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ABSTRACT

The United Network for Organ Sharing (UNOS) has been using simulation models for over two decades
to guide the evolution of organ allocation policies in the United States. UNOS kidney simulation model
(KPSAM), which played a crucial role in the 2014 U.S. kidney allocation policy update, is also available
to the general public as an executable file. However, this format offers little flexibility to its users in trying
out different policy proposals. We describe the development of a discrete-event simulation model as an
alternative to KPSAM. It is similar to KPSAM in incorporating many clinical and operational details. On
the other hand, it offers more flexibility in evaluating various policy proposals and runs significantly faster
than KPSAM due to its efficient use of modern computing technologies. Simulated results closely match
actual U.S. kidney transplantation outcomes, building confidence in the accuracy and validity of the model.

1 INTRODUCTION
1.1 Context

Kidney failure is a severe condition indicated by acute or gradual loss of kidney function, which is primarily
measured by the level of filtering of the blood. A damaged kidney can cause wastes and unnecessary fluids
to build up in the human body. Gradual loss of kidney function, called chronic kidney disease (CKD), can be
fatal unless treated. Each year, kidney diseases kill more people than breast and prostate cancer combined
(United States National Institute of Diabetes and Digestive and Kidney Diseases (NIDDK) 2019). When
the level of damage elevates to an advanced stage, also known as the end-stage renal disease (ESRD), it
must be treated via renal replacement therapy (RRT), which includes dialysis and kidney transplantation.

According to the 2018 Annual Report of the United States Renal Data System (USRDS 2018), about
15% of the U.S. adult population is affected by CKD, and almost 125,000 new cases of ESRD were reported
only in 2016, corresponding to an incidence rate of 373.4 per million population per year and adding up to
the U.S. ESRD prevalence of more than 726,000 cases as of the end of 2016. While the vast majority (about
70%) of ESRD patients are treated via dialysis, the preferred mode of treatment is kidney transplantation
due to various reasons including longer and better quality of life as well as lower long-term costs.

In 2018, more than 20,000 kidney transplants were performed in the U.S., with an increase of more
than 50% since the year 2000 (Organ Procurement and Transplantation Network (OPTN) 2018). Kidneys
used in more than 2/3 of all kidney transplants in the U.S. come from deceased donors, which is the focus of
this paper. The success of this life-saving treatment is limited by the scarcity of donor organs. Allocation
of deceased donor kidneys in the U.S. are managed through a nationwide waiting list. There are close to
95,000 candidates waiting for a kidney on any given day, compared to 20,000 that will receive a transplant
throughout the year. More than 100 patients are added every day to the kidney waiting list, while the
supply-demand imbalance results in 11 patient deaths per day while waiting for a transplant (OPTN 2018).
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1.2 The Challenge

The allocation of such a scarce resource is complicated by the uncertainties involved (e.g., regarding the
health progression of patients, availability of donor organs, and degree of success post-transplantation),
the diversity of stakeholders involved (e.g., patients and their families, physicians, surgeons, transplant
centers, organ procurement organizations, insurance companies, and transplant policy makers), as well as
the multi-dimensional nature of the outcome performance measures. On a very high level, any allocation
policy faces the tradeoffs involved in efficient, effective, and equitable distribution of available donor organs.
It is widely accepted that there will never be a ‘perfect’ allocation policy as long as the demand for
transplantation far exceeds the supply (Baldwin et al. 2000; Taranto et al. 2000). What optimizes one
performance metric from the perspective of a particular stakeholder may be severely suboptimal for another
performance metric or even for the same performance metric from the perspective of another stakeholder.
Making policy changes to a complex system of this type under such competing and conflicting objectives can
result in unexpected and sometimes unintended consequences (Harper et al. 2000). Furthermore, learning
the repercussions associated with a policy change can no longer be left to trial-and-error. Therefore, it is
critical to gain a good understanding of the impact of a policy change prior to its implementation.

