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OBJECTIVES This study aims to understand the complex factors affecting heart transplant survival and to determine

the importance of possible sex-specific risk factors.

BACKGROUND Heart transplant allocation is primarily focused on preventing waitlist mortality. To prevent organ

wastage, future allocation must balance risk of waitlist mortality with post-transplantation mortality. However, more

information regarding risk factors after heart transplantation is needed.

METHODS We included all adults (30,606) in the Scientific Registry of Transplant Recipients database who underwent

isolated heart transplantation from January 1, 2004, to July 1, 2018. Mortality (8,278 deaths) was verified with the

complete Social Security Death Index with a median follow-up of 3.9 years. Temporal decomposition was used to identify

phases of survival and phase-specific risk factors. The random survival forests method was used to determine importance

of mortality risk factors and their interactions.

RESULTS We identified 3 phases of mortality risk: early post-transplantation, constant, and late. Sex was not a sig-

nificant risk factor. There were several interactions predicting early mortality such as pretransplantation mechanical

ventilation with presence of end-organ function (bilirubin, renal function) and interactions predicting later mortality such

as diabetes and older age (donor and recipient). More complex interactions predicting early-, mid-, and late-mortality

existed and were identified with machine learning (i.e., elevated bilirubin, mechanical ventilation, and dialysis).

CONCLUSIONS Post–heart transplant mortality risk is complex and dynamic, changing with time and events. Sex

is not an important mortality risk factor. To prevent organ wastage, end-organ dysfunction should be resolved

before transplantation as much as possible. (J Am Coll Cardiol HF 2020;8:557–68) © 2020 by the American College of

Cardiology Foundation.
N 2213-1779/$36.00 https://doi.org/10.1016/j.jchf.2020.03.014
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T he new heart transplant allocation
system provides broader sharing of
donors and more granular distinc-

tion of medical urgency with an increase
from 3 to 6 tiers (1). Although distribution
of organs is now fairer with lower waitlist
mortality, a recent analysis showed worse
post-transplantation survival (78% survival
6 months) compared with 1-year survival
of 91% and 3-year survival 84% under the
previous allocation system (2,3). To reduce
post-transplantation mortality, the factors
affecting post-transplantation survival must
be better understood. Although many vari-
ables associated with post-transplantation
survival have been identified (4–6), the
relationships among these variables
1 Baseline Characteristics of Adult Heart Transplantations Fro
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(interactions) has not been explored. Interactions
among risk factors are likely complex and may be
sex-specific given our finding of more than 20 sex
interactions predicting heart transplant waitlist mor-
tality (7). In addition, post-transplantation survival
is known to be non-proportional, making conven-
tional statistical methods such as Cox proportional
hazards regression and multivariable logistic regres-
sion inadequate for assessing post-transplantation
mortality among heart transplant recipients.
We used both conventional statistical methods
(non-proportional hazards parametric model) and
machine-learning analyses (random survival forests)
to better understand the relationships among vari-
ables associated with post-transplantation survival
to determine if prognostic risk factors are sex
specific.
m January 1, 2004, to July 1, 2018
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TABLE 1 Continued

Total (N ¼ 30,606) Female Recipient (n ¼ 7,778) Male Recipient (n ¼ 22,828)

ECMO 227 (0.74) 77 (0.99) 150 (0.66)

IABP 1,851 (6.0) 441 (5.7) 1,410 (6.2)

Mean PAP (mm Hg) 27 (20, 34) 26 (20, 33) 27 (20, 35)

PCWP (mm Hg) 18 (12, 24) 17 (11, 23) 18 (12, 25)

Cardiac index (l/min/m2) 2.2 (1.8, 2.6) 2.2 (1.7, 2.6) 2.2 (1.8, 2.7)

eGFR ml/min/1.73 m2 66 (49, 85) 64 (47, 85) 66 (50, 85)

Total bilirubin mg/dl 0.80 (0.50, 1.20) 0.70 (0.40, 1.10) 0.80 (0.50, 1.20)

Donor age (yrs) 30 (22, 41) 30 (21, 42) 30 (22, 40)

Donor BMI (kg/m2) 26 (23, 30) 25 (22, 29) 27 (24, 30)

