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INTRODUCTION

E
nd-stage renal disease after heart transplant (HT) is
associated with higher mortality and cost of care.1,2

Early and late renal failure after HT are caused by
pretransplant comorbid factors (age, chronic kidney
disease [CKD], diabetes mellitus, hypertension, and
smoking), perioperative recurrent acute kidney injury
(AKI), and use of nephrotoxic immunosuppressive
agents (calcineurin inhibitors).3,4

The rate of simultaneous heart-kidney trans-
plantation (SHKT) due to comorbid kidney disease has
increased in the past decade.5 The Organ Procurement
and Transplant Network/the United Network for Organ
Sharing, which oversees organ transplantation in the
United States, has not set a national policy to guide
SHKT. Thus, the decision for SHKT is currently left to
individual transplant centers’ discretion. A consensus
conference in 2019 on heart-kidney transplantation set
the stage for developing guidelines for medical eligi-
bility criteria for SHKT for candidates with established
CKD (glomerular filtration rate [GFR] <60 ml/min per
1.73 m2) and persistent AKI.6 Their Heart/Kidney
Workgroup advised that, based on 2 independent GFR
measurements at least 2 weeks apart, patients with
established GFR <30 ml/min per 1.73 m2 and selected
candidates with GFR of 30 to 44 ml/min per 1.73 m2

(having strong evidence of CKD including small kidney
sizes and proteinuria>0.5 g/d) should be considered for
SHKT. Remaining patients with CKD with GFR of 45–59
ml/min per 1.73 m2 may not be suitable for SHKT.
Nevertheless, applying these criteria to HT alone re-
cipients between 2000 and 2019, approximately 33% of
themwith an estimated GFR of 30–59ml/min per 1.73m2

pretransplant (Supplementary Table S1), not considered
as eligible for SHKT, may still be at risk of developing
end-stage renal disease. Therefore, a personalized
computer-aided model to predict the possibility of
advanced kidney failure in early post-transplant period
is needed to identify at-risk candidates.

In this study, we developed a machine learning
(random forest [RF])–based algorithm to predict com-
posite renal outcomes (CRO defined as dependence on
chronic dialysis, GFR <20 ml/min per 1.73 m2, or
having received a kidney transplant) among adult HT
recipients at risk (GFR <60 ml/min per 1.73 m2) at
post-transplant 1 year. We also built a web-based de-
cision tool based on the RF model (Figure 1). The
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Figure 1. Web calculator for predicting the composite renal outcome (defined as dependence on chronic dialysis, eGFR <20 ml/min per 1.73 m2,
or a received kidney transplantation risk at 1 year) in adult HT alone recipients. AUC, area under the curve; BiVAD, biventricular assist device;
BMI, body mass index; CRO, composite renal outcome; eGFR, estimated glomerular filtration rate; HT, heart transplant; LVAD, left ventricular assist
device; RVAD, right ventricular assist device; TAH, total artificial heart; UNOS, United Network of Organ Sharing; VAD, ventricular assist device.
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details regarding the study cohort selection
(Supplementary Figure S1) and the methods are pro-
vided in the Supplementary Materials.
RESULTS

Characteristics of the Study Cohort

In this retrospective study, we analyzed a cohort of
adult recipients who received HT alone transplants
Kidney International Reports (2022) 7, 1410–1415
(regardless of listing intention) between January 1, 2000,
and September 30, 2019, using the Organ Procurement
and Transplant Network national registry, which
included 19,861 adult HT recipients with eGFR <60 ml/
min per 1.73 m2 at listing and/or pretransplant.

The incidence of the CRO at 1 year between 2000
and 2019 is found in Supplementary Figure S2 (ranging
from 2.2% to 6.1%). The characteristics of the study
cohort and corresponding deceased donors are found in
1411



Table 1. Characteristics and outcomes of the HT alone recipients (eGFR #60 ml/min per 1.73 m2 at listing and/or before transplant) between
2000 and 2019 by composite renal outcomes at 1 year in the United States
Recipient characteristics Whole cohort No-CRO CRO P valuea

n (%) 19,861 19,708 (96.1) 783 (3.9)

Age, median (IQR) yr 59 (51–64) 59 (51–64) 59 (52–64) 0.17

Sex (male) 14,761 (74.3) 14,195 (74.4) 566 (72.3) 0.18

Race <0.001

White 14,395 (72.5) 13,883 (72.8) 512 (65.4)

Black 3415 (17.2) 3215 (16.9) 200 (25.5)

Hispanic 1302 (6.6) 1257 (6.6) 45 (5.8)

Asian 524 (2.6) 505 (2.6) 19 (2.4)

Other 225 (1.1) 218 (1.1) 7 (0.9)

Recipient height (cm) 173.9 � 9.8 173.9 � 9.8 173.4 � 10.1 0.16

Recipient weight (kg) 83.4 � 17.4 83.3 � 17.4 85.2 � 17.8 0.003

Body mass index (kg/m2) 27.5 � 4.8 27.4 � 4.8 28.2 � 5.0 <0.001

History of diabetes <0.001

No 13,932 (70.2) 13,463 (70.6) 469 (59.9)