1.3 Prior Work

To help guide allocation policy changes under the complexities highlighted in Section 1.2, it is required to
have an approach that is versatile, accurate, fast, and cost-conscious. It is due to the remarkable success
on these aspects that simulation modeling has received acceptance among the transplant policy makers.
In the U.S., the first full-blown computer simulation model was developed in 1995 for liver allocation by
Pritsker Corporation, under the leadership of the late simulation pioneer Alan Pritsker, in collaboration with
UNOS, which administers the U.S. organ transplantation systems. This model was named the UNOS Liver
Allocation Model (ULAM) and was described in some detail in Pritsker et al. (1995). The remarkable
success of this collaborative effort is best summarized by UNOS representatives in Harper et al. (2000):

“Liver transplantation has made headline news throughout 1995-2000, with emphasis on
patient waiting times and pre-transplant deaths. ULAM has been ever present in the debate,
its data used by the transplant community, Department of Health and Human Services,
Congress, and the media [...] During each of these proceedings, simulation was viewed as
a viable, even necessary tool to evaluate the complex issues surrounding liver allocation.
ULAM proved to be flexible, responsive, and able to provide vast amounts of data to its end-
users. It is clear that the shape of the debate changed with the quantitative results produced
by ULAM. We feel that ULAM helped to select policies that have saved patient lives and
produced more quality life-years for them. UNOS continues to rely upon simulation as a
tool [...] It appears that simulation is here to stay in the field of organ transplantation.”

Simulation, in fact, did stay in the field of organ transplantation. The success of ULAM has energized
the kidney transplant community and UNOS leadership to invest into developing UNOS Kidney Allocation
Model (UKAM) (Taranto et al. 2000). ULAM and UKAM later evolved into what is known today as
Scientific Registry of Transplant Recipients (SRTR) Liver and Kidney-Pancreas Simulated Allocation Models
(LSAM and KPSAM, respectively), and complemented with a separate Thoracic Simulated Allocation Model
(TSAM) (SRTR 2019). The original paper by Pritsker et al. (1995) was later recognized as “one of the
landmark applications in the history of the Winter Simulation Conference for its very significant value
and the publicity the work received in the popular press and within U.S. government policy-making and
legislative organizations” by the fortieth anniversary special panel (Goldsman et al. 2007).

Several other researchers have described additional simulation modeling efforts for organ transplantation
systems. Zenios et al. (1999) discuss a Monte Carlo simulation model of the U.S. kidney transplantation
system. Davis et al. (2013) describe donation service area (DSA) level simulation model of the U.S. kidney
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allocation system. They primarily focus on studying the input data characteristics for their simulation model,
which implements a simplified version of the actual allocation policy through probabilistically identifying
the DSA in which a recovered kidney would be used, allocating the kidney exclusively within the identified
DSA, not allowing patients/physicians to reject kidney offers, and assuming away the complicated waiting
list dynamics. Davis et al. (2014) expand Davis et al. (2013) by incorporating further details of patient
demographics and organ quality. However, they incorporate these details in very coarsely aggregated
groups. They present improved organ acceptance module that incorporates kidney quality as measured
by the kidney donor risk index (KDRI), albeit allowing five coarsely defined KDRI ranges. Harvey and
Thompson (2016) describe an agent-based discrete-event model to study the practice of ‘multiple listing’
in the U.S. kidney transplantation system. They also offer a simplified representation of the waiting list
dynamics (e.g., each regional waiting list is implemented as a first-in-first-out queue) and kidney offer
acceptance/rejection is not considered. Shechter et al. (2005) describe a discrete-event simulation model
for the U.S. adult liver allocation system. The main distinction of their model from ULAM/LSAM is that it
only runs on generated arrival streams and offers an alternative modeling of natural history progression of
patients’ health based on cubic spline modeling while falling short on modeling certain other aspects (e.g.,
offer acceptance). Iyer et al. (2011) offers an updated version of this model, which adds pediatric patients
and donors into consideration. Baldwin et al. (2000) and Ratcliffe et al. (2001) use simulation modeling
to evaluate the cost-effectiveness of alternative patient prioritization criteria for liver transplant candidates
in a single transplant center in the United Kingdom. Focusing on pediatric heart transplant candidates,
Crowe et al. (2015) simulate a birth-death process model with additional details such as weight and blood
type compatibility considerations to study the impact of the ‘bridging to transplant’ practice in the UK.