Donor female 8,900 (29) 4,465 (57) 4,435 (19)

Donor diabetes 992 (3.3) 282 (3.6) 710 (3.1)

Donor hypertension 4,400 (14) 1,123 (15) 3,277 (14)

Donor cause of death

Anoxia 6,932 (23) 2,009 (26) 4,923 (22)

CVA 6,237 (20) 1,941 (25) 4,296 (19)

Head trauma 16,594 (54) 3,593 (46) 13,001 (57)

CNS tumor 208 (0.68) 54 (0.69) 154 (0.67)

Other 629 (2.1) 177 (2.3) 452 (2.0)

Ischemic time (h) 3.2 (2.4, 3.8) 3.2 (2.4, 3.8) 3.2 (2.4, 3.8)

Predicted total heart mass (pHM*) �0.86 (�13.0, 8.7) �14 (�30.0, �0.92) 2.0 (�7.9, 10.8)

Values are median (Q1, Q3) or n (%). *Predicted total heart mass (pHM) ¼ [(pHM(recipient) � pHM(donor))/(pHM(recipient))]$100.

BMI ¼ body mass index; CNS ¼ central nervous system; CVA ¼ cerebrovascular accident; ECMO ¼ extracorporeal membrane oxygenation; eGFR ¼ estimated glomerular
filtration rate; IABP ¼ intra-aortic balloon pump; LVAD ¼ left ventricular assist device; MCS ¼ mechanical circulatory support; OHT ¼ orthotopic heart transplantation;
PAP ¼ pulmonary artery pressure; PCWP ¼ pulmonary capillary wedge pressure; RVAD ¼ right ventricular assist device; TAH ¼ total artificial heart; VAD ¼ ventricular assist
device
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METHODS

POPULATION. All adults in the Scientific Registry of
Transplant Recipients (SRTR) who underwent heart
transplantation in the United States between
January 1, 2004, and July 1, 2018, were included in this
analysis. We excluded recipients of multi-organ
transplants (n ¼ 1,527) and recipients <18 years of age
at transplant (n ¼ 5,434) because allocation criteria
are different for multi-organ and pediatric candidates
(8). The final cohort had 30,606 adult
heart transplants.

DATABASE. The SRTR includes data on all donors,
wait-listed candidates, and transplant recipients in
the United States submitted by the members of the
Organ Procurement and Transplantation Network
(OPTN). The Health Resources and Services Admin-
istration of the U.S. Department of Health and Human
Services provides oversight to the activities of the
OPTN and SRTR contractors. Human error in data
entry is minimized by error checks at time of data
entry and internal verification of outliers. The study
was approved by the Cleveland Clinic Institutional
Review Board and informed consent was waived
because data was de-identified by SRTR before their
transmission to the investigators.
ENDPOINTS. The primary endpoint was all-cause
mortality assessed as time from heart trans-
plantation to death or end of follow-up. SRTR mor-
tality data were verified with the complete Social
Security Death Master File made available through a
waiver. During a median follow-up of 3.9 years, 50%
of patients were followed beyond 4.1 years, 25%
beyond 7.9 years, and 10% beyond 11 years.

DATA. Baseline characteristics for women and men
were reported at time of heart transplantation
(Supplemental Table 1). Continuous variables are
expressed as medians, accompanied by 25th and 75th
(Q1, Q3) percentiles. Categorical variables are
expressed as number of patients and frequency. All
variables had a low level of missingness (<10%)
except for HLA mismatch (10%), recipient pulmonary
capillary wedge pressure (11%), recipient hepatitis B
virus core antibody (11%), recipient median house
income (13%), and recipient Epstein-Barr virus
serology (15%). Missing data were imputed using
multiple imputation by chained equations for para-
metric survival models (9) and missForest for the
random forest analysis (10).

