments for all
clinical predictors that occurred at the year 1 evalua-
tion to coincide with the year 1 echocardiograms.

Information on socio-demographic characteristics,
medical history, medication use, and lifestyle behaviors
was provided by participants at each visit. Race/
ethnicity was self-reported and categorized as non-
Hispanic White, non-Hispanic Black, Hispanic, or
other. Heart rate was obtained from a twelve-lead
electrocardiogram.19 Blood pressure was obtained in a
standardized setting by trained coordinators, using the
mean of 3 seated resting blood pressure readings. Use
of antihypertensive medications, including
angiotensin-converting enzyme inhibitors/angiotensin
receptor blockers, b-blockers, calcium channel
blockers, and diuretics, was ascertained by detailed
review with participants at each clinic visit. Diabetes
mellitus was defined as a fasting glucose of >126 mg/
dl, a nonfasting glucose of >200 mg/dl, or use of
709
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insulin or other antidiabetic medications. Medical his-
tory (including HF, myocardial infarction, coronary
revascularization, stroke, peripheral vascular disease,
and chronic obstructive pulmonary disease) was
determined by self-report; coronary heart disease was
defined as a history of myocardial infarction or coro-
nary revascularization. Self-reported tobacco use was
categorized as current, former, or never. Body mass
index was derived as weight (kg) divided by height (m)
squared. eGFR was calculated from serum creatinine
using the CKD Epidemiology Collaboration equation,20

where serum creatinine was measured using an enzy-
matic method on an Ortho Vitros 950 at the CRIC
central laboratory and standardized to isotope dilution
mass spectrometry–traceable values.21,22

Cardiac Biomarker Variables

Two clinically available cardiac biomarkers, sampled
from participants at study enrollment, were also
considered as candidate predictors: NT-proBNP and
hsTnT.10,11 Laboratory measurement details can be
found in the Supplementary Methods.

Echocardiographic Variables

Research echocardiograms were performed at the year 1
evaluation and provided information on LVEF and
LVM index, which were evaluated as candidate pre-
dictors of HF.23 Methods used to assess cardiac struc-
ture and function have been described previously.24,25

Briefly, assessments were performed using 2-
dimensional images and a standard imaging protocol
according to American Society of Echocardiography
guidelines26 and quantified centrally by a single highly
trained registered diagnostic cardiac sonographer who
was unaware of participant identity or characteristics.
LVM index was defined using Cornell criteria and
indexed to height (in m) raised to the power of 2.7.
LVEF was calculated using diastolic and systolic left
ventricular volumes measured using the single plane
Simpson rule method: LVEF ¼ ([diastolic volume �
systolic volume]/diastolic volume) � 100.

Incident HF Outcome Definitions

The primary outcome was incident HF over 10 years
from the year 1 examination through 2019. Study
participants were asked semiannually whether they
had been hospitalized, and electronic health records
from selected hospitals or healthcare delivery systems
were also examined for qualifying encounters. The first
30 discharge codes were identified for all hospitaliza-
tions; study personnel obtained medical records for
centralized adjudicated review if codes relevant to HF
were present. At least 2 study physicians reviewed all
HF events and deaths using medical records; clinical HF
710
adjudication was based on clinical symptoms, physical
examination of the heart and lungs, and central venous
hemodynamic monitoring data and echocardiographic
imaging, when available. HF was confirmed when both
reviewers agreed on a “probable” or “definite” occur-
rence of HF on the basis of modified clinical Framing-
ham criteria.27

As a secondary outcome, we classified incident HF
events as HF with preserved ejection fraction (HFpEF),
HF with reduced ejection fraction (HFrEF), or neither.
HFpEF was defined as LVEF $50% and HFrEF as
LVEF <50%, following guideline suggestions but
collapsing into 2 categories owing to power consider-
ations.28 LVEF was preferentially ascertained from
clinical echocardiograms performed during the index
HF hospitalization (available in 195 [60%] incident HF
hospitalizations). If an echocardiogram was not per-
formed during the hospitalization, we instead used EF
from CRIC research echocardiograms up to 1 year
before or after the index hospitalization (44 [14%]
incident HF hospitalizations in our analyses). Research
echocardiograms were performed at years 1, 4, and 7
and when eGFR declined to <20 ml/min per 1.73 m2 in
a subset of participants. Previous research in CRIC has
indicated that EF is relatively stable over time in this
population.25,29 Finally, if EF categorization could not
be determined, the HF event was termed “unclassified”
(85 [26%] index HF hospitalizations) and was not
included in this secondary analysis.