1.4 Our Purpose and Contribution

As noted in Section 1.3, the U.S. transplant policy makers use a computer simulation model called KPSAM
to evaluate alternative allocation strategies in kidney transplantation. KPSAM is also made available to
the public but only as an executable file, offering very little flexibility to its users in evaluating different
policies. Primarily to overcome this limitation, we have developed a clinically detailed simulation model
for the entire U.S. kidney transplant system as an alternative to KPSAM. The code development for the
main backbone of the allocation system has been completed and the resulting model is validated through
closely matching the actual U.S. kidney outcomes. Upon completing the code development for auxiliary
routines such as a graphical user interface and a visual animation, we hope to offer our simulation model
to the general public for broader experimentation by independent researchers.

We share the basic philosophy of ULAM, UKAM, and KPSAM (Pritsker et al. 1995; Harper et al.
2000; Taranto et al. 2000; SRTR 2019) in that this simulation model is introduced to allow experimenting
with various kidney allocation policy proposals, comparing alternatives to one another, estimating the effect
of a policy change prior to its implementation, and, therefore, to empower transplant policy makers and
researchers for kidney allocation discussions in the U.S. Similar to its predecessors, our simulation model
is developed to assess the system at the national level as opposed to any particular local level (e.g., a
transplant center or a DSA). The model is calibrated and validated against the national data, but its results
may not be as accurate at the local level although trends observed might be useful. This setup is primarily
due to several key components (particularly, survival estimation modules), which are based on national
data and does not stratify by local attributes (due to lack of sufficient data at that level of granularity).

Some of the features of our simulation model include its speed that takes advantage of parallel execution
of simulation replications, modularity that allows relatively easier updating with changes in the system, its
portability to help minimize issues with running in different computing environments. Similar to KPSAM,
key events in the simulation, such as arrivals of organs and patients, as well as status updates for candidates
(including, among many other things, active/inactive status and removal from the waiting list due to death
or other reasons), are linked to an actual transplant database obtained from OPTN/SRTR. This key database
includes all transplant candidates that were listed in the U.S. transplant waiting lists between 1987 and 2018,
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history of updates for all wait-listed candidates, follow-up records for transplant recipients, as well as all
deceased donor organs that were procured during the same time frame. Our implementation corresponds to
the most recent UNOS deceased-donor kidney allocation policy (OPTN 2019) and utilizes the same survival
and offer acceptance models used in KPSAM. Throughout simulation progress, detailed data records are
logged for each patient entering the simulation, which virtually allow analyzing and obtaining any statistical
summary of practical interest.

2 THE U.S. ORGAN TRANSPLANTATION SYSTEM
2.1 Main Concepts and the Environment

A national system is employed in the U.S. for organ transplantation. This system, composed of patients,
donors, and their families, transplant hospitals, physicians and surgeons, histocompatibility laboratories,
organ procurement organizations (OPOs), insurance companies, law makers, and transplant policy makers,
and the general public, and its data collection efforts are collectively known as the Organ Procurement
and Transplantation Network (OPTN). The United Network for Organ Sharing (UNOS) is a not-for-profit
administrator of this system, which operates under the regulations set forth in the Final Rule by the federal
government. Final Rule (1998) sets the basic principles of organ allocation and establishes that policies

shall seek equitable allocation of deceased-donor organs among potential recipients,

shall be based on sound medical judgement,

shall seek to achieve the best use of donated organs,

shall preserve the ability to decline an offer of an organ,

shall be specific for each organ type,

shall be designed to avoid wasting organs, to promote patient access to transplantation, and to
promote the efficient management of organ placement, and

g. shall be reviewed periodically and revised as appropriate.

-0 0 o

UNOS strives to balance all aspects of this challenging mandate and sets organ-specific allocation
policies through a Board of Directors receiving input from specialized committees and the general public,
reviews each policy periodically and revises as needed, maintains organ-specific lists of all patients waiting
for an organ transplantation in the U.S., and uses a computerized matching system to match available
donors to awaiting patients in accordance with the policy in effect.