ANALYTICAL STRATEGY. Two complimentary time-
related analyses were performed, each with
different strengths in meeting aims of this study.

https://doi.org/10.1016/j.jchf.2020.03.014


FIGURE 1 Sex Specific Heart Transplantation Survival

Survival curves were generated parametrically in a multiphase model for patients who

underwent heart transplant from January 1, 2004, to June 30, 2018.
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Both were directed at identifying risk factors for
death after transplantation that may change across
follow-up time based on risk factor strength and
importance, and both methods were used in different
ways to identify interactions among variables. The
first method used a completely parametric non–
proportional hazards model that addressed these
risk factor changes by temporal decomposition (11).
We used this model to explore interactions with sex.
The second method was a completely non-parametric
non–proportional hazards random survival forests
(RSF) model that addressed changing importance of
risk factors in predicting mortality at particular times
following transplantation (12–14). We used this model
to explore all evidences of interactions among vari-
ables with no presumptions.
Tempora l decompos i t ion method. Three hazard
components that, added together, constituted the
overall instantaneous risk of mortality (hazard func-
tion) were designated as: 1) early hazard phase
describing procedural risk; 2) constant hazard phase
describing underlying risk; and 3) late-accelerated
hazard phase. Each hazard phase was simulta-
neously modulated by risk factors.

In the focus on sex interactions, 2 parsimonious
models were constructed by machine learning vari-
able selection (15) using variables identified in
Supplemental Table 1. One model was for females and
another for males (Supplemental Methods). All vari-
ables appearing in either model were incorporated
into an overall model plus their pairwise interaction
with sex.
Non-parametr i c mach ine learn ing model .
RandomForestSRC software (14) was used to identify
important predictors of mortality using 92 variables
(Supplemental Table 1, Supplemental Methods). A
total of 500 survival trees were grown under log-rank
splitting. For each tree, 10 independent variables
were selected at random as candidates to split a tree
node.

Data-driven interaction detection used quantile
regression (Supplemental Methods). Because of non–
proportional hazards, interactions were identified at
4 preset times: 90 days, 1 year, 5 years, and 10 years.
We investigated for each variable all possible in-
teractions, and report the top 15 highly predictive
interactions using the method of holdout variable
importance (16).

RESULTS

RECIPIENT CHARACTERISTICS BY SEX. The cohort
consisted of 7,778 women and 22,828 men, with the
majority of patients being white, older than 50 years
of age, blood type A or O, privately insured, and
transplanted urgently with a dilated cardiomyopathy
(Table 1, Supplemental Table 2). Inotropes were more
frequently used in women and mechanical circulatory
support more frequently in men. Women were
slightly younger than men, had a higher frequency of
black patients, dilated cardiomyopathy, and Medicaid
insurance, smaller body surface area, less history of
prior cardiac surgery, and slightly worse renal func-
tion when compared to men. There were minimal sex
differences in recipient hemodynamics, ischemic
time, and donor age. Most donor deaths were from
head trauma; hearts from donors dying from hypoxia
or stroke were more frequently transplanted into fe-
male recipients. Recipient-donor predicted total
heart mass differences were notable for oversizing
hearts in transplanted women and under-sizing them
in men.

OVERALL SURVIVAL. Overall, 8,278 patients died
(2,020 females and 6,258 males) during the study
period from January 1, 2004, to July 1, 2018 (Figure 1).
One-month unadjusted survival for the cohort was
96% (96% women, 96% men), 1-year survival 89%
(89% women, 90% men), and 12-year survival 50%
(53% women, 50% men). Temporal decomposition
analysis identified 3 hazard phases for mortality post-

https://doi.org/10.1016/j.jchf.2020.03.014
https://doi.org/10.1016/j.jchf.2020.03.014
https://doi.org/10.1016/j.jchf.2020.03.014
https://doi.org/10.1016/j.jchf.2020.03.014
https://doi.org/10.1016/j.jchf.2020.03.014
https://doi.org/10.1016/j.jchf.2020.03.014


CENTRAL ILLUSTRATION Sex-Specific Hazards of Heart Transplant Mortality
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Three phases of survival after heart transplantation were identified by the temporal decomposition method. An early phase (fine dotted

lines) included procedure-related mortality with risk factors predominantly associated with the medical condition of the recipient at time of

transplantation. A constant phase (dashed lines) had nearly 4% mortality per year and was mainly associated with non-modifiable factors

such as age, race, and socioeconomic factors difficult to change. Finally, a late phase (solid lines) was notable for sex differences in long-

term survival mainly due to diabetes mellitus, obesity, age and potential transplantation complications.
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transplantation: early-, constant-, and late-phase
(Central Illustration). In the early phase, risk of death
was greatest during the first week post-heart trans-
plantation and declined over 1 month with no sig-
nificant sex-differences. The constant phase was
nearly 4% mortality per year with no significant sex-
differences. In the late phase, risk of death
increased with time with women having better sur-
vival than men (Central Illustration).