Statistical Analysis

We summarized participant demographic and clinical
characteristics with descriptive measures such as mean
and SD for continuous variables and frequency and
percent for categorical variables. The primary outcome
was the time to incident HF, measured from the year 1
examination and censored for loss to follow-up or end
of study; follow-up time was truncated at 10 years after
the year 1 examination. Secondary outcomes were the
time to incident HFpEF and HFrEF; these were censored
for loss to follow-up, end of study, or other subtypes of
HF than that of interest. Predictions derived from
standard Cox regression models have been shown to
substantially overestimate predicted probabilities in
the face of strong competing risks.30,31 Because death
was common among CRIC participants, we used a Fine
and Gray subdistribution hazard modeling approach in
all models to account for the competing risk of death
and to estimate the actual risk of HF as accurately as
possible.32 We excluded participants with missing
predictors, so there were complete data available for
the 2147 participants included in this analysis.

We evaluated the performance of a series of models to
predict incident HF, including (i) a previously published
Kidney International Reports (2022) 7, 708–719



Table 1. Characteristics of CRIC analytical population (N ¼ 2147)
Characteristics Value

Age (yr) 58.6 (10.9)

Men 1129 (53)

Race/ethnicity

White 1098 (51)

Black 932 (43)

Other 117 (5)

Diabetes 957 (45)

History of coronary heart disease 389 (18)

History of atrial fibrillation 329 (15)

History of stroke 211 (10)

History of PVD 132 (6)

History of COPD 88 (4)

Antihypertensive medications 1944 (91)

ACEi/ARB 1464 (68)

Beta blockers 996 (46)

Calcium channel blockers 877 (41)

Diuretics 1188 (55)

Height (cm) 168.8 (9.6)

Weight (kg) 89.5 (21.7)

BMI (kg/m2) 31.4 (7.3)

Systolic blood pressure (mm Hg) 125.9 (21.0)

Diastolic blood pressure (mm Hg) 70.0 (12.4)

Heart rate (bpm) 65.3 (11.4)

eGFR (CKD-EPI), ml/min per 1.73 m2 43.8 (15.7)

eGFR category (ml/min per 1.73 m2)

$60 332 (15)

45–59 637 (30)

30–44 713 (33)

<30 426 (20)

ESRD 21 (1)

24-hour urine albumin (mg), median (IQR) 41 (8-390)

Hemoglobin (g/dl) 12.9 (1.8)

LDL (mg/dl) 100.8 (34.2)

HDL (mg/dl) 49.7 (16.0)

LV mass index, Cornell criteria (g/m2.7) 49.9 (13.0)

Left ventricular ejection fraction (%) 55.3 (7.3)

ACEi, angiotensin-converting enzyme inhibitor; ARB, angiotensin receptor blocker; BMI,
body mass index; bpm, beats per minute; CKD-EPI, CKD-Epidemiology Collaboration;
COPD, chronic obstructive pulmonary disease; CRIC, Chronic Renal Insufficiency
Cohort; eGFR, estimated glomerular filtration rate; ESKD, end-stage kidney disease; HDL,
high-density lipoprotein; IQR, interquartile range; LDL, low-density lipoprotein; LV, left
ventricular; PVD, peripheral vascular disease.
Entries are mean (SD) for continuous variables and n (%) for categorical variables,
except as noted. Table reflects participant characteristics at the year 1 examination,
which was the beginning of follow-up for this analysis.
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HF prediction equation that was developed in the ARIC
cohort, which predicted the 10-year risk of HF using
either clinical characteristics alone (ARIC HF clinical) or
with the addition of NT-proBNP (ARIC HF þ NT-
proBNP).8 In this study, we examined the performance
of these equations using both published coefficients and
re-estimated coefficients using the CRIC data, because
ARIC was a general population cohort and may not be
applicable to a CKD population. We further examined
the predictive performance of (ii) NT-proBNP alone, (iii)
hsTnT alone, (iv) both cardiac biomarkers, and (v)
echocardiographic variables (LVM index and LVEF)
alone, as well as the performance of each of these subsets
of predictors in conjunction with the clinical variables
used in the ARIC HF model. Finally, we considered a full
model that used all available clinical, biomarker, and
echocardiographic variables together. Cardiac bio-
markers were entered both linearly and log-
transformed; remaining covariates were untrans-
formed. In a secondary analysis, we evaluated the ability
of each of these sets of predictors to predict incident
HFpEF and HFrEF. Another secondary analysis exam-
ined the performance of each model compared with the
ARIC HF clinical model by category of eGFR (<30, 30–
44, 45–59, or $60 ml/min per 1.73 m2).