We now provide an overview of the UNOS organ allocation policies, which are described in detail in
OPTN (2019). Each policy uses sophisticated algorithms, customized for the type of organ allocated, to
determine the offer sequence among wait-listed candidates. A common theme in all policies, however, is
to classify candidates into a number of priority groups and rank patients within and around these priority
groups. The definition of priority groups depends on the type of organ allocated and its count varies between
12 and 69. Candidate and donor geographies play a significant role in this prioritization. Accordingly, the
U.S. is divided into 11 mutually exclusive all encompassing geographic regions, which are subdivided into a
total of 58 local donation service areas (DSAs). Each DSA is overseen by an organ procurement organization
(OPO) and contains at least one transplant hospital and histocompatibility laboratory. All policies other
than heart and Iung allocation involve local/regional/national classification of candidates. Accordingly, for
each organ recovered by an OPO, candidates are labeled as ‘local’ if their DSA at registration is the same as
the OPO’s DSA. Outside of ‘local,” candidates are labeled as ‘regional’ if their region at registration is the
same as the OPQO’s region, and they are otherwise labeled as ‘national.” The interaction of this geographical
classification with other factors determines priority groups. Although not true strictly, all allocation policies
offer higher priority to local candidates, followed by regional and then by national candidates. In the case
of heart and lung allocation, local/regional/national classification is replaced by Zones A, B, ..., F, in
which zones are defined as concentric circles of increasing radius around the donor hospital.
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2.2 The Kidney Allocation System

UNOS deceased-donor kidney allocation system (KAS) uses several candidate and donor attributes, in
addition to the geographical classification described in Section 2.1, when defining priority groupings. Within
each priority group, candidates are sorted in decreasing kidney allocation points, which is calculated based
on candidate’s waiting time, calculated Panel Reactive Antibody (cPRA) score, prior living donor status,
pediatric status, and tissue mismatch with the donor. cPRA scores range from 0% (easy to match) to 100%
(hard to match) and measure candidates’ sensitization level (i.e., the degree of antibody incompatibility
within a national donor pool). Ties in kidney points are broken by candidates’ date and time of registration
(oldest to most recent).

One of the factors that affect priority grouping is the quality of the donated kidney. Kidneys from
deceased donors are classified according to the Kidney Donor Profile Index (KDPI) into 4 categories:
those with a KDPI score of [0%,20%], (20%,35%), [35%,85%], and (85%,100%]. KDPI combines
ten donor characteristics (namely, age, height, weight, ethnicity, cause of death, non-heart-beating status,
terminal serum creatinine level, hepatitis C status, and histories of hypertension and diabetes) into a single
number that summarizes the likelihood of graft failure after deceased donor kidney transplant relative to a
reference population determined by the Kidney Transplantation Committee. Lower (higher) KDPI scores
are associated with longer (shorter, respectively) estimated graft function.

There are 69, 50, 47, and 32 priority groups for kidneys with a KDPI score of [0%,20%)], (20%,35%),
[35%,85%), and (85%, 100%], respectively. The priority group of a candidate within each KDPI category
is determined by the interaction of several factors: donor and candidate geographies, candidate’s blood
type, tissue type, Estimated Post Transplant Survival (EPTS) and cPRA scores. EPTS scores range from
0% (best) to 100% (worst) and are based on four candidate attributes: time on dialysis, diabetes status,
prior organ recipient status, and age. Candidates with EPTS scores of [0%,20%] receive offers for kidneys
from donors with KDPI scores of [0%,20%)| before other candidates at the local, regional, and national
levels of distribution. The EPTS score is not used in allocation of kidneys with KDPI scores > 20%.

There are also exceptions (e.g., due to medical urgency or for double kidney allocation) in KAS that
was not included in this overview. It is clear from this overview that deceased-donor kidneys in the U.S.
are allocated using a highly sophisticated algorithm. We feel that analysis of such a complex system by
any methodology other than simulation is bound to leave out many of its essential features.

3 OVERVIEW OF THE SIMULATION MODEL

Our objective in developing a new simulation model for the U.S. kidney transplant system is to assess and
compare the impact of alternative allocation policies, which was not feasible via the KPSAM executable
made available to the public. In doing so, we have independently replicated most (if not all) of the concepts
framed in KPSAM (SRTR 2015) and its predecessors UKAM/ULAM.

