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1 | INTRODUCTION

In 1994, the Centers for Disease Control and Prevention (CDC)
and the Public Health Service (PHS) released guidelines classify-
ing donors at risk of transmitting human immunodeficiency virus
(HIV) through organ transplantation.1 In 2013, the guidelines were
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Introduction: Over 19% of deceased organ donors are labeled increased risk for disease
transmission (IRD) for viral blood-borne disease transmission. Many potential organ recipi-
ents need to decide between accepting an IRD organ offer and waiting for a non-IRD organ.
Methods: Using machine learning and simulation, we built transplant and waitlist sur-
vival models and compared the survival for patients accepting IRD organ offers or
waiting for non-IRD organs for the heart, liver, and lung. The simulation consisted of
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waiting and receiving a non-IRD organ.

Results: In the simulations, the 5-year survival probabilities of heart, liver, and lung recip-
ients who accepted IRD organ offers increased on average by 10.2%, 12.7%, and 7.2%,
respectively, compared with receiving a non-IRD organ after average wait times (190,
228, and 223 days, respectively). When the estimated waitlist time was at least 5 days
for the liver, and 1 day for the heart and lung, 50% or more of the simulations resulted in
a higher chance of 5-year survival when the patient received an IRD organ versus when
the patient remained on the waitlist. We also developed a simple equation to estimate
the benefits, in terms of 5-year survival probabilities, of receiving an IRD organ versus
waiting for a non-IRD organ, for a particular set of recipient/donor characteristics.
Conclusion: For all three organs, the majority of patients are predicted to have higher 5-

year survival accepting an IRD organ offer compared with waiting for a non-IRD organ.
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updated to include donors at risk of transmitting hepatitis B (HBV)
and hepatitis C (HCV).2 These donors are known as increased risk
for disease transmission donors (IRD). Even though donors are now
universally screened for HIV, HBV, and HCV by nucleic acid testing
(NAT), NAT can be negative during the eclipse phase (the time during

early infection when a virus is not detectable in blood). In part due
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to the opioid epidemic, over 19% of organ donors were classified as
IRD in 2014.2 Many organ recipients may have to decide between
accepting an IRD organ offer and remaining on the waitlist for anon-
IRD organ.2

To shed light on the decision of receiving an IRD organ versus
waiting for a non-IRD organ, we developed survival models for an
HCV-negative recipient receiving an IRD organ, receiving a non-IRD
organ, and remaining on the waitlist. We developed models for the
heart, liver, and lung, and we simulated thousands of patient scenar-
ios. For each organ, we computed the survival probability difference
for receiving an IRD organ versus the alternative of waiting for a
non-IRD organ, at different time points including the mean, half the
mean, and one standard deviation above the mean wait time.

Minimal risk for IRD organs and similar survival rates to non-
IRD organs have been reported for the heart,>* liver,” and Iung.‘{”7
Further, survival benefits have been reported for accepting IRD
organ offers compared with declining them for the kidney® and
liver.? Organs recovered from IRD donors are also more likely to be
from younger and healthier donors.? Yet, IRD organs continue to
be underutilized compared with non-IRD organs,'® and there has
been reported fear of using them,™ indicating the need for more
research to investigate and disseminate the potential advantages
of their use. In 2017, Volk et al concluded that “The PHS ‘increased
risk’ label appears to be associated with nonutilization of hundreds
of organs per year."!°

To our knowledge, this is the first study to quantify the benefit
of accepting an IRD heart, lung, or liver, in a simple equation that in-
corporates individual recipient and donor characteristics, that is, for
a specific recipient-donor pair. Further, for the heart, liver, and lung,
this study is the first to simulate thousands of different patient sce-
narios and compare survival probabilities for receiving an IRD organ

versus waiting for a non-IRD organ for various wait times.