We assessed the discriminatory ability of each model
via the concordance probability (C-index) for right-
censored survival data, together with inverse proba-
bility of censoring weighting to account for the
competing risk of death.30,33 We obtained CIs for the C-
index and difference in C-indices via the nonparametric
bootstrap with 2000 replicates.34 For models requiring
estimation (i.e., all models except ARIC HF models with
previously published coefficients), we evaluated
discriminatory performance using 10-fold cross-
validation, which can avoid overoptimistic assessment
of the model and has been shown to make more efficient
use of data compared with splitting data into training
and validation sets.35 Calibration of selected models was
evaluated graphically by plotting the predicted versus
the observed 10-year probability of incident HF and by
estimating the intercept and slope of the calibration
plot.36,37 Finally, we examined the incidence rates of HF
by deciles of predicted probability for top models.

In a sensitivity analysis, we evaluated the perfor-
mance of models with respect to 2 reclassification sta-
tistics, the net reclassification index (NRI) and
integrated discrimination index.38,39 We evaluated
both the categorical NRI (with categories of <10%,
10%–20%, and >20%), which summarizes the pro-
portions of cases and noncases (which are then sum-
med) moving up or down in risk strata, and the
continuous NRI, which evaluates how risk increases for
cases and decreases for noncases, comparing a new
Kidney International Reports (2022) 7, 708–719
model to the referent. As recommended, we obtained
CIs for these measures though nonparametric boot-
strapping with 2000 replicates.40

The TRIPOD checklist for reporting development
and validation of prediction models can be found in
Supplementary Table S4. All analyses were conducted
using the R 3.6.2 software environment (R Foundation
for Statistical Computing, Vienna, Austria).

RESULTS

Participant Characteristics

Among the 2147 eligible participants, the mean (SD) age
was 59 (11) years, 47% were women, and 43% self-
identified as non-Hispanic Black. The mean (SD) eGFR
711



Table 2. Discriminatory ability of models to predict incident HF, compared with the ARIC HF clinical model

Model C-index (95% CI)

Difference in C-index (95% CI),
compared with ARIC clinical

model with published coefficients

Difference in C-index (95% CI),
compared with ARIC clinical
model with re-estimated

coefficients

ARIC clinical model (published coefficients) 0.680 (0.652–0.708) Reference NA

ARIC þ NT-proBNP model 0.740 (0.714–0.765) 0.060 (0.043--0.077) NA

NT-proBNP alone 0.703 (0.676–0.731) 0.024 (�0.013 to 0.060) 0.002 (�0.035 to 0.039)

hsTnT alone 0.679 (0.650–0.707) �0.001 (�0.035 to 0.033) �0.023 (�0.057 to 0.011)

NT-proBNP þ hsTnT 0.728 (0.701–0.755) 0.048 (0.015--0.082) 0.026 (�0.008 to 0.061)

LV mass þ LV ejection fraction 0.701 (0.672–0.730) 0.021 (�0.013 to 0.056) �0.001 (�0.034 to 0.032)

Clinical variables (re-estimated coefficients) 0.702 (0.673–0.731) 0.022 (0.002--0.043) Reference

Clinical variables þ NT-proBNP 0.750 (0.724–0.777) 0.071 (0.044--0.098) 0.048 (0.028--0.069)

Clinical variables þ hsTnT 0.726 (0.699–0.754) 0.046 (0.022--0.071) 0.024 (0.008--0.040)

Clinical variables þ NT-proBNP þ hsTnT 0.753 (0.726–0.779) 0.073 (0.045--0.100) 0.051 (0.029--0.072)

Clinical variables þ LV mass þ LV ejection fraction 0.742 (0.715–0.769) 0.062 (0.036--0.089) 0.040 (0.022--0.058)

Clinical variables þ NT-proBNP þ hsTnT þ LV mass þ
LV ejection fraction

0.765 (0.739–0.791) 0.086 (0.058--0.114) 0.064 (0.041--0.086)

