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ABSTRACT

We propose a simulation-optimization-based methodology to improve the way that organ transplant offers
are made to potential recipients. Our policy can be applied to all types of organs, is implemented starting at
the local level, is flexible with respect to simultaneous offers of an organ to multiple patients, and takes into
account the quality of the organs under consideration. We describe in detail our simulation-optimization
procedure and how it uses data from the Organ Procurement and Transplantation Network and the Scientific
Registry of Transplant Recipients to inform the decision-making process. In particular, the optimal batch
size of offers is determined as a function of location and certain organ attributes. We present results
using our liver and kidney models, where we show that, under our policy recommendations, more organs
are utilized and the required times to allocate the organs are reduced over the one-at-a-time offer policy
currently in place.

1 INTRODUCTION

Organ transplants have allowed many potential transplant patients to extend and improve the quality of
their lives by giving them the chance of receiving a functional organ. In 1984, the Organ Procurement
and Transplantation Network (OPTN) was created with the goal of overseeing the transplantation system
in the United States. As of March 2022, there were more than 105,000 candidates on the national waiting
list, and every ten minutes a new candidate is added to the list (Organ Procurement and Transplantation
Network 2020). Even though the numbers of donors and transplants have increased steadily over the years,
there is still a significant shortage of organs; about 20 people die each day while waiting for an organ
(Health Resources and Services Administration 2020). The United States had 36.88 deceased organ donors
per million population (PMP) (the second-highest rate in the world) and 22.99 living donors PMP (7th)
in 2019 (International Registry of Organ Donation and Transplantation 2019). Unfortunately, a significant
percentage of organs received by the OPTN for transplant are discarded, contributing to the demand-supply
gap. For example, 19% of kidneys are discarded, while 9% of livers are discarded (Scientific Registry
of Transplant Recipients/Organ Procurement and Transplantation Network 2019). The United Network
for Organ Sharing (UNOS)—the institution that administers the OPTN—has recently implemented several
changes in its decision-making process with the goal of improving organ utilization (United Network for
Organ Sharing 2019) (i.e., the proportion of organs ultimately transplanted out of the total number of organs
suitable for transplantation).
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Currently, after procuring an organ, OPTN generates a prioritized list of patients according to their
models of compatibility and the patients’ health markers. One-at-a-time sequential offers are made to the
respective transplant teams representing the patients, according to the patients’ placements in the priority
list for the organ, until the organ is accepted or until it becomes inviable. In the past, teams did not have a
time limit to provide an answer to the offer; but nowadays offers expire after one hour for the first (primary)
transplantation center and after 30 minutes for all the subsequent transplantation centers to which an offer
is made (United Network for Organ Sharing 2018). The creation of the prioritized patient list depends on
several factors and varies depending on the organ being offered. In fact, several articles have studied how
to create “optimal” prioritized offering lists (Zenios et al. 2000; Wolfe et al. 2007; Bertsimas et al. 2013).

Over the past few years, simulation has been widely used to study a variety of healthcare problems. For
instance, optimizing the allocation of resources (Kilinc et al. 2020) and guiding policy-making (Moustaid
et al. 2019). In the context of the transplantation system, simulation has been applied to propose and
evaluate new models (Sandikçi et al. 2019), study the roles of incentives (Konrad 2020), and test new
policies (Mankowski et al. 2019).

Our goal is to improve the organ offering system. That is, given a particular prioritized list of organ
transplant candidates, we will propose and study improvements to the process by which organs are actually
offered to those patients. It is widely known that increasing the number of donated organs that are actually
transplanted can result in great benefits to society; but there are also certain costs involved in the offering
process that need to be taken into consideration. That being said, we propose a simulation-optimization-
based methodology that helps to create a policy that maximizes the overall “gain” (defined as benefits
minus costs) accrued by the organ-allocation system during the offering process. We will use simulation
to evaluate the “gain” performance of several different policies using data from the SRTR and the OPTN.
Careful examination of the simulations’ results allows us to determine a policy that assigns the number
of offers to make simultaneously in batches for each type of organ (i.e., kidney, liver, etc.) that takes into
consideration the characteristics of the organ and the location where the organ arrived. Our contributions
are three-fold:

(i) We propose a simple, flexible, yet accurate simulation model that works for all organs and that
starts at the local level, unlike (Sandikçi et al. 2019) who assess the system at a national level.