2 | METHODS

For each of the three organs, we created three separate survival
models for HCV-negative recipients (a) M 5: a patient receiving an
IRD organ; (b) M, ., jrp: @ Patient receiving a non-IRD organ (after
a certain wait time); and (c) M, .+ a patient remaining on the trans-
plant waitlist. Hence, we developed nine survival models in total.
For each organ, we then simulated 20 000 different scenarios and
compared the survival if the recipient received an IRD organ im-
mediately or waited for a non-IRD organ. We used the simula-
tion results to develop a linear regression model for each of the
three organs, with each regression yielding a simple equation to
estimate the predicted difference in the 5-year survival probabil-
ity of receiving an IRD organ versus waiting for a non-IRD organ,
for a particular set of recipient-donor characteristics. In addition,
for patients who died on the waitlist, we estimated survival prob-
abilities for the scenarios if they had received an IRD organ after
waiting for 50%, 75%, and 90% of the actual time they were on the
waitlist prior to their death.

The computations were performed using the statistical soft-
ware R version 3.3.2.*2 Several key packages are listed in the

references.'318

2.1 | Data and data preparation

The data, a Standard Transplant Analysis and Research (STAR)
file, were obtained from the United Network for Organ Sharing
(UNOS).*?2° These data can be accessed from https://optn.trans
plant.hrsa.gov/data/request-data/. The dataset contains records of
transplants performed in the United States from 1987 to 2014.

For each organ, we used data from patients who entered the
waitlist or received a single-organ transplant from the date of the
first IRD transplant record in the dataset (June 16, 2001, for the
heart and liver, and March 30, 2004, for the lung) until August 26,
2013, when the IRD guidelines were updated. Given the many com-
mon aspects of the 1994 and 2013 guidelines,2 we considered the
1994 guidelines, because at the time of this study we did not have
more than 5 years of survival data from transplant records after the
announcement of the 2013 guidelines. When building and testing
the predictive models, transplants from donors who tested positive
for any of HCV antibody, HCV RNA, or HCV RIBA status were re-
moved, because the risks of blood-borne viral transmission are dif-
ferent for this population. Further, only HCV-negative transplant
recipients were considered when building and testing the predictive
models.

In the predictive models and the simulation, for each organ we
removed variables from consideration if they had more than 5%
missing data, unless they had been identified as important predic-
tors for recipient survival for that organ in several previous stud-
ies.?13¢ |n the latter case, we removed an “important” variable if
it had more than 20% missing data. To predict the values of miss-
ing data for the variables included in the model, we used predic-
tive mean matching imputation for numerical variables, Bayesian
logistic regression for categorical variables with two categories,
and multinomial Bayesian regression for categorical variables with
more than two categories.>” We did not use data imputation for
recipient HCV status or for donor IRD status (the proportions of
missing data for these variables were 10% and 23% for the heart,
11% and 26% for the liver, and 10% and 1% for the lung, respec-
tively); we removed the corresponding observations with missing
values when building the models. We also did not use imputation
for donor HCV antibody, HCV RNA, or HCV RIBA status (which had
over 95% missing data for each organ); however, we did not remove
the observations with missing values and instead removed donors
who tested positive. Imputing HCV status could be misleading be-
cause we could not find variables in our dataset that can be used to
impute it accurately.

One of the variables, patient diagnosis, contained a large number
of categories (>30 for each organ). Hence, we grouped the values
for these categories into five larger groups, by combining catego-
ries with similar transplant survival after controlling for other factors
(Table S1).


https://optn.transplant.hrsa.gov/data/request-data/
https://optn.transplant.hrsa.gov/data/request-data/

MARK ET AL.

We considered an observation as censored in our transplant
survival models (M5 and M, :p) if the transplant record does
not have an exact time of death after surgery and instead has the
last known follow-up time for which the patient was alive. We con-
sidered an observation as censored in our waitlist survival models
(M

time, or was removed from the waitlist for any reason other than

wait) if @ patient was still waiting at the last recorded follow-up
death. Observations without a censored status or follow-up/death
time were removed from the analysis. Table 1 shows the number
of observations, variables, observations with missing data, and cen-
sored observations for the data that we used to build the three mod-
els for each organ.