RISK FACTORS FOR POST-TRANSPLANTATION

MORTALITY. Parametr ic model ing . The most sig-
nificant risk factors for mortality varied for each
hazard phase (Table 2). For the early phase, these
included renal function, hepatic function,
congenital heart disease, extracorporeal membrane
oxygenation, durable mechanical circulatory sup-
port before 2008, and mechanical ventilation at
time of transplantation. For the constant phase, the
most significant associations included recipient age,
recipient black race, ischemic cardiomyopathy, and
Medicaid insurance. For the late phase, the most
significant associations were recipient age,
larger recipient body surface area, and history
of diabetes.

Non-parametr i c model ing . Table 3 shows variables
of importance for predicting 90-day, 1-year, 5-year,
and 10-year survival identified by RSF. Variables such
as age (donor and recipient), recipient body mass



TABLE 2 Overall: Multivariable Analysis on Risk Factors for Death

Coefficient � SE p Value Reliability (%)*

Early phase

Older age† 0.39 � 0.05 <0.0001 100

Higher BMI‡ 0.39 � 0.06 <0.0001 100

Congenital disease 1.06 � 0.10 <0.0001 100

Bilirubin 100

Higher bilirubin§ 0.56 � 0.06 <0.0001

Lower bilirubinǁ 0.17 � 0.04 0.001

Prior cardiac surgery 0.26 � 0.05 0.0005 98

ECMO 0.86 � 0.14 <0.0001 99

Ventilation 0.82 � 0.11 <0.0001 100

LVAD/RVAD before 2008 0.59 � 0.10 <0.0001 99

Longer ischemic time¶ 0.02 � 0.002 <0.0001 100

Multiple heart transplants 0.31 � 0.12 0.012 69

GFR/dialysis interaction

Dialysis -1.90 � 0.28 <0.0001 100

GFR# 0.04 � 0.006 <0.0001 100

GFR** -0.65 � 0.07 <0.0001 100

Older donor †† 0.10 � 0.02 0.0001 99

Constant phase

Young age‡‡ 0.54 � 0.05 <0.0001 59

Race black 0.51 � 0.04 <0.0001 100

Ischemic cardiomyopathy 0.44 � 0.04 <0.0001 100

Infection requiring intravenous drugs 0.25 � 0.06 <0.0001 97

Medicaid 0.33 � 0.05 <0.0001 58

Older donor 0.01 � 0.001 <0.0001 100

Late phase

Older age§§ 1.45 � 0.12 <0.0001 100

Larger BSAkk 0.10 � 0.03 0.0004 63

Diabetes 0.70 � 0.07 <0.0001 98

*Reliability: number of occurrences out of 1,000 bootstrap models. †Exp(age/50), exponential transformation.
‡(BMI/25)2, squared transformation. §(LOG[Bilirubin]), logarithmic transformation. k([1/Bilirubin]), inverse
transformation. ¶(Ischemic time)2, squared transformation. #(GFR/65)2, squared transformation. **(LOG[GFR]),
logarithmic transformation. ††Exp(donor age/35), exponential transformation. ‡‡(50/age), inverse trans-
formation. §§(age/50)2, squared transformation. kk(BSA)2, squared transformation.