(ii) We consider batch-offering policies as do (Mankowski et al. 2019); however, our batch sizes are
not fixed in advance, and our policies also incorporate organ characteristics and the location of the
organs into the decision-making process.

(iii) We compare the quality of organs donated under our new policy to the overall quality of organs
donated in the United States, which helps to ease concerns with respect to the use of organs that
are otherwise lost.

The rest of the article is organized as follows: Section 2 gives the model overview; specifically, Section
2.1 explains data considerations, and Section 2.2 details our simulation-optimization procedure. Afterwards,
Section 3 presents our model’s validation (compared to the SRTR and OPTN data), and Section 4 describes
our experimentation and the performance of our proposed policy. Finally, Section 5 discusses the results,
and Section 6 provides conclusions.

2 MODEL OVERVIEW

The offering policy encountered in actual practice is very complex; however, in most cases, offers are first
made for patients having the highest priority on the waiting list within the OPO/DSA (organ procurement
organization/donation service area) where the organ arrives. If no patient within that area accepts an offer
to take that organ, then the organ is offered to the highest-ranked patient on the regional priority list (each
region is formed by one or more OPOs, and each OPO is constituted by one or more transplantation
centers); and if none accept in that region, then the organ is offered nationally. For simplicity, in the rest
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of this work we will consider this offering structure, just as Mankowski et al. (2019) did. Our goal is
to maximize the overall “gain” of the transplantation system, where we consider a “profit/cost” structure
for which a successful organ transplant results in a profit; making the offers themselves incurs a small
cost; and, moreover, there is a significant disappointment cost for a patient who accepted an offered organ
but did not actually end up receiving that organ (this can happen since we are making multiple offers
simultaneously in order to increase the chance of a successful allocation).

2.1 Data

This study used data from the Scientific Registry of Transplant Recipients (SRTR). The SRTR data system
includes data on all donor, wait-listed candidates, and transplant recipients in the US, submitted by the
members of the Organ Procurement and Transplantation Network (OPTN). The Health Resources and
Services Administration (HRSA), U.S. Department of Health and Human Services provides oversight to
the activities of the OPTN and SRTR contractors.

In fact, several data sources were used in order to compute all of the needed parameters for the simulation
model. Public data from the 2018–2019 time period involving the waiting list (removals, new candidates,
and average length), transplants performed, and expected acceptance ratio of organs per transplantation
center was obtained from the SRTR (Scientific Registry of Transplant Recipients/Organ Procurement and
Transplantation Network 2019). Private OPTN data from the time period 2012–2014 involving the pool of
organs donated and organs lost was also used to evaluate the quality of organs (that time period was used
because it is the last to include that information among the files shared under the collaboration agreement
with the OPTN). Finally, the maximum cold-ischemia time (CIT, i.e., the time between the chilling of a
tissue, organ, or body part after its blood supply has been reduced or cut off and the time it is warmed
by having its blood supply restored) considered was 16 hours for livers and 40 hours for kidneys; these
values are consistent with the highest CITs encountered in practice, according to Pan et al. (2018) and
Peters-Sengers et al. (2019). We now discuss preparation of organ data, followed by that of transplantation
center data.

2.1.1 Preparation of Organ Data

We first detail the process of estimating the probability distribution of the arrival locations for the organs.
Since most of the organs are transplanted in the same OPO/DSA where they are initially offered, a reasonable
approximation of the probability of a certain organ arriving to a specific OPO/DSA given that it entered
the transplantation system can be computed by the number of transplants successfully undertaken in that
DSA, divided by the total number of successful transplants in the country.