2.2 | Selecting variables for survival models

We selected the variables to use in each of our nine models except
for the lung IRD model, by taking the intersection of the top 10
variables chosen by permutation importance using random sur-

vival forests®®37

and the variables corresponding to the nonzero
coefficients of a Cox-Lasso model.*° For the lung IRD model, we
took the intersection of the top 5 variables (instead of the top
10) chosen by permutation importance and the nonzero coeffi-
cients of a Cox-Lasso model, because the lung had a small num-
ber of IRD observations. Using too many variables may overfit the
model. Harrell's concordance index was used to calculate the dif-
ference in error rates in the permutation importance calculation.*!
Imputation was used to predict the values of missing data prior
to variable selection. Imputation was then performed again using
only the variables selected, when training the predictive models.
The response variable (survival time and censored status) was not
used when performing imputation in the out-of-sample data when
cross-validating our models.

For Mzp and M__ . rp for all organ types, we added the vari-

ables, recipient functional status at transplantation, and recipient

TABLE 1 Dataused in the analysis

Organ Model

Heart IRD

non-IRD

wait

Liver

RD
non-IRD

wait

Lung

M
M
M
M
M
M
Miro
Mion-RD

M

wait
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age (if it was not already selected by the variable selection meth-
ods), to control for differences in the population who received IRD
transplants vs. those who received non-IRD transplants. The func-
tional status takes on values ranging from O to 100 in increments
and gives information on a patient's ability to perform daily tasks
and M

\rp are used to predict the survival if a patient chooses to wait for a

and the amount of assistance they need. Because M.,
non-IRD organ, we only considered the variables that are known at
waitlist registration in these models (eg, there is no donor variable
in M
we added a variable to indicate the time that a patient was on the

wait FOr M rp. after using our variable selection method,
waitlist because the estimated wait time is an input in our simula-
tion. This variable helps take into account how the health status
and variable values of the patient may have changed between reg-
istration and transplantation. Table 2 shows the variables selected
for each of the nine models. Table S2 gives a description of the
variables used in the predictive models, and Table S3 shows the
variables with the top 10 permutation importance measures that
were also selected by Lasso and shows the variable name used in
the UNOS data.

2.3 | Building survival models

Migp and M_ o predict the post-transplant survival, and M.,
predicts the waitlist survival probabilities (for up to 5 years in our
computations). We compared the predictive performance of the
Cox proportional hazards model*? to random survival forests with
conditional inference trees as base learners'®%"*3 based on Harrell's
concordance index. We used random forest parameters for the
construction of unbiased random forests suggested by Strobl et
al.** The random survival forest models each used 500 trees, and
each decision tree only allowed a split to occur if the split statis-
tic exceeded 0.25. The Cox model performed better or the same

across all scenarios except for M, for the heart (in which Harrell's

Observations Variables
with missing data considered
for any variable before
considered before variable
Scenario  Observations variable selection  Censored selection
IRD 1578 0.9% 79.8% 128
Non-IRD 16 346 1.2% 78.5% 30
Waitlist 38388 0.6% 88.4% 26
IRD 1980 0.9% 82.5% 125
Non-IRD 24 952 1.2% 81.3% 30
Waitlist 124 6797 1.2% 85.4% 26
IRD 1010 0.6% 62.7% 123
Non-IRD 12013 0.3% 60.4% 28
Waitlist 19 217 0.5% 89.6% 29

®We used a random sample of 100 000 observations to train our predictive model for scenarios
where the number of observations exceeded 100 000.
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TABLE 2 Variables used in the predictive models. See Table S2 for a description of the variables

Organ

Heart

Liver

Lung

MIRD

Recipient age

Donor age

Recipient serum creatinine at time of
transplant

Deceased donor mechanism of death

Recipient primary diagnosis

Recipient functional status at transplant

Deceased donor was given insulin
within 24 h prior to cross-clamp?