BSA ¼ body surface area; GFR ¼ glomerular filtration rate: other abbreviations as in Table 1.
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index, history of dilated cardiomyopathy, renal
function, total bilirubin, and ischemic time were
highly predictive of survival across all intervals.
Other variables were predictive of survival for certain
intervals such as height (donor and recipient), pre-
dicted heart mass, year of transplantation, mechani-
cal ventilation and extracorporeal membrane
oxygenation (ECMO) affecting early survival
(survival #1 year) whereas race (especially black),
private insurance, diabetes, and history of ischemic
cardiomyopathy importantly affected long-term sur-
vival. Infection at time of transplantation requiring
intravenous antibiotics was an important risk factor
for 1- and 5-year survival.
Sex-spec ific r i sk factors . Sex was not a significant
risk factor for mortality (Table 2). Upon formal
investigation for sex interactions, few were found to
be significant for post-transplantation mortality
(Figure 2, Supplemental Table 3). Sex interactions
were found in the early-hazard phase of mortality
with bilirubin, in the constant-hazard phase with
larger body mass index and Medicaid, and in the late-
hazard phase with larger body mass index and donor
death due to brain tumor.
Most important interact ions . At 90 days post-
transplantation (Figure 3), the most important
factors affecting survival were the presence of me-
chanical ventilation while undergoing dialysis, me-
chanical ventilation in the presence of abnormal
total bilirubin, and abnormal total bilirubin when
combined with abnormal renal function. For 1-year
survival, the most important interactions were be-
tween ischemic time and total bilirubin, and
ischemic time and estimated glomerular filtration
rate. Mechanical ventilation and ECMO were also
important factors. For 5-year survival, the most
important interaction was between total bilirubin
and recipient age. For 10-year survival, the most
important interactions were between donor age and
recipient age, total bilirubin and recipient age, and
donor age and total bilirubin.

Figure 4 is a 3-dimensional plot showing the
interaction between donor age and total bilirubin to
predict 90-day, 1-year, 5-year, and 10-year survival.
Donor age was a stronger predictor at 10 years
compared to 90 days. Total bilirubin was a more
constant predictor over time with its greatest pre-
dictive value early relative to late post-
transplantation. The higher the bilirubin, the worse
the survival. In Supplemental Figure 1, the relation-
ship between bilirubin, dialysis, and mechanical
ventilation was complex. Survival was worse with
dialysis or mechanical ventilation at time of trans-
plantation and elevated total bilirubin further
increased this risk and was important even among
those patients who were not on dialysis or receiving
mechanical ventilation.

DISCUSSION

PRINCIPAL FINDINGS. Our study is an in-depth
analysis of post-transplantation survival showing
the complex relationships among risk factors, which
vary over time. There were 4 principal findings. First,
we identified 3 phases of survival: early post-
operative, constant, and late-phase. Second, the fac-
tors predicting post-transplantation mortality varied
in each phase, making it imperative that future efforts
to create an allocation score focus on whether the
goal is short-term or long-term survival. Third,
despite sex being a strong predictor of waitlist

https://doi.org/10.1016/j.jchf.2020.03.014
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TABLE 3 Random Survival Forests Identification of Top 15 Risk Factors for Mortality

90
Days

1
Year

5
Years

10
Years

Recipient

Age þ þ þ þ
Height þ þ
Weight þ þ þ
BMI þ þ þ þ
BSA þ
Predicted heart mass difference þ
White race þ
Black race þ þ
Medicare insurance

Private insurance þ þ þ
Congenital heart disease

Dilated cardiomyopathy þ þ þ þ
Ischemic cardiomyopathy þ
Infection with intravenous antibiotics þ þ
Diabetes mellitus þ þ
eGFR (non-dialysis) þ þ þ þ
Dialysis þ þ þ þ
Total bilirubin þ þ þ þ
Mechanical ventilation þ þ þ
ECMO þ þ

Donor

Age þ þ þ þ
Donor height þ þ

Transplant

Year þ þ þ
Ischemic time þ þ þ þ

Abbreviations as in Tables 1 and 2.

J A C C : H E A R T F A I L U R E V O L . 8 , N O . 7 , 2 0 2 0 Hsich et al.
J U L Y 2 0 2 0 : 5 5 7 – 6 8 Heart Transplantation