We considered various categories representing different characteristics of the organs that were used,
classified separately by liver and kidney. These categories were selected according to what is presented
in the SRTR reports (Scientific Registry of Transplant Recipients/Organ Procurement and Transplantation
Network 2019), and are: “Donor after cardiac death” (DCD), “Hepatitis C virus positive” (HCV+), and
“Normal” for livers; and “KDRI< 1.05”, “1.05≤KDRI<1.75”, and “1.75≤KDRI” for kidneys, where
the Kidney Donor Risk Index (KDRI) estimates the relative risk of post-transplant kidney graft failures
depending on the characteristics of the deceased donor versus a reference deceased donor. For each organ
and respective category, the total number of transplants carried out was divided by the utilization rate
(percentage of organs that were actually transplanted) to obtain the total arrivals. Afterwards, the expected
number of organs arriving at each center per year was computed by averaging the number of transplants
per center (during 2018–2019), normalizing it (with respect to the United States), and then using that
proportion multiplied by the total number of organs retrieved in the country (per category) as the estimate.
For each type (kidney, liver) and category of organ, we used the data involving accepted organs per OPO
and the total number of organs of each type and category that arrived to the country’s pool to obtain the
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location probability distributions, i.e., the probability distributions of the locations (OPOs) of an arriving
organ of a specific type and category.

All the discarded organs during the 2012–2014 period were analyzed, and after excluding all organs
that were not considered apt for transplant (e.g., an organ deemed too old, poor biopsy findings, structural
damage, potential sicknesses from the donor, among other reasons) we estimated how many organs were
lost because of not being accepted before the maximum CIT was exceeded. Among discarded kidneys,
19.9% were lost because the maximum CIT was exceeded, while only 9.4% for the livers. The quality of
those organs was compared to the quality of the organs transplanted in that period by looking at relevant
health markers of the donors.

2.1.2 Preparation of Center Data

Waiting list information was used to estimate the average number of removals, new candidates, and average
length of the waiting list. The last value was used to create starting conditions for the simulation, while
the other two were used to update the waiting list during the simulation.

In addition, for each category of organ (i.e., “DCD” liver, “HCV+” liver,. . . ) we needed to compute
the probability of acceptance at a given center. For each category, using the nationwide data on offers, the
probability of an offer being accepted in the United States was computed by dividing the total number of
accepted offers for that category by the total number of offers made. Then, for each center and category,
we multiplied that probability by the offer acceptance ratio (with respect to the U.S. average) that the
(center, category) pair had according to Scientific Registry of Transplant Recipients/Organ Procurement
and Transplantation Network (2019). The use of that statistic is relevant because it considers the attributes
of the organs that were offered as well as the characteristics of the potential recipients to whom the organs
were offered. The computation of that offer acceptance ratio is carried out and reported by the SRTR.

2.2 Procedure

Using the data described previously, we built a simulation model that can simulate one year of the
transplantation system for any organ (by using the correct input parameters) under different policies. The
simulation model returns as output the total “gain” of the system (defined below) over the one-year period.

In order to obtain an optimal policy, we take the following simulation-optimization approach: For
different “batch sizes” x, we perform multiple simulation replications of the behavior of the transplantation
system for each organ separately under the policy of making batches of “x” simultaneous offers for all
organs arriving to the system. During each simulation we keep track of the “gain” of all the organs that
enter the system, where the term “gain” denotes the result of a profit/expense point system that awards
points for successful transplants, but deducts points based on transplant team decision effort as well as
disappointed potential recipients who ask for an organ that is ultimately awarded to someone else. In any
case, at the end of this phase, we obtain a “training set” (derived from all the simulations) where the
information vectors represent the organs that have arrived into the system via the triples (Category, OPO,
policy “x”), and the response vector represents the “gain” of any specific organ when it was offered in the
system. We optimize over the policies for each pair (Category, OPO) in the “training set” by finding the
value x⋆ among the possible policies “x” that maximizes the average gain for that particular pair (Category,
OPO) over the “training set”; and as such, we obtain our proposed policy that aims to optimize the “gain”
of the transplantation system. It is clear that our simulation-optimization procedure allows for different
numbers of simultaneous offers for the different (Category, OPO) pairs, which is novel when compared to
the current literature, where policies specify a fixed number of offers to be given for each organ, regardless
of the (Category, OPO) pair.