Recipient most recent absolute creati-
nine at registration

Recipient primary payment source at
transplant

Recipient transfusions occurring be-
tween listing and transplant?

Recipient age

Recipient ascites at transplant
Recipient BMI (body mass index)

Most recent recipient waiting list dialy-
sis twice in prior week or at removal if
removed

Recipient functional status at transplant

Recipient initial waiting list serum
creatinine

Recipient on life support at transplant

Recipient medical condition at
transplant

Recipient on ventilator at transplant

Deceased donor-terminal SGPT (serum
glutamic-pyruvic transaminase)/ALT
(alanine aminotransferase)

Recipient age

Recipient primary diagnosis

Recipient functional status at transplant

Recipient lung diagnosis grouping

Donor height (cm)

Mncm-IRD

Recipient cigarette use

Recipient total days on waiting list

Recipient ethnicity

Recipient functional status at
registration

Recipient age in years at registration

Recipient most recent absolute creati-
nine at registration

Recipient prior cardiac surgery at list-
ing (nontransplant)

Recipient primary payment source at
registration

Recipient diagnosis

Recipient total serum albumin at
registration

Year recipient placed on waiting list

Recipient total days on waiting list

Recipient diagnosis
Recipient diabetes at registration

Recipient functional status at
registration

Recipient age in years at time of
registration

Initial waiting list use MELD (model
for end-stage liver disease) or PELD
(pediatric end-stage liver disease
model)

Recipient initial waiting list serum
creatinine

The number of previous recipient
transplants

Recipient previous upper abdominal
surgery at registration

Recipient primary payment source at
registration

Recipient total days on waiting list

Recipient functional status at
registration

Recipient lung diagnosis grouping

Recipient age in years at time of
registration

Recipient lung preference at
registration

M

wait

Recipient on life support—ECMO (extracorporeal
membrane oxygenation) at registration

Recipient functional status at registration

Recipient height at registration

Recipient age in years at time of waitlist registration

Recipient initial waiting list status code

IV (intravenous) inotropes at registration
Recipient on life support
Recipient most recent absolute creatinine at

registration

Recipient type of VAD (ventricular assist device)
device at registration

Recipient on life support—ventilator at registration

Year recipient placed on waiting list

Recipient type of exception relative to HCC (hepato-
cellular carcinoma)

Recipient functional status at registration
Recipient age in years at time of waitlist registration
Recipient initial waiting list albumin

Recipient initial waiting list bilirubin

Recipient initial waiting list INR (international normal-
ized ratio)

Recipient initial waiting list serum creatinine

Recipient initial waiting list status code

Recipient on life support

Recipient on life support—ventilator at registration

Year recipient placed on waiting list

Recipient cigarette use

Recipient functional status at registration

Recipient lung diagnosis grouping

Recipient age in years at time of registration

Recipient O2 requirement at rest at registration

(Continues)
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TABLE 2 (Continued)

Organ My, M on-IRD

Deceased donor history of cigarettes

in past listing

Recipient primary payment source at

registration

UNOS/OPTN region where listed/

transplanted

Recipient diagnosis

concordance index was 0.005 lower in the Cox model). Hence, we
built M gp, M D, and M
Foreachorgan,M;pandM_ - were trained on all HCV-negative

; using the Cox model.

non-IR wai

transplant recipients who received that organ from an IRD donor and a
non-IRD donor, respectively. For each organ, M, _;, was first trained on
all waitlist patients for that organ, and some of those patients may be
HCV-positive. Note that the HCV status of patients was not recorded
in our data at waitlist registration (it was recorded at the time of trans-
plantation). In general, it is expected that the average difference in
the survival probability of an HCV-negative versus an HCV-positive
recipient with the same characteristics (if they had received the same
organ) would be positive. Let us denote the post-transplant survival
probability difference t days after transplantation between HCV-nega-
tive recipients and all recipients (which includes both HCV-positive and
HCV-negative recipients) by At. To estimate the waitlist survival for
HCV-negative patients, we added At to M
the estimated waitlist survival model trained on all patients.