563
mortality before heart transplantation (7,17–20), sex
was not among the top variables predicting early
postoperative, constant, or late survival. Fourth,
machine learning rapidly identified variables of
importance and complex interactions, whereas con-
ventional statistical methods such as parametric
modeling identified the different hazard phases of
mortality but was time-consuming, limited by as-
sumptions and identified only simple interactions
(i.e., 2-way interactions). Therefore, both statistical
methods were important and provided complemen-
tary information to better understand post-
transplantation mortality.
Phases of post - t ransp lantat ion surv iva l . The 3
phases of mortality post-transplantation have not
been previously described. In fact, the published data
is limited to analyses for heart transplantation
focused on either early versus late mortality (4,21,22)
or analyses at specific time points such as the annual
publication of the International Society for Heart and
Lung Transplantation (ISHLT) Registry with multi-
variable analyses on 1-, 5-,10-, and 20-year mortality
(23), and the OPTN/SRTR report focused on 1-, 3-, and
5-year survival in the United States (24). Studies
focusing on different time points have noted time-
dependent risk factors for mortality. For instance,
Nilsson et al. (5) noted different hazard ratios for risk
prediction at 1, 5, and 10 years post-transplantation
using the ISHLT database. This fact is critical to un-
derstanding the results of different studies and to the
future success of a heart transplant allocation score
that will balance waitlist mortality with post-
transplantation survival.
Role of pat ient sex in surv iva l . Sex is a strong
predictor of heart transplant waitlist mortality with
many identified sex interactions (7,25). However, in
our analysis and in a recent publication (26), sex was
neither a significant nor important variable associ-
ated with predicting post-transplantation mortality
despite women living longer than men. Furthermore,
there were few sex interactions identified by either of
2 methods used and those identified were not highly
predictive of survival. We did discover that sex dif-
ferences in mortality was driven by sex differences in
the late unadjusted hazard phase, yet other risk fac-
tors better predicted survival than sex when
analyzing mortality by conventional parametric and
machine learning non-parametric methods. Although
we did not identify significant sex differences in post-
transplantation survival, it is important to mention
possible selection bias given the fact that women are
less likely to survive than men on the transplant
waiting list.
Risk factors pred ic t ive of post- t ransp lantat ion
morta l i ty . The majority of risk factors predicting
mortality in our analysis were limited to recipient
factors which have been previously described but not
known to vary in strength across time or to have any
interactions that change with time. One of the first
studies to use both donor and recipient characteris-
tics to predict graft loss within the first year of
transplantation was performed by Hong et al (4).
They analyzed 11,703 patients transplanted in the
United States from 2001 to 2007 and found mostly
recipient characteristics influencing early death
including age, prior cardiac surgery, etiology
(congenital and amyloidosis), diabetes complicated
by stroke, renal function, serum bilirubin, mechanical
ventilation, mechanical circulatory support, and
hospitalization at time of transplantation. Donor risk
factors included donor-heart ischemic time, heart
transplant sex-mismatch, donor hepatitis C status,
donor with insulin-dependent diabetes, and donor
age. Their survival model, known as the risk



FIGURE 2 Heart Transplantation Risk Factors With Sex Interactions

The cohort included all patients who underwent heart transplant from January 1, 2004 to

June 30, 2018. Variables significant for either men or women were included in a final

model and only those with sex interaction were included in the figure. The main effect and

interaction are shown for early, constant, and late risk for post-transplant survival. The

dashed vertical line is showing a hazard ratio of 1 (no effect). Sex interactions are

identified in red. BMI ¼ body mass index; BSA ¼ body surface area; CNS ¼ central

nervous system.
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stratification score, proceeded the time of effective
hepatitis C therapy and routine use of continuous-
flow left ventricular assist devices. Trivedi et al. (21)
assessed 17,131 adult patients in the OPTN/United
Network for Organ Sharing (UNOS) database trans-
planted between 2005 and 2013 to identify factors
affecting long-term survival. High recipient risk fac-
tors affecting long-term mortality were age >65 years,
body mass index >30 kg/m2, mean pulmonary artery
pressure >30 mm Hg, total bilirubin >1.5 mg/dl,
serum creatinine >1.5 mg/dl, prior heart transplant,
prior cancer, mechanical ventilation, and use of non–
continuous-flow left ventricular assist devices. There
were few donor risk factors affecting long-term sur-
vival with the most essential being age >50 years,
diabetes mellitus, and mismatch of donor/recipient
sex. Risk of death for all patients receiving trans-
plants increased with presence of multiple risk fac-
tors and ischemic time >4 h. Recipient risk factors
were more predictive than donor and best outcome
for a high-risk recipient was if donor was low risk.
Finally, Nilsson et al. (5) recently published the In-
ternational Heart Transplant Survival Algorithm
(IHTSA) to assess heart transplant long-term survival.
They included 56,625 adult patients in the ISHLT
registry who underwent transplantation from 1994 to
2010. Their analysis identified 32 recipient risk vari-
ables and 11 donor risk factors with time-dependent
hazards (1-, 5-, and 10-year survival post-
transplantation). The most important variables
predictive of mortality in their analysis were recipient
age, type of heart disease, history of prior trans-
plantation, and mechanical ventilation before trans-
plantation. Donor factors included age, cause of
death, sex, and diabetes.