Type I 382 (1.9) 362 (1.9) 20 (2.6)

Type II 5547 (27.9) 5253 (27.5) 294 (37.6)

Etiology of cardiomyopathy 0.34

Ischemic 7815 (39.4) 7510 (39.4) 305 (39.0)

Nonischemic 7433 (37.4) 7155 (37.5) 278 (35.5)

Congenital 416(2.1) 401 (2.1) 15 (1.9)

Otherb 4197 (21.1) 4012 (21.0) 185 (23.6)

Previous HT, n (%) 695 (3.5) 663 (3.5) 32 (4.1) 0.36

Cardiac output, l/min 4.54 � 1.46 4.54 � 1.46 4.76 � 1.53 <0.001

Cardiac index, l/min per m2 2.31 � 0.70 2.30 � 0.70 2.21 � 0.67 <0.001

Pulmonary capillary wedge
pressure, mm Hg

18.8 � 8.6 18.8 � 8.6 18.5 � 8.4 0.33

Pulmonary artery mean pressure,
mm Hg

28.3 � 9.9 28.3 � 9.9 28.1 � 9.3 0.58

Mechanical ventilation requirement 462 (2.3) 437 (2.3) 25 (3.2) 0.10

ECMO 207 (1.0) 190 (1.0) 17 (2.2) 0.002

IABP 1536 (7.7) 1463 (7.7) 73 (9.3) 0.09

VAD <0.001

None 11,698 (58.9) 11,306 (59.3) 392 (50.1)

LVAD alone 6530 (32.9) 6234 (32.7) 296 (37.8)

RVAD/BiVAD/TAH 864 (4.4) 797 (4.2) 67 (8.6)

Unknown 769 (3.9) 741 (3.9) 28 (3.6)

eGFR, ml/min per 1.73 m2 at
listing (if not on dialysis)

54.3 � 17.6 54.5 � 17.5 50.9 � 18.7 <0.001

eGFR, ml/min per 1.73 m2 before
transplant (if not on dialysis)

53.3 � 17.6 54.5 � 17.6 45.8 � 17.0 <0.001

eGFR ratio (before transplant/wait
listing)

1.10 � 0.90 1.10 � 0.91 0.99 � 0.45 <0.001

Dialysis at listing, n (%) 370 (1.9) 339 (1.8) 31 (4.0) <0.001

Dialysis before transplant, n (%) 1038 (5.2) 907 (4.8) 131 (16.7) <0.001

Functional status by Karnofsky
score before transplant, %

<0.001

80–100 3309 (16.7) 3213 (16.8) 96 (12.3)

51–79 6839 (34.4) 6603 (34.6) 316 (40.4)

0–50 8237 (41.5) 7824 (41.0) 396 (50.6)

Unknown 1476 (7.4) 1438 (7.5) 38 (4.9)

UNOS region <0.001

1 989 (4.5) 865 (4.5) 33 (4.2)

2 2371 (11.9) 2229 (11.7) 142 (18.1)

3 2233 (11.4) 2177 (11.4) 56 (7.2)

4 2340 (11.8) 2252 (11.8) 88 (11.2)

5 3136 (15.8) 3017 (15.8) 119 (15.2)

6 656 (3.3) 640 (3.4) 16 (2.0)

7 1900 (9.6) 1831 (9.6) 69 (8.8)

8 1107 (5.6) 1067 (5.6) 40 (5.1)

(Continued on following page)
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Table 1. (Continued) Characteristics and outcomes of the HT alone recipients (eGFR #60 ml/min per 1.73 m2 at listing and/or before transplant)
between 2000 and 2019 by composite renal outcomes at 1 year in the United States
Recipient characteristics Whole cohort No-CRO CRO P valuea

9 1202 (6.1) 1127 (5.9) 75 (9.6)

10 1626 (8.2) 1583 (8.3) 43 (5.5)

11 2392 (12.0) 2290 (12.0) 102 (13.0)

Waitlisted time (including inactive
status), median (IQR), d

87 (25–251) 87 (25–250) 104 (27–285)

Post-transplant patient survival at
1 yr (based on Kaplan Meier
estimates), %

87.3 88.3 71.0 <0.001

Composite renal outcome
incidence within 1 yr of heart
transplantation, mean (the year
2000, the year 2019), %

3.9 (2.6–6.1)

BiVAD, biventricular assist device; CABG, coronary artery bypass graft; CRO, composite renal outcome; ECMO, extracorporeal membrane oxygenation; eGFR, estimated glomerular
filtration rate; HT, heart transplant; IABP, intra-aortic balloon pump; IQR, interquartile range; LV, left ventricular; LVAD, left ventricular assist device; TAH, total artificial heart; UNOS,
United Network of Organ Sharing; VAD, ventricular assist device.
aP value applies to the comparison of no-CRO and CRO groups.
bOther: restrictive cardiomyopathy, congenital, arrhythmia, valvular, and heart transplant-related diagnosis.
Data are presented as n (%), median (IQR) as appropriate.
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Table 1 and Supplementary Table S2. The final study
cohort included 19,861 patients, of which 783 (3.9%)
had incident CRO. The 1-year survival among the pa-
tients who developed post-HT CRO (71.0%) was
significantly lower compared with the ones who did
not (88.3%) (log-rank P < 0.001).