2.2.1 Simulation Initialization

To simulate one year of the transplantation system for each type of organ the following steps are executed:
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• We create each center and we initialize them with a waiting list of potential organ recipients. The
length of this waiting list is within 20% of the average size of the waiting list that the center has
experienced over time, and is computed by using a uniform integer random variable in the interval
between 80% and 120% of the average waiting list size computed in the data preparation step. We
chose the 80% and 120% bounds so as to mimic the variability exhibited by the SRTR/OPTN from
year to year over different centers.

• We determine the number of new listings for each center during the year and the number of removals
(non-transplants) associated with each center during the year. These values are also generated by
taking uniform random integers in the interval [80%,120%] of the averages obtained in the data
preparation step—again, the 80%, 120% bounds are motivated by the historical data. These system
arrivals and departures are considered to be distributed uniformly over the 365 days of the year.

• We determine the number of organs that arrive at the system in one year for each category of the
respective organ type. Once more, we do so by selecting uniform random integers between 0.8
and 1.2 times the average numbers of organs that arrived in each category nationwide; this design
choice provides variability and robustness with regard to the total organs donated, which may be
necessitated by changes in donation patterns, as well as external events (such as COVID). Then,
each organ created in the simulation is mapped to an OPO depending on the probability distribution
of the location of that specific category of organ. The time of the organ arrival is also uniform over
the year where this choice was made due to observed consistency of monthly donation data, but
also a lack of sufficient data to create separate distributions over days/weeks.

• Finally, each organ (depending on its category) has a certain probability of being discarded for
medical reasons. This way we ensure that all the organs offered are from the population of legitimate
organs that can be transplanted.

2.2.2 Simulation Logic

All the events (new patients arriving to the centers’ waiting lists, removals, and organs arriving) are added
to an event queue, and the simulation is executed by jumping discretely from event to event in time order.
In particular, every time an organ arrives, the offering procedure presented in Figure 1 is executed. Figure
2 is a simple flowchart that depicts most of the simulation process.

Due to a lack of data, we specified that the first time a center receives an offer for a specific organ,
it will take Unif(10,60) minutes to give an answer (i.e., to decide if the patient to whom the organ was
offered accepts or not). The upper bound was a known value that follows from the actual system, whereas
the distribution was selected to be uniform and the lower bound was set via expert opinion, and then tested
experimentally and tuned so as to make the model consistent (see the validation discussion in Section 3).
After that, as the center’s team already knows the specifics of the organ, the time needed by the team
to give subsequent responses for that organ (should it not be accepted in the first round) will likely be
smaller. For such subsequent responses, we assumed a uniform response time of between 0 (an “automatic”
answer) and 10 minutes for both livers and kidney, where the lower bound is known (because of automatic
rejection) and the upper bound was tested/tuned experimentally and based on expert opinion. Again, the
choice of these parameters is backed up by the model validation discussed in the next section.

3 MODEL VALIDATION

We tested the behavior of our simulation model against the SRTR data (from 2018) with the goal of
validating that it accurately reflects what happens in practice. We conducted 50 replications of one year for
livers and kidneys, and the comparisons versus the real data are presented in Tables 1 and 2, respectively
(where the entries for allocated organs, total offers, and minutes to allocate are rounded to integers). Note
that our “batching” parameter was set to x = 1, corresponding to the actual 1-offer-at-a-time policy.

1013



Erazo, Goldsman, Keskinocak, and Sokol

Offering process
ended. Update

revenues and costs,
save them in database

Inputs: Organ type,
category, arrival

OPO, and offering
policy of “x” offers

Offering process
ended. Update

revenues and costs,
save them in database

Organ donated to the
candidate with highest
priority that accepted

Start offering process

Offer accepted by a
candidate?

CIT exceeded? Organ lost

Make offers to the
“x” highest placed
candidates in the

respective waiting list.

Remaining patients in
the OPO waiting list?

Remaining patients in
the region waiting list?

Remaining patients in
the nation waiting list?

Yes

No

No

Yes

No

Yes

Yes

No

No

Yes

Figure 1: Offering procedure.

Table 1: Validation of the liver model versus SRTR Data.

1-Offer Simulation SRTR Data 2018
Organ Utilization 90.95% 91.10%
Allocated Organs 6,872 7,003

Total Offers 168,109 168,159
Minutes to Allocate 202 —

All of the simulated values are within 2% of the real values reported by the SRTR in 2018, which
helps to validate the choice of parameters and also to establish that our model accurately represents the
actual behavior of the offering system for the respective organs.1014
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Figure 2: Simulation flowchart.