Weiss et al (22) published another model called the
Index for Mortality Prediction After Cardiac Trans-
plantation (IMPACT) predicting 1-year mortality post-
transplantation derived from 21,378 patients in the
United States transplanted between 1997 and 2008
(Table 4). Their model used only recipient character-
istics and found similar risk factors but also identified
race (black patients had higher mortality risk than
white patients), sex (women had higher risk than
men), dialysis (one of the strongest risk factors for
mortality), and infection requiring intravenous anti-
biotics at time of transplantation. Although ventric-
ular assist devices were deemed high risk for
mortality, the risk was much lower than ECMO. When
IHTSA was compared to the IMPACT model, IHTSA
better predicted 1-year mortality (27). IHTSA used a
flexible, nonlinear artificial neural network to predict
survival that could handle complex interactions un-
like the other survival models that used conventional
statistical methods (multivariable logistic regression
and multivariable Cox-proportional hazards models)
and assumed a linear relationship of continuous
variables to outcome.
In teract ion of var iab les in pred ic t ing post-
t ransplantat ion surv iva l . Interactions were easily
identified by RSF and their importance varied with
follow-up time. To the best of our knowledge, these
interactions have not been previously described.
Among the most important was the relationship
between hepatic and renal dysfunction. These var-
iables reflected severity of illness with end-organ
dysfunction at time of transplantation. Mechanical



FIGURE 3 Interactions Among Variables of Importance Predicting Heart Transplantation Survival

Heat map of interactions among variables of importance predicting survival at 90 days, 1 year, 5 years, and 10 years were identified with least significant interactions

colored pink and most significant interactions colored dark blue. BMI ¼ body mass index; DCM ¼ dilated cardiomyopathy; ECMO ¼ extracorporeal membrane

oxygenation; GFR ¼ glomerular filtration rate; ICM ¼ ischemic cardiomyopathy; Ins. ¼ insurance; Tbili ¼ total bilirubin; other abbreviations as in Figure 2.
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ventilation had an additive risk for early mortality.
In contrast, age of donor and recipient at time of
transplantation affected survival in the later phase.
Based on our analysis, we believe these interactions
should be considered in allocation decisions. For
instance, long ischemic times may be better toler-
ated in the early postoperative period among those
who have no significant end-organ dysfunction.
Furthermore, to prevent organ wastage, trans-
plantation should occur either before the



FIGURE 4 Predicted Heart Transplantation Survival According to Donor Age and Bilirubin the Interaction Between Donor Age and

Total Bilirubin to Predict 90-Day, 1-Year, 5-Year, and 10-Year Heart Transplantation Survival Are Shown in 3-Dimensional Plots

Hsich et al. J A C C : H E A R T F A I L U R E V O L . 8 , N O . 7 , 2 0 2 0

Heart Transplantation J U L Y 2 0 2 0 : 5 5 7 – 6 8

566
development of end-organ dysfunction or after
stabilizing the patient and improving organ func-
tion. We also envision that the many interactions
discovered in our analysis will later be used to
create an allocation score. Future allocation
efforts must balance fair distribution of organs with
utility.
STUDY LIMITATIONS. The major limitation of our
analysis was use of a large national heart transplant
database restricted by accuracy of data entry, vari-
ables collected, and lack of data regarding organ re-
covery or failure necessary to create continuously
updated mortality estimates (28). Although data en-
try is always limited by human error, the SRTR data-
base minimizes this risk by edit checks, validation of
data at time of entry, and internal verification when
there are outliers. Data quality is further improved at
every transplant center by UNOS and the Centers for
Medicare and Medicaid Services (CMS) audit checks
are performed routinely every few years (29). The
data did not include known prognostic risk factors
such as natriuretic peptides, serum sodium, heart
rate, and blood pressure, although these are usually
available and collected at individual centers (30–33).
Our analysis is also retrospective, limited to a pro-
spective database that does not include all con-
founders, and did not focus on the thresholds of
values for end-organ dysfunction that still may result
in safe transplantation. These factors will be neces-
sary in the future to quantify transplant benefit or the