Predictors of Post-HT CROs

A total of 15 predictors of post-HT ROC were selected
by the RBFOpt library and sorted by RF feature
importance score (Supplementary Table S3) among 39
variables in the United Network for Organ Sharing-
STAR Dataset (Supplementary Table S4).

Performance of the RF Model

The final RF model performed with a C-statistic of 0.70
(95% CI 0.67–0.74) (Supplementary Figure S3). At the
fixed sensitivity of 80.0%, the model resulted in 46.2%
specificity, 97.8% negative predictive value, and 8.1%
positive predictive value. For the given negative pre-
dictive value performance, our RF model mislabeled
2.2% of cases (¼100%–97.8%). On the basis of 2019
statistics, the absolute and relative reduction in risk
prediction was 3.9% (¼6.1%–2.2%) and 64%
(¼[6.1%–2.2% / 6.1%] � 100), respectively.

Robustness of the Model

To find the robustness of our model, we conducted 2
separate analyses. First, we trained the RF model using
a data set that excluded patients who died in the no-
CRO group; the model resulted in a C-statistic of 0.71
(95% CI 0.69–0.75). At the fixed sensitivity of 80.0%,
the model had 46.3% specificity, 98.1% negative pre-
dictive value, and 8.0% positive predictive value. In
the second analysis, we developed a RF survival model
by treating the death event in the first year as a
competing event to CRO occurrence and reported the
Kidney International Reports (2022) 7, 1410–1415
accuracy of CRO prediction at 1 year. The competing
event RF model classified CRO with 70.6% accuracy.

Characteristics of the Patients Who Died

Because post-transplant mortality is relevant to the
analysis, we also described comparative characteristics
of the patients who died in both groups within 1 year
post-transplant (Supplementary Table S5). The post-HT
patients with CRO who died were more likely to have
diabetes and worse Karnofsky scores and require dial-
ysis pretransplant than the patients in the no-CRO
group who died.

DISCUSSION

Our decision tool with a web-based interface is prac-
tical as it uses readily existing recipient pretransplant
variables and provides a personalized risk of devel-
oping CRO within 1 year of HT. The performance RF
model did not significantly change with by censoring
death in both robustness analyses.

The variables selected in the RF model mostly align
with previously described factors, including pretrans-
plant renal function and need for renal replacement
treatment, age, sex, race, diabetes mellitus, body mass
index, functional status, ventricular assist device
requirement, and pretransplant cardiac index.4,7

Deranged cardiac along with heightened risk of in-
dividuals with elevated right- and left-sided filling
pressures and biventricular dysfunction may predis-
pose these individuals to a greater risk of postoperative
AKI.8 If these individuals experience recurrent AKI
post-transplantation, these episodes may result in
lower GFR at 1 year post-HT and potentially transition
into CKD, especially the ones complicated with stage 3
AKI according to the Kidney Disease Improving Global
Outcomes guidelines.9
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In the setting of pre-HT, a negative prediction by
our RF model, which has high negative predictive
value, can serve as additional evidence that the patient
has a lower risk of CRO post-HT and no need for SHKT.
Clinical judgment (thorough physical examination and
history taking, medication review, trending renal
function on multiple data points, renal imaging, urine
analysis, renal biopsy findings if available, etc.) should
play a more significant role when the RF model predicts
a positive outcome owing to the high false-positive rate
and low positive predictive value. This scenario is
related to the inability to capture reversibility in
certain features (such as postoperative improvement in
renal perfusion and renal function), uncertainty around
donor quality, and perioperative course.

We also evaluated our RF model with an external
cohort (an external validation), 353 patients who un-
derwent SHKT between January 10, 2019, and
September 30, 2020. Our predictive model classified
93% of SHKT patient into the positive class and 7% of
SHKT patients into the negative class, which suggests
that the clinical re-evaluation of 7% of patients for
SHKT eligibility is necessary.

Strengths of this study include large sample size
and utilization of the RF method with a multidi-
mensional dataset. Nevertheless, the limitations are as
follows: (i) potential bias inherent to the observa-
tional study design owing to unmeasured patient
characteristics; (ii) vulnerability to significant changes
in heart donor allocation policies affecting center
practice and patient characteristics; and (iii) not
capturing uncertainties potentially introducing pro-
longed AKI resulting from donor characteristics and
postoperative complications.

In conclusion, the proposed web-based decision tool
powered by an RF-based machine learning method is
an objective and cross-validated tool for patient-level
identification of CRO risk among at-risk HT candidates.
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