ARIC, Atherosclerosis Risk in Communities; BMI, body mass index; HF, heart failure; hsTNT, high sensitivity troponin-T; LV, left ventricular; NA, not applicable; NT-proBNP, N-terminal
brain natriuretic peptide.
Entries for ARIC clinical and ARIC þ NT-proBNP models are C-index and associated 95% bootstrap CIs; all other entries are 10-fold cross-validated C-indices or difference in C-indices
compared with ARIC clinical model and associated 95% bootstrap CIs. Bolded entries indicate statistical significance at the 5% level. ARIC model predicts 10-year risk of HF from age,
Black race/ethnicity, sex, heart rate, systolic blood pressure, use of antihypertensive medications, diabetes, coronary heart disease, current smoking, former smoking, and BMI.
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was 44 (16) ml/min per 1.73 m2, with a median (inter-
quartile range) urine albumin excretion of 41 (8–390) mg/
day (Table 1). There were 324 incident HF events that
occurred during a median (interquartile range) of 10.0
(5.7–10.0) years of follow-up for an incidence rate of 1.9
(95% CI: 1.7–2.1) events per 100 person-years; 135 and
104 HF events were classified as HFpEF and HFrEF,
respectively (Supplementary Table S1). A total of 361
participants died without developing HF, and 644 par-
ticipants developed end-stage kidney disease (471 initi-
ated hemodialysis, 102 initiated peritoneal dialysis, 2
initiated an unspecified dialysis modality, and 69 received
a kidney transplant) before developing HF or censoring.

Performance of ARIC HF Equation for Prediction

of Incident HF in CKD

ARIC HF clinical prediction equations that used the
original and re-estimated coefficients had C-indices of
0.680 (95% CI: 0.652–0.708) and 0.702 (95% CI 0.673–
0.731), respectively (Table 2). The ARIC HF clinical
model was poorly calibrated in this cohort, with a
calibration intercept of 0.09 (95% CI: 0.06–0.12) and a
calibration slope of 1.50 (95% CI: 1.03–1.98) (Figure 1).
Discriminatory ability of the ARIC HF clinical model
was substantially poorer among participants with
eGFR <45 ml/min per 1.73 m2 (Supplementary
Table S2) overall.

Performance of Cardiac Biomarker and

Echocardiographic Models for Prediction of

Incident HF

Echocardiographic variables (C-index 0.701; 95% CI:
0.672–0.730) had discrimination that was comparable to
the ARIC HF clinical model (Table 2). NT-proBNP, in
712
conjunction with hsTnT, had significantly higher
discrimination (C-index 0.728; 95% CI: 0.701–0.755)
than the ARIC HF clinical model.

The addition of NT-proBNP to clinical information
improved discrimination further (C-index 0.750; 95%
CI: 0.724–0.777), while a model including all clinical,
cardiac biomarker, and echocardiographic variables
had a C-index of 0.765 (95% CI: 0.7392–0.791). Cali-
bration appeared adequate for top models (Figure 1),
with higher incidence rates observed in higher pre-
dicted probability deciles (Supplementary Figure S2);
final coefficient estimates for top models can be found
in Table 3.

Discriminatory ability of all models was substan-
tially poorer among participants with lower eGFR
(Supplementary Table S2). The largest improvements in
discrimination to the ARIC HF clinical model among
participants with eGFR <45 ml/min per 1.73 m2

occurred in models that used clinical variables, cardiac
biomarkers, and echocardiographic variables to predict
incident HF (difference in C-index compared with
ARIC HF among eGFR 30–45 ml/min per 1.73 m2, 0.113;
95% CI: 0.064–0.162).

Performance of Models for Prediction of

Incident HFpEF and HFrEF

The ARIC HF clinical model with original coefficients
provided better discrimination of incident HFrEF (C-
index 0.690; 95% CI: 0.637–0.744) compared with
HFpEF (C-index 0.664; 95% CI: 0.622–0.706; Table 4).
While models involving hsTnT performed similarly
for both outcomes, the inclusion of NT-proBNP or
echocardiographic variables resulted in better
discrimination of HFrEF compared with HFpEF.
Kidney International Reports (2022) 7, 708–719