One major issue we have faced with using KPSAM was its speed. To illustrate part of the computational
burden, recall the KAS reviewed in Section 2.2. In accordance with the rules set forth by the allocation
policy, KAS requires re-creating the prioritized waiting list for every donor organ arrival. Each year,
approximately 15,000 kidneys arrive to the system and the size of the waiting list at the time of each organ
arrival exceeds 100,000 candidate registrations. Going through just this step of re-ranking the candidates for
each arriving kidney illustrates the need for efficient data structures and handling of the overall process to
overcome the computational burden. For speed purposes, we chose to implement our simulation using the
C/C++ programming language as it has been proven for its speed and efficiency. While our implementation
offers a serial execution mode for users that do not have access to multiple CPUs, it also allows a parallel
execution mode for users that have access to multiple CPUs (e.g., a modern computing grid that typically
offers hundreds of CPUs). For parallel execution of simulation replications, we have used the freely
available openmp1i libraries. The execution times reported in Table 1 clearly display the significant speed
advantage of our implementation over KPSAM.
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Table 1: Comparison of execution time between KPSAM and our simulation model.

KPSAM Our Model

Simulation period Number of replications (hh:mm:ss) (hh:mm:ss) Speedup

6 months 1 replication 01:03:57 00:05:48 11.03x
10 replications 10:29:35 00:08:31 73.92x
100 replications 104:19:06 00:14:08 442 .86 <

1 year 1 replication 02:04:40 00:10:53 11.45%
10 replications 20:42:58 00:14:30 85.72x
100 replications — 00:24:22 —

3 years 1 replication HAK 00:30:26 —
10 replications HEE 00:34:17 —
100 replications HEE 00:59:55 —

“** KPSAM only simulates up to 1 year.

Similar to KPSAM, we extensively utilize historical data from OPTN. As the contractor of OPTN,
UNOS maintains databases that include information on every patient listed for an organ transplant as well
as information on every deceased-donor seen by the system, which enables tracking each patient from
listing to their removal from the waiting list. We have obtained a copy of this key database, which contains
demographic and clinical information on all transplant candidates that were listed in the U.S. between 1987
and 2018, and collectively amounts to more than 30 million records and close to 1,000 variables.

We process this database using an R script to obtain a clean copy ready for our simulation. We will
present results from running our simulation for three-year period starting in 2015 through the end of 2017.
For this purpose, we filtered out records from the database that are not relevant for our simulation period.
Furthermore, our current implementation exclusively models the allocation policy for single kidney only
transplants, as double kidney allocation and the allocation to candidates co-listed for other organ(s) may not
follow the standard allocation reviewed in Section 2.2. Accordingly, all non-kidney transplant candidate
records, kidney transplant candidates simultaneously listed for other organs (e.g., kidney-pancreas, kidney-
liver), and donor records that were used in double kidney transplantation were excluded. This resulted in
210,514 candidate arrival records, 584,322 patient status update records, and 25,058 donor arrival records
that corresponds to 43,647 kidney arrivals. The discrepancy between the kidney and donor arrival counts
is caused by unavailability or futility of some donor kidneys.

Figure 1 illustrates an overview of the key components in our simulation model.

Patient arrivals to the waiting list. Candidates arrive to the simulated waiting list in one of three ways.
(i) Our simulation model starts with an initial waiting list at a specific point in time (e.g., as of the end of
December 31, 2014). This initial waiting list is populated from the OPTN database and, for each record,
contains a unique registration identifier and a unique patient identifier (to allow the practice of multiple
listing in different transplant centers), information about the candidate such as age, gender, ethnicity, blood
type, height, weight, listing center/OPO/region, HLA antigens, dialysis start date, diagnosis type, diabetes
status, whether or not the individual is a primary or repeat transplant candidate, previous living donor
status, cPRA score, removal reason (if removed), and so on, adding up to a total of 45 different attributes of
the candidate. These data elements are used in employing the allocation policy to identify the compatible
wait-listed candidates and to subsequently prioritize the list of compatible candidates for an incoming
kidney and determining the outcomes for transplant recipients post-transplantation. (if) Candidates can
also join the waiting list after the start of the simulation according to a patient arrivals input file, which
is again populated from the OPTN database and contains same data elements as in the initial waiting list
file. (iii) Transplant recipients during the simulation period may experience graft failure, as determined
by the post-transplantation survival module, and return back to the waiting list, forming the arrival stream

1084



Sandik¢i, Tung, and Tanriover

Living Other
Death TX removals

L 1

Initial WL .. . Deceased-donor Donor arrival
—_— Waiting List ) . =
Kidney Allocation

T status
Patient updates e e |
. | |
arrivals ' i Offer List
Relists | |
77777777777 Reject
Post-Tx Transplanted Accept Acceptance
Survival List Module

b

Dialysis  Death
Figure 1: An overview of the simulation model.

of relisted candidates. It should be noted that this stream does not contain candidates who might have
received a transplant prior to the start of the simulation period and are seeking a re-transplant opportunity
after the start of the simulation. Such candidates would appear in one of the first two arrival streams.