Table 2: Validation of the kidney model versus SRTR Data.

1-Offer Simulation SRTR Data 2018
Organ Utilization 80.80% 81.00%
Allocated Organs 13,829 13,752

Total Offers 1,563,116 1,562,014
Minutes to Allocate 605 —

4 EXPERIMENTS

For both liver and kidney, we performed our simulation-optimization procedure with the goal of obtaining a
policy maximizing the “gain” of the transplantation system (for that particular organ). For the liver model,
the “training set” was created with 50 simulations of one year of operations of the transplantation system
for each policy of “x” simultaneous offers, where x was considered for values of 1,2, . . . ,30. With respect
to the kidney model, the “training set” was comprised of 10 one-year replications for each policy choice of
x = 1,2, . . . ,30 simultaneous offers. The difference in the lengths of the training sets is due to the running
times of each of the models — the kidney model is slower because of having a much larger number of
donated organs, more people on the waiting list, and a significantly greater probability of organs not being
accepted, thus generating more iterations.

With respect to the cost parameters used, they are as follows: The system “earns” 1000 units when
an organ is transplanted; the system incurs a cost of 25 units the first time a specific organ is offered
to a transplantation center (personnel must expend time to review the organ as a team, etc.), then each
subsequent offer for that same organ received by the same center (offered to another patient) only costs 1
unit (because the team already has previous data on the organ and needs less time/resources to decide about
the next offer); and finally the disappointment cost of a patient not receiving an organ whose offer he/she
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has accepted is 300. These seemingly arbitrary earnings/costs reflect the extremely high value a successful
transplant has, but also the negative consequences that a disappointed offer may have on the patients.

After optimizing over the “training set” to obtain an optimal policy x∗(Category, OPO) for each
pair (Category, OPO), we tested the quality of our proposed policy x∗ by running new replications of
the transplantation system (i.e., the “testing set”, with 50 replications for liver, 10 for kidney), and we
compared the results to those obtained by static policies having x = 1,2, . . . ,15 simultaneous offers for all
organs regardless of the respective (Category, OPO) pair.

4.1 Results for the Liver Model

Figure 3a depicts the total number of allocated organs and the total number of disappointed offers for a
subset of the policies (x = 1,2, . . . ,10,15 and our proposed policy); and Figure 3b graphs the total “gain” of
the transplantation system and the time-to-allocation (versus the one-offer policy) for that subset of policies.
The one-offer-at-a-time policy has a utilization rate of 90.95%, whereas the policy with 15 simultaneous
offers has an organ utilization of 91.92%. Our proposed policy, which uses a different number of offers for
each organ depending on its (OPO, Category) pair, with that number coming from the optimization over
the training set results, has an organ utilization of 91.79%.

(a) Number of allocated organs and disappointed offers
per policy for the liver model.

(b) Gain of the transplantation system and time-to-
allocation per policy for the liver model.

Figure 3: Results of the test set for the liver model.

Our proposed policy outperforms the current policy with respect to the average number of allocated
organs by about 63 additional organs per year, and also reduces by 5.3% the time needed to allocate
the organs. The proposed strategy also outperforms the policies with 2 simultaneous offers and with 3
simultaneous offers with respect to allocated organs and revenues, while making fewer overall offers.
Compared to the proposed policy, the policy of 4-at-a-time offers is the first yielding more allocated organs,
with the bonus of reducing the time to allocate by 37%; however, those advantages come at the cost of
increasing by a factor of 25 (543.5 vs. 20.5) the number of disappointed offers (where a patient accepted
the offer but the transplant was not assigned to that patient). Similarly, the strategy of using batches of 15
offers increases the number of organs transplanted by just 73 vs. the current benchmark one-at-a-time batch
policy, while achieving allocations 60% faster, but with an increase of more than 2,600 offers disappointed,
and more than 50,000 extra offers. It is clear that when the number of simultaneous offers increases, the
gain of the transplantation system decreases almost linearly. In any case, we see that the highest overall
gain for the system under the current “gain” and cost parameters is given by the proposed policy.