Figure 1. Calibration plots of models to predict incident heart failure. Figures show predicted and observed CIFs of incident CHF at 10 years, by
decile of predicted probability. CHF, congestive heart failure; CIF, cumulative incidence fraction; ECHO, echocardiogram; NT-proBNP, N-ter-
minal brain natriuretic peptide.
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Models that incorporated all clinical, cardiac
biomarker, and echocardiographic variables provided
moderate discrimination of HFpEF (C-index 0.729;
95% CI: 0.682–0.776) and HFrEF (C-index 0.775; 95%
CI: 0.729–0.822). The HFpEF but not the HFrEF model
was adequately calibrated, with calibration intercepts
of 0.01 (95% CI: �0.00 to 0.03) and 0.01 (95% CI:
0.00–0.01), respectively, and calibration slopes of 0.82
(95% CI: 0.58–1.06) and 0.85 (95% CI: 0.75–0.96),
respectively.
Reclassification Metrics for Prediction of

Incident HF

Compared with a model using clinical variables only,
models that used cardiac biomarkers or echocardio-
graphic variables alone did not have significant im-
provements in NRI or integrated discrimination index
(Supplementary Table S3). In contrast, models that
added $1 cardiac biomarkers, echocardiographic var-
iables, or both to clinical variables had significantly
Kidney International Reports (2022) 7, 708–719
higher continuous and categorical NRI and integrated
discrimination index.
DISCUSSION

In this analysis, we found that an HF prediction model
of clinical variables developed in a general population
had poor discrimination in a large, well-characterized
CKD cohort. In contrast, a model consisting of NT-
proBNP and hsTnT alone had significantly better
discrimination than the published model among CKD
participants and was comparable to a model that used 2
echocardiographic variables (LVM and LVEF) alone.
Models that added clinically available cardiac bio-
markers and/or echocardiographic variables to the 11
routinely available clinical variables further improved
prediction of HF. We further found that discrimination
of HF with preserved LVEF was lower than for HF with
reduced LVEF in most models. These data suggest that
2 clinically available cardiac biomarkers (NT-proBNP
and hsTnT) are better than or at least comparable to a
713



Table 3. Final coefficient estimates of top regression models to
predict incident heart failure

Predictor
Clinical variables D

cardiac biomarkers
Clinical variables D cardiac
biomarkers D ECHO variables

Age (yr) 0.00809 0.0107

Black race/ethnicity 0.165 0.141

Male sex �0.0811 �0.194

Heart rate (bpm) 0.00691 0.00422

Systolic blood
pressure (mm Hg)

0.00777 0.00581

Antihypertensives 1.26 1.27

Diabetes 0.328 0.399

CHD 0.358 0.253

Current smoking 0.301 0.261

Former smoking 0.368 0.351

BMI (kg/m2) 0.0235 0.00762

NT-proBNP (pg/ml) �0.0000964 �0.00018

hsTnT (pg/ml) �0.0037 �0.00321

Log (NT-proBNP [pg/ml]) 0.379 0.338

Log (hsTnT [pg/ml]) 0.398 0.311

LV mass (g/m2.7) 0.0196

LV ejection fraction (%) �0.0302

Mean linear predictor 6.854 4.921

BMI, body mass index; bpm, beats per minute; CHD, coronary heart disease; ECHO,
echocardiogram; hsTNT, high sensitivity troponin-T; LV, left ventricular; MLP, mean
linear predictor; NT-proBNP, N-terminal brain natriuretic peptide.
Predicted 10-year risk of incident heart failure can be calculated as 1 – 0.84490e(SXb - MLP),
where b is the regression coefficient, X is the level for each risk factor, and MLP is the
value of the mean linear predictor listed above.
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validated published HF prediction model or echocar-
diographic measures in a CKD population. Furthermore,
differences in discrimination across the range of eGFR
highlight the need for CKD-specific HF prediction
models, particularly for HFpEF.

The published ARIC HF clinical model performed
poorly in the CRIC cohort overall, and we further
found that the ARIC HF clinical model was poorly
calibrated in this CKD population. Our analysis also
showed poorer discrimination among participants with
lower eGFR (below eGFR <45 ml/min per 1.43 m2). This
variation in predictive performance could reflect the
complex pathophysiology of HF in CKD, which differs
from the general population.9 For example, a 2020
evaluation of the ARIC HF clinical model using data
from the UK Biobank found that the addition of urine
albumin-to-creatinine ratio significantly enhanced HF
prediction in the general population, which suggests a
role for CKD-specific factors.41 Furthermore, other
important CKD-specific risk factors such as alterations
in mineral metabolism, anemia, or inflammation have
been strongly associated with HF and should be tested
in de novo prediction models in patients with CKD.42–48