wait at €ach time point, from

The random survival forests models were implemented using the

» 18,43

“cforest” function of the R package “party”, and the cox model

was implemented using the “coxph” function in the “survival’!®

pack-
age. The following parameters were used in the “cforest” function:
mtry = ceiling(sqrt([number of variables in model])), ntree = 500, test-
stat = “quad”, testtype = “Univ,” mincriterion = 0.25, replace = FALSE,

and fraction = min(0.632, 40 000/[training data size]).

2.4 | Simulations

For each organ, we generated 20 000 random samples of the follow-
ing combinations of all variable values used in the predictive models:
sampling with replacement from the data for numerical variables,
and up to the top three most common values for categorical vari-
ables where the probability of sampling each category was propor-
tional to the data. For each recipient, we chose a random waiting
time based on the wait time data for each organ: either 1 day, half the
mean, the mean (190, 228, and 223 days for the heart, liver, and lung,
respectively), or one standard deviation (342, 455, and 399 days for
the heart, liver, and lung, respectively) above the mean. For vari-
ables recorded both at transplantation and at waitlist registration,
we used the mean and standard deviation of the values recorded at
transplantation. These scenarios represent common characteristics

of recipient-donor combinations.

Recipient O2 requirement at rest at

WILEY--2°

M

wait

Recipient lung preference at listing

UNOS/OPTN region where recipient listed/
transplanted

Recipient diagnosis

Year recipient placed on waiting list

Using the predictive models M, M and M onro, fOr each
recipient we compared the survival probabilities of receiving an IRD

fol-

wait?

organ (M) to waiting and receiving a non-IRD organ (M, ...
lowed by M, \rp)

Next, we addressed the following question: What is the thresh-
old for the estimated wait time, such that if the estimated wait time
exceeds that threshold it is generally more beneficial for a recipient
to receive an IRD organ versus waiting and later receiving a non-IRD
organ? To answer this question, we used 10 000 out of the 20 000
random samples originally generated for each organ, and calculated

survival curves (using M pp, and M, ., followed by M_ - -) for sev-

wait
eral more wait times, in increments of 5 days. For the threshold, we
choose the wait time where roughly 50% of the simulations showed
higher survival probabilities when receiving an IRD organ versus

waiting for a non-IRD organ.

2.5 | Benefit equation

For each scenario in the simulation, we calculated the difference
between the predicted probability of surviving 5 years after wait-
ing and receiving the non-IRD organ, and the predicted probability
of surviving 5 years after receiving the IRD organ immediately. For
each of the three organs, we then used a linear regression to esti-
mate the benefit (increase or decrease in 5-year survival probability)
from receiving an IRD organ compared with waiting for a non-IRD
organ for each recipient-donor pair. We call this model the benefit
equation. We multiply the predictions from the equation by 100 so
that the values are on a scale of =100 to 100. The values from the
equation predict the increase (or decrease) in survival probability,
multiplied by 100 to be on a scale of =100 to 100, for receiving an
IRD organ vs. waiting for a non-IRD organ for a particular set of
recipient and donor characteristics and wait times.

The coefficients of the linear regression can be interpreted as
follows: For numerical variables, a variable's coefficient is the re-
cipient's percentage increase/decrease in 5-year survival when re-
ceiving the IRD organ compared to waiting for a non-IRD organ,
for every one-unit increase in the value of the variable, holding the
rest of the variables constant; for a binary categorical variable, the
coefficient is the recipient's percentage increase/decrease in 5-year
survival when receiving the IRD organ vs. waiting for a non-IRD
organ, for being in that category (corresponding to the coefficient)
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compared with not being in that category, holding the rest of the
variables constant. For each organ, we tested the performance of
the benefit equation using 10 random samples of 80% training data
and 20% out-of-sample data and compared our equation's predicted
benefit with the results of the simulations.