Patients’ status updates while waiting. Several events could take place while patients are on the
waiting list. For example, patients may be removed from the waiting list, which happens due to (i) receiving
a transplant within the simulation, or (ii) dying while waiting, or (iii) any other reason (e.g., receiving
a living-donor transplant, becoming too sick for transplantation, no longer needing a transplant due to
improvements in health, transplanting in another country). When a patient is transplanted within the
simulation, he/she is removed from the waiting list and placed in the transplanted list, his/her history
of updates from the status update file are deleted, and the post-transplant survival module takes over to
determine the recipient’s future trajectory.

Data regarding removals due to death or other reasons are provided in a status update input file, which
is populated from the OPTN database. This input file also contains information regarding a candidate’s
switches between active and inactive status as well as his/her cPRA score changes.

We simulate the residual lives of candidates who received a kidney transplant in real life, had they
not received this transplant, in the following manner.We first employ a Cox proportional hazard model and
identify a reference pool of patients composed of individual in the database who have lived at least as long
as the observed time until transplantation of the patient under consideration and are removed by reasons
other than a deceased-donor kidney transplant. The results of this Cox model along with other patient
attributes (i.e., diabetes status, listing age, listing waiting list status) are then compared for the patient under
consideration to reference population to identify the closest matching patient in the reference pool to the
patient under consideration. If such a matching is patient is found, we substitute his/her removal reason
along with the removal time for the patient under consideration; otherwise, we relax our matching criteria
and repeat this process until we find a matching patient from the reference pool.

Donor arrivals. Donors arrive to the system according to a donor arrivals input file, which is populated
from the OPTN database. Each record in this data file contains a unique encrypted donor identifier and
information about the donor’s age, gender, ethnicity, blood type, non-heart-beating status, cause of death,
history of hypertension or diabetes, KDPI score, creatinine level, HLA antigens, time, date, and center of
recovery, number of kidneys, and so on, adding up to a total 33 attributes of the donor. This data is used
in employing the allocation policy and predicting the post-transplant outcomes for transplant recipients.

Organ offers. Each available organ from an arriving donor are offered to the wait-listed candidates
in the priority sequence determined by the allocation policy. The characteristics of the donor/organ, the
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composition of the waiting list, and the allocation policy in effect determines this sequence. For this
purpose, a temporary sorted ‘offer list’ is created for each arriving organ from the entire waiting list after
filtering out incompatible candidates. Candidates are then offered the organ in the sequence dictated by the
offer list. Candidates (and/or their agents acting on their behalf) accept or reject an offered kidney. Patient’s
likelihood of accepting an offer is determined through SRTR’s kidney offer acceptance model, which is
estimated from match run data for kidneys recovered between July 1, 2017 and June 30, 2018 (Wey et al.
2017; SRTR 2018). This acceptance model is based on a fairly detailed logistic regression equation that
considers, among others, patient’s blood type, cPRA score, diabetes status, and rank on the prioritized
offer list, donor’s cause of death, creatinine level and non-heart-beating status, and the interaction between
the ages of the patient and the donor, their geographies, their HLA antigen (mis)match level. The result
of this acceptance probability is then compared to a Uniform(0,1) number sampled at random to finalize
the binary accept/reject decision. If a patient rejects the offer, the kidney is extended to the next patient in
the offer list. This process repeats itself until the kidney is accepted by someone or offer count reaches a
finite number (provided by user input), after which the kidney is considered discarded. This finite number
of offers is used to model the phenomenon known as cold-ischemic time, which indicates the deterioration
of organ quality during this offer process.