We briefly discuss the quality of the “extra” livers that end up being transplanted above and beyond
what the current benchmark policy would have achieved. All of these organs come from the pool of livers
that would have been discarded under the current policy due to exceeding the CIT constraint. Table 3
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compares several statistics between this pool and the livers that were actually donated under the current
policy. The two sets of livers (donated and discarded due to CIT) have similarities with respect to the age
of the deceased donors and the percentage of donors having diabetes or hypertension. On the other hand,
there is a significant difference regarding the proportion of DCD donors.

Table 3: Health markers for donated livers and livers discarded due to CIT.

CIT Discarded Livers Donated Livers
DCD donors (%) 78.8% 4.5%

Donors with diabetes (%) 9.6% 10.7%
Donors with hypertension (%) 74.9% 66.8%

Average Body Mass Index (BMI) of donors 26.8 26.8
Average Age of donors (years) 37.8 39.5

Age < 18 (%) 8.7% 9.6%
18 ≤ Age ≤ 34 (%) 37.5% 31.9%
35 ≤ Age ≤ 49 (%) 28.8% 25.5%
50 ≤ Age ≤ 64 (%) 20.7% 25.5%

65 ≤ Age (%) 4.3% 7.5%

4.2 Results for the Kidney Model

Figure 4a illustrates the total number of allocated organs and the total number of disappointed offers for a
subset of the policies (x = 1,2, . . . ,10,15 and our proposed policy); and Figure 4b shows the total “gain”
of the transplantation system and the time-to-allocation (versus the one-offer policy) for that subset of
policies. The benchmark one-offer-at-a-time scenario has an average organ utilization of 80.80%, whereas
the policy with 15 simultaneous offers has an organ utilization of 84.80%, and our proposed policy has an
organ utilization of 84.68%. The latter policy outperforms the benchmark policy with respect to the average
number of allocated organs, as there is an increase exceeding 650 organs. Furthermore, the time needed to
allocate the organs is reduced by 37.2%. The proposed strategy also outperforms all of the policies with
at most 5 simultaneous offers with respect to allocated organs and revenues. Besides that, the proposed
policy results in fewer disappointed offers than most of the other policies. For the sake of comparison, the
strategy with batches of size 15 offers increases the number of transplanted kidneys by around 20 per year,
and reduces the amount of time to allocate those organs by 74.6% (compared to the one-offer policy); but
it causes 1,417 extra disappointed offers compared to our proposed policy. The 6-offers policy allocates
only 2 extra organs (compared to our proposed strategy) but does so with 415 extra disappointed offers
and with 18,000 more total offers.

Table 4 provides a comparison between “extra” kidneys that end up being transplanted above and
beyond what the current benchmark one-at-a-time batch policy would have achieved. All of these organs
come from the pool of kidneys that would have been discarded under the current policy due to exceeding
the CIT bound. Kidneys discarded due to exceeding the CIT bound tend to come from older deceased
donors, have a greater frequency of being from DCD donors, and have a higher rate of diabetic donors
(correlated with the higher age); but, those discarded kidneys have a lower hypertension frequency.

5 DISCUSSION

With respect to livers, our results suggest that by increasing the number of simultaneous offers, more
transplants would take place, and thus more lives could be saved; and, in addition, outcomes should
improve by reducing the CITs of the transplanted organs (Pan et al. 2018). It is clear that a new policy that
makes it easier to use these otherwise discarded organs will provide the recipients with organs of similar
quality except the fact that they often come from DCD donors. In fact, several countries have apparently
had good results with organs from DCD donors, as evidenced by a study evaluating post-transplantation
outcomes in more than 1,000 DCD and non-DCD livers donated, with an insignificant difference in patient
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(a) Number of allocated organs and disappointed offers
per policy for the kidney model.

(b) Gain of the transplantation system and time-to-
allocation per policy for the kidney model.

Figure 4: Results of the test set for the kidney model.

Table 4: Health markers for donated kidneys and kidneys discarded due to CIT.