2.6 | Predicted IRD transplant survival for recipients
who died on the waitlist

For each organ, we calculated the predicted survival of patients (in
our data) who died on the waitlist, if they had instead received an
IRD organ with average donor characteristics after waiting for one
of three possible wait times: 50%, 75%, or 90% of the time that they

remained on the waitlist before they died. We first used M _.. to com-

wait
pute their survival probabilities on the waitlist. We then used M’IRD‘ a

modification of M., to compute their survival probabilities receiving

IRD?
an IRD organ. In M’IRD‘ for all variables recorded both at transplant
and at waitlist registration, we used the variable at registration and
we added a variable to indicate the amount of time the patient waited
on the waitlist to account for changes in the patient's characteristics
and health status between waitlist registration and transplant. We set
the value for variables that were only known at transplantation to be
the average in our data, because this information was not known yet
for the patients on the waitlist. For each organ, these averages were
calculated using IRD transplants for that particular organ. Imputation
was used to predict the missing values for the variables with partially
missing information. When training the model for M’IRD, we did not
exclude HCV-negative recipients because the patients who died on
the waitlist included both HCV-positive and HCV-negative recipients.
We also did not shift their survival to adjust it to the HCV-negative

population when using M, ...

3 | RESULTS

Table S4 shows the performance of each of the nine models based
on ten cross-validation samples with 80% training data and 20% out-
of-sample data. It also shows the comparison of the predictive mod-
els using both the Cox proportional hazards model and the random

survival forests model.

3.1 | Survival curves

Figure 1 shows the example of survival probabilities from our mod-
els. In general, for average wait times and characteristics, the sur-
vival probabilities are higher for recipients accepting IRD organ
offers versus waiting and receiving non-IRD organs.

3.2 | Simulation results

Table 3 shows that for all three organs, the majority of scenarios
have a higher predicted 5-year post-transplant survival if a re-
cipient accepts the IRD organ offer versus waits and receives a

"
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FIGURE 1 Survival probability curve of recipients receiving an
IRD organ (in blue) and recipients waiting for a non-IRD organ (in
black and red) by organ for the heart, liver, and lung. The predicted
survival curves are for a patient who has characteristics of the
average numerical variables, and the most common categorical
variables used in the predictive models for each scenario. The mean
waiting times are 190, 228, and 223 days for the heart, liver, and
lung, respectively. Before transplantation with a non-IRD organ,
the survival curve represents the waitlist survival (in black). After
transplantation with a non-IRD organ, the survival curve then
becomes the curve for patients who have received a non-IRD
organ (in red), after waiting for the average waiting time in the data.
Further comparisons between receiving IRD and non-IRD organs
after different waiting times are shown in the simulation results in
Section 3.2

non-IRD organ, with the difference in survival probabilities being
10.2% for hearts, 12.7% for livers, and 7.2% for lungs, respectively,
for average organ waitlist times (190 days for the heart, 228 days
for the liver, and 223 days for the lung). The percentage of simu-
lations with a higher survival probability was 81.1% for hearts,
82.9% for livers, and 69.9% for lungs. Longer estimated wait times
lead to a greater positive difference in survival probabilities for pa-
tients accepting IRD organ offers. For the heart and lung, receiving
an IRD organ versus waiting only one day and receiving a non-IRD
organ has similar 5-year survival probabilities. For the liver, receiv-

ing an IRD organ versus waiting for 5 days and receiving a non-IRD
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TABLE 3 Percentage of simulations
with a higher 5-y survival probability of
receiving an IRD organ versus waiting for
a non-IRD organ, and the predicted 5-y
survival probability for receiving an IRD
organ minus the 5-y predicted survival
probability of waiting for a non-IRD organ