TABLE 4 Comparison of Mortality Risk Predictors for

Heart Transplantation

RSS IMPACT
Trivedi

et al. (21) IHTSA

Mortality prediction Early Early Late Late

Recipient risk factors

Age þ þ þ þ
Sex þ þ
Race þ
Height þ
Weight þ
Body mass index þ
Prior cardiac surgery þ þ
Type of heart disease þ þ þ þ
Diabetes mellitus þ
Diabetes mellitus with stroke þ
Hypertension þ
Prior cancer þ
Anti-arrhythmic drugs þ
Intravenous antibiotics þ þ
Prior PRBC transfusion þ
PRA >10% þ
ABO blood type þ
Bilirubin þ þ þ þ
Renal function þ þ þ
Dialysis þ
Mean PAP þ
Systolic PAP þ
PVR

ECMO þ þ þ
VAD þ þ þ þ
TAH þ
IABP þ
Mechanical ventilation þ þ þ þ
Hospitalized at time of transplant þ þ

Donor risk factors

Age þ þ þ þ
Sex þ
Weight þ
ABO blood type þ
Diabetes mellitus þ þ
Hepatitis C þ
Head trauma death þ
CVA death þ

Other

Sex mismatch donor/recipient þ þ
Weight mismatch donor/recipient þ
Height mismatch donor/recipient þ
HLADR, 2 mismatch þ
Ischemic time þ þ þ þ
Transplant era þ

IHTSA ¼ International Heart Transplant Survival Algorithm; IMPACT ¼ Index for
Mortality Prediction After Cardiac Transplantation; PRA ¼ panel reactive antibody,
PRBC ¼ packed red blood cell, PVR ¼ pulmonary vascular resistance, RSS ¼ risk
stratification score; other abbreviations as in Table 1.
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balance between fairness of distribution with utility
among critically ill patients. In addition, there are
scant amount of variables that account for neighbor-
hood risk factors that likely affect survival. Finally,
the risk factors defining the late phase of mortality
were likely related to transplantation complications
such as malignancy, allograft vasculopathy, and renal
failure, which are time-varying covariates that may
not correlate with risk factors at time of trans-
plantation. This important fact is why it is necessary
to distinguish the different temporal phases of mor-
tality and better understand their importance to
improve clinical care and decision-making.

CONCLUSIONS

Recognizing the recipient and donor characteristics
that are associated specifically with increased post-
transplantation mortality has possible clinical impli-
cations for avoiding organ wastage. Chief among
these is end-organ dysfunction (hepatic, renal, and
pulmonary). We hypothesize that the timing of
transplantation from ECMO should take into account
patient stability and improvement/normalization of
end-organ function as a strategy to reduce early post-
transplantation mortality. If those goals cannot be
met, transition to durable mechanical circulatory
support is warranted.

ADDRESS FOR CORRESPONDENCE: Dr. Eileen M.
Hsich, Kaufman Center for Heart Failure, Heart and
Vascular Institute, Cleveland Clinic, J3-4, 9500 Euclid
Avenue, Cleveland, Ohio 44195. E-mail: Hsiche@ccf.org.
PERSPECTIVES

COMPETENCY IN MEDICAL KNOWLEDGE: This is an in-

depth analysis of heart transplantation survival notable for the

discovery of 3 phases of survival and many novel interactions

predicting mortality. This study is relevant given recent concerns

regarding possible worse post-transplantation survival with the

new heart allocation system.

TRANSLATIONAL OUTLOOK: Better pairing of donor and

recipient can be achieved with better understanding of risk fac-

tors. This study is relevant given need to follow outcomes with

the new heart allocation system.
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