CIT Discarded Kidneys Donated kidneys
DCD donors (%) 20.5% 13.9%

Donors with diabetes (%) 24.5% 7.2%
Donors with hypertension (%) 38.4% 73.3%

Average Body Mass Index (BMI) of donors 28.3 27.0
Average Age of donors (years) 53.1 37.3

Age < 18 (%) 1.4% 11.2%
18 ≤ Age ≤ 34 (%) 9.8% 33.2%
35 ≤ Age ≤ 49 (%) 22.0% 27.9%
50 ≤ Age ≤ 64 (%) 46.8% 24.4%

65 ≤ Age (%) 20.0% 3.3%

survival (Blok et al. 2016), and by the evidence of non-inferiority of DCD transplants found in Cao et al.
(2016). Thus, the donation of such discarded organs may be feasible and useful for society.

Now considering kidneys, even though the overall quality of discarded kidneys seems to be lower,
countries such as Spain routinely and successfully use organs donated from patients over 70 years old,
where 23% of donations come from the 70–79 age group, and 10% come from the over-80 age group,
according to recent data (Matesanz et al. 2017). This suggests that a significant number of the discarded
organs are of sufficient quality to provide good results for the recipients. Overall, our proposed policy
achieves the highest net gain for the transplantation system, and does so by increasing the number of
donated organs while barely increasing the number of disappointed offers.

6 CONCLUSIONS

Our model was designed to replicate the behavior of the organ transplantation system in the United States,
and the goal was to maximize the overall “earnings” obtained by society. Our simulation-optimization
procedure allowed us to obtain a policy that would achieve that goal by specifying the number of offers
to make for each individual organ that arrives to the system, depending on its category (e.g., “normal”,
DCD, or HCV+ for livers) and its location when it arrives to the system. The model proved to be robust
with respect to the organ it was used on, and is actually applicable to any organ as long as the appropriate
parameters (i.e., arrival rates, acceptance probabilities, etc.) are used as inputs.

Because of the “earning”-maximization objective undertaken in our framework, our policy is guaranteed
to have the near-best earnings for the system; and for different cost parameters where the “revenues” for

1018



Erazo, Goldsman, Keskinocak, and Sokol

donating an organ exceed the costs of disappointed offers, our proposed strategy yielded better organ
utilization than the current system as well as faster times-to-allocate; and, moreover, the number of extra
organs transplanted greatly exceeded the number of disappointed offers. Compared to other policies using
fixed, small batch sizes, our “optimal” policy also yielded increased earnings, and either resulted in a larger
number of organs transplanted, or had a bit fewer but with just a fraction of the disappointed offers. This
shows that our policy provides a good balance between organs transplanted and disappointed offers. Our
results also suggest that the organ utilization of the system can be greatly increased by making multiple
offers; and even though the overall quality of those otherwise discarded organs is lower, empirical evidence
from previous studies suggests that the outcomes from such organs are nearly identical and clearly good
enough to provide benefits for the recipients and save lives. Overall, we would expect that more lives could
be saved because of the ability to transplant more organs. In addition, as the time-to-transplant is reduced,
better outcomes for the recipients can be expected (Cabello et al. 2011; Stahl et al. 2008).

With respect to the cost parameters we used, note that the cost of disappointed people is high (e.g.,
the earnings obtained by donating one organ will be balanced off by negative earnings if more than three
disappointed offers occur). The mental health of patients, poor publicity arising from a large number
of patients being disappointed (which could lead to trust issues with the institution, producing a future
decrease in donation rates), and time-value of healthcare providers who participate in the decision process
are very important concerns; and these are the reasons we considered such a high disappointment cost.
Nonetheless, our model is flexible enough to easily accommodate changes in the cost parameters, which
makes our model applicable for different economic conditions, and also realistic, as different values can be
used for different organs. As part of a sensitivity analysis, if the disappointment cost is increased then the
number of offers is reduced, and so is the number of organs ultimately donated, which makes the choice of
parameters relevant, and something that must be aligned with the vision of the respective entities (SRTR,
OPTN). Finally, it is notable that our simulation-optimization framework can be used to test different
policies and conditions on the arrivals of organs and patients. Therefore, it may be worthwhile to undertake
future work on extending the possible policies to test, or also to create a new “gain” function that better
represents the trade-offs inherent in the transplantation system (which may be nonlinear).
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