WILEY-7

Predicted 5-y survival
probability of receiving an
IRD organ minus the 5-y
predicted survival probabil-
ity of waiting for a non-IRD
organ, averaged over all

Percentage of simulations
with higher 5-y survival
probability of receiving an
IRD organ versus waiting for

Organ Days on Waitlist  a non-IRD organ scenarios

Heart 1 48.4% -1.0%
95 (1/2 mean) 75.2% 7.0%
190 (mean) 81.1% 10.2%
532(1SDabove  89.1% 16.9%

mean)

Liver 1 45.6% -0.6%
114 777% 8.1%
228 82.9% 12.7%
684 88.5% 21.4%

Lung 1 49.4% -1%
112 65.6% 4.3%
223 69.9% 7.2%
622 74.3% 11.4%

Note: For the simulations, when sampling from the data, we only considered HCV-negative recipi-
ents and transplants from donors who tested positive for any of HCV antibody, HCV RNA, or HCV
RIBA status were removed.

organ has higher 5-year survival probabilities in roughly 50% of
the simulations. Figure 2 shows the survival probabilities for IRD

organ recipients at time points other than 5 years.

3.3 | Benefit equation

Table S5 shows the benefit equation built from the simulation re-
sults for each organ. Table S6 shows an example use of the benefit
equation for each organ. Table S7 shows the results of the linear
regression used to construct the benefit equation. The root mean
square errors (RMSE) of testing the benefit equations on the simu-
lation results (comparing our equations' predicted benefit with the
results of the simulations) are 5.4, 9.0, and 5.3 for the heart, liver,
and lung, respectively (in comparison, the RMSE using random
guessing from a normal distribution with the mean and standard
deviation from the results of the simulation is 20.6, 23.6, and 21.6,

respectively).

3.4 | Patients who died while on the waitlist

For a patient p who died on the waitlist, let Wp denotes the number
of days the patient remained on the waitlist until death. Our models
predict that over 97% of the patients who died on the waitlist were
predicted to live longer if each patient p received an IRD organ
after waiting for W /2 days (Table 4). For those 97% of patients, if
they had received an IRD organ, the post-transplant survival prob-
ability would be >50% after Wp days. Table 4 also shows the per-
centage of patients that were predicted to live longer if they had
received an IRD organ after a wait time of O.75Wp and O.S’Wp days.

4 | DISCUSSION

For all three organs, over 69% of simulated patients have a higher
predicted survival accepting an IRD organ offer compared to wait-
ing for a non-IRD organ with average wait times in our data. The
difference between the 5-year survival probabilities of receiving an
IRD organ versus waiting for 1 day and receiving a non-IRD organ is
within 1% on average across all scenarios. This difference is positive
in roughly 50% of the simulations when the estimated wait time is
5 days (or longer) for the liver and 1 day (or longer) for the heart and
lung. As estimated wait times increase, the difference also increases,
suggesting that patients who are likely to remain longer on the wait-
list would benefit more from receiving an IRD organ (versus waiting
and receiving a similar non-IRD organ later). For any of the three
organs, an estimated increase (or decrease) in 5-year survival prob-
ability for receiving an IRD organ versus remaining on the waitlist for
a particular set of recipient and donor characteristics, and particu-
lar wait times, can be quickly found using the benefit equations. As
Table 3 shows, survival probability benefits differ by organ. This may
be in part because of differences in the organ allocation systems.
Further research can be done to investigate how different organ al-
location systems and incentives to discard or receive an organ can
affect organ discard rates.

For the heart, liver, and lung, previous studies compared the sur-
vival of IRD organs to non-IRD organs using a retrospective analysis
that divided the population into two groups. While a large-scale sim-
ulation, where comparisons were made for thousands of scenarios,
was conducted for the kidney,8 to our knowledge, this has not been
performed for the heart, liver, and lung.
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Days After Transplant Days After Transplant
. o . .. TABLE 4 Percentage of potential
Hypothetical days on waitlist until receiving IRD .. . - .