We found that NT-proBNP and hsTnT together had
better discrimination to predict incident HF in this CKD
population compared with the published clinical model
and were comparable to a model that included LVEF
714
and LVM. Furthermore, the combination of clinically
available cardiac biomarkers and echocardiographic
measures improved discrimination for incident HF in
this population, although the performance was poorer at
lower eGFR. These data align with some findings from
other populations. A study conducted in the ARIC
cohort found that adding hsTnT and NT-proBNP to the
ARIC HF clinical model was found to improve the C-in-
dex, similar to what we found in this study.16 In the
CardiovascularHealth Study, a community-based cohort
study of older adults, discrimination of 5-year risk of HF
was improved by 0.027 and 0.031 by adding an NT-
proBNP or an echocardiographic score including LVEF
and LVM, respectively, to a base clinical model, im-
provements that were smaller than those we observed.14

Finally, a HF prediction model developed from 735
variables in the Multi-Ethnic Study of Atherosclerosis
included NT-proBNP, troponin-T, LVEF, and end-
diastolic LV mass among its top 20 predictors and a 12-
year C-index of 0.84, with NT-proBNP the top overall
predictor.13 Overall, our results suggest that NT-proBNP
and hsTnT alone may be a reasonable and low-burden
alternative to clinical or echocardiogram-based models
to predict incident HF among patients with CKD until
CKD-specific models can be developed.

Our evaluation of HFpEF prediction is especially
relevant in the therapeutic context of CKD, in which
HFpEF is relatively more common.49,50 Among a subset
of participants in whom the type of HF could be
ascertained, the tested models of clinical variables,
cardiac biomarkers, and echocardiographic variables
generally had better discrimination of HFrEF compared
with HFpEF, although there was still moderate
discrimination of HFpEF. Our findings are broadly
consistent with those reported by Ho et al.15 among 4
community-based cohorts. That work derived separate
models for HFpEF and HFrEF outcomes; the HFrEF
model included electrocardiogram-derived predictors
in addition to clinical variables, whereas the HFpEF
model did not. In our study, we found that the addi-
tion of NT-proBNP and echocardiographic variables to
clinical variables increased the discrimination of both
HF subtypes, and the addition of hsTnT to clinical
variables improved prediction of HFpEF only. HFpEF
and HFrEF have increasingly been recognized as
reflecting distinct pathologic processes, both of which
merit greater study of risk factors and potential ther-
apies51,52 and may need separate prediction equations.
In particular, our findings underscore the poorly un-
derstood pathophysiology of HFpEF, which may be
related to aging, inflammation, or impaired sodium
handling.53–56 Moreover, HFpEF itself has been shown
to be a heterogeneous condition,57–59 which could
Kidney International Reports (2022) 7, 708–719
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year before other predictors. A large proportion of
CRIC participants were missing echocardiograms, for
unclear reasons; it is unknown whether this miss-
ingness introduced bias into the results. Our outcome
only included HF hospitalizations, so we were unable
to assess how these models predict HF not requiring
hospitalization or HF-related death occurring outside
the hospital setting. Were such data available, a
similar approach could be used in future. HF sub-
type classification by ejection fraction was missing in
a large proportion of hospitalizations, so a combina-
tion of clinical echocardiograms and research echo-
cardiograms were used to classify HF subtype. Even
with these approaches, the data were not complete,
and there may have been interim changes in ejection
fraction between the research echocardiogram and
the hospitalization. The present study evaluated 10-
year risk of HF on the basis of published models.
Unfortunately, we were not able to evaluate shorter
intervals because the ARIC HF prediction model was
specifically developed and validated to predict 10-
year risk. Future studies in CKD patients should
consider predicting HF risk over shorter time pe-
riods. Finally, the CRIC cohort consisted of research
volunteers and may differ from the broader CKD
population in ways relevant to prediction of HF.

In conclusion, among a cohort of patients with CKD,
a published HF prediction model derived in the general
population had only modest discrimination of 10-year
HF risk, particularly among those with lower eGFR
and for the HFpEF subphenotype. In contrast, 2 cardiac
biomarkers, NT-proBNP and hsTnT, alone provided
moderate discrimination of HF and performed similarly
to echocardiographic variables alone. Future studies are
needed to develop and validate HF prediction models
specifically in patients with CKD; until then, use of NT-
proBNP and hsTnT may be a low-burden approach to
predicting HF in this population.
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