. . recipients who died on the waitlist, with
organ as a percentage of the time the patient actual >50% predicted probability of survivin
died on the waitlist 50% 75% 90% a»>tnp probability of su g

longer if they had received an IRD organ
>50% probability of surviving longer with an IRD 98.9% 98.4% 98.1%
heart
>50% probability of surviving longer with an IRD 97.5% 96.3% 95.8%
liver
>50% probability of surviving longer with an 1% 8% 9%
50% bability of iving | ith an IRD 98.1% 97.8% 97.9%

lung

Note: The results of the table are shown by organ type and by days on waiting list, after waiting

50%, 75%, and 90% of the waiting time that they actual died on the waitlist.

Further, to our knowledge, this is the first study to develop a
simple equation that estimates the difference in the survival prob-
abilities for receiving an IRD organ versus waiting and receiving a
non-IRD organ (heart, liver, or lung) for a given recipient-donor
pair.

There are several reasons behind the benefits of receiving an
IRD organ. The risk of undetected infection resulting in transmis-
sion is very small. The estimated risk of undetected HIV infection by
serologic screening among IRD donors was found to be 1/11 000
for HIV and 1/1000 for HCV.*® According to the same study, NAT
screening was projected to have even lower undetected risks. In
addition, advances in treatment for HIV and HCV have resulted in
improved mortality.***” For HBV, a highly effective protective vac-
cine is available, as well as antiviral drugs that suppress the viral

replication.*®

A limitation of our analysis is that our simulations cannot esti-
mate whether there are survival probability increases (or decreases)
for receiving IRD organs beyond a 5-year horizon. As the post-trans-
plant time horizon increases, the number of patients with available
survival data decreases. It is possible that receiving an IRD organ for
a particular scenario may result in a higher 5-year survival probabil-
ity, but waiting for a non-IRD organ may result in a higher survival
probability many years later, although this appears unlikely given ad-
vances in HIV, HCV, and HBV treatments. 648

Another limitation is that we have a relatively small sample size
of data from IRD heart, liver, and lung transplants (eg, compared with
kidney transplants). However, we still have over 1000 observations
for IRD transplants for each organ, and by conducting 20 000 sim-
ulations of recipient-donor scenarios for each organ, we were able

to predict and assess the survival benefits for significantly more
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scenarios; hence, our study complements other studies that focus
on retrospective data analysis. Third, because treatment for HIV and
HCV has improved, our models, which use data prior to 2014, are
likely to be “conservative,” that is, underestimate the survival prob-
abilities for IRD organ recipients. With current advances in HIV and
HCV treatments, we expect that the survival benefits for receiving
IRD organs would be even higher. However, at the time of this study,
we did not have 5 years of survival data from transplant records be-
yond 2014. While a comparison of survival probabilities between
IRD and non-IRD organs is important, there are other factors to
take into account when deciding whether to receive an IRD organ
such as cost and quality of life. The quality of life for a patient on
the waitlist is likely lower compared to a recipient with a functioning
transplant.*?

Patients and physicians might overestimate the risks of receiv-
ing an IRD organ, and better tools for accurately discussing the risks
during informed consent are needed.'®%%! Higher utilization of or-
gans can reduce the gap between the number of organs available for
transplantation and the number of patients on the waitlist. Reducing
this gap can provide lifesaving transplants to patients who otherwise
may die on the waitlist. This study's comparison between receiving
an IRD heart, liver, and lung and waiting for a non-IRD organ can
help physicians, patients, and researchers assess the risks of receiv-
ing or declining an IRD organ offer. Further, the methods used to
compare the survival of a patient receiving an IRD organ offer or
waiting for a non-IRD organ can be extended to other types of non-

standard donors, such as expanded criteria donors (ECD).
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