Post-transplant outcomes. We use KPSAM’s parametric models to determine the post-transplant
events, and to estimate the corresponding time until each event (SRTR 2015). At the core of all of these
event times is an estimate of the time until graft failure, which is obtained through a Cox proportional
hazard model. Given an estimate of the time until graft failure, a randomized model is used to determine
the post-transplantation outcome for the recipient in questions. Accordingly, upon accepting a kidney offer,
the recipient can experience one of the following outcomes: (i) survival: graft fails after the end of the
simulation period (i.e., recipient survives throughout the rest of the simulation period with his/her graft),
or (ii) death: graft fails and the recipient dies before the simulation ends, or (iii) relisting: graft fails, but
the recipient is still alive; he/she resumes dialysis and returns back to the waiting list for another transplant
opportunity, or (iv) dialysis: graft fails, but the recipient is still alive; he/she continues the rest of his/her
life on dialysis without seeking another transplant opportunity.

Simulation outputs. The simulation model detailed records in output files of the ‘lives’ of each patient
and donor that entered the simulation. These output files are analyzed using an R script to produce virtually
any statistic of interest, some of which are listed in Table 2.

4 MODEL VERIFICATION AND VALIDATION RESULTS

We have used the detailed simulation output files to verify and validate the model on numerous performance
metrics against actual transplantation outcomes observed from the OPTN database to ensure that the model
is able to adequately represent the complex U.S. kidney allocation system. In doing so, we have also
performed formal statistical tests to test differences between simulated and actual outcomes.

Tables 2 to 4 provide comparisons of several outcome metrics between actual OPTN data and simulated
data, where simulation results are averaged across 100 independent replications of the model. They clearly
illustrate that simulation outputs closely match real data.

S CONCLUSION

In accordance with the official dictate (Final Rule 1998), organ allocation policies are periodically reviewed
and revised following the advancements in medicine, technology, science, and the opinions of the transplant
community. These policies in general, and the kidney allocation policy in particular, employ sophisticated
algorithms reflecting the complex nature of the issues surrounding organ transplantation. Simulation
modeling has been repeatedly proven influential in guiding policy decisions in organ transplantation as
demonstrated by the remarkable success of ULAM, which sparked the subsequent simulation efforts by
UNOS (namely, UKAM, KPSAM, LSAM, and TSAM) and others.
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Table 2: Validation results for the simulation model.

Outcome Year Actual Simulation Relative error p-value

Size of the waiting list (registrations)* 2015 104271 104239 —0.03% 0.909
2016 102600 102290 —0.30%
2017 100637 100469 —0.17%

Size of the waiting list (candidates)* 2015 96623 96 680 0.06% 0.926
2016 94888 94705 —0.19%
2017 92968 92900 —0.07%

Number of living donor transplants 2015 5571 5654 1.48% 0.889
2016 5612 5717 1.87%
2017 5799 5792 —0.13%
Total* 16982 17161 1.06%

Number of other removals® 2015 10812 10790 —0.20% 0.297
2016 10767 10616 —1.40%
2017 11014 10600 —3.76%
Total* 32593 32006 —1.80%

1-year patient survival 2015 96.50 97.84 1.39% 0.999
2016 97.25 97.86 0.63%
Overall 96.89 97.85 0.99%

1-year graft survival 2015 93.69 94.91 1.30% 0.998
2016 94.67 94.99 0.34%
Overall 94.20 94.96 0.81%

* As of the end of the year.

! From January 1, 2015 to January 1, 2018.

# Including removal due to refused transplant, transferred to another center, transplant not needed anymore, too sick to
transplant, removed in error, changed to kidney-pancreas, unable to contact, and other.

In this paper, we described a new discrete-event simulation model for the U.S. kidney transplantation
system as an alternative to KPSAM. In our model development, we share many of the same design concepts
with KPSAM, but offer a more flexible and faster model than the KPSAM executable provided to public.
Our model implements the most recent UNOS deceased-donor kidney allocation policy (OPTN 2019) and
is validated through closely matching the actual outcomes indicated from the OPTN database.

This simulation model is also utilized in Tung et al. (2019), which offers a theoretical model to analyze
an incentive mechanism to alleviate the burden of organ shortages. The theoretical analysis in Tung et al.
(2019) emphasizes reducing organ discard rates through offering to preserve previously accumulated waiting
times of eligible re-listed patients, who are defined as those that have accepted a pre-defined set of organs
(e.g., marginal organs) to start with. Using the simulation model described in this paper, Tunc et al. (2019)
demonstrated that if the allocation policy is modified as they suggest, kidney discard rate could be reduced
from it’s baseline value of 17.4% down to 5.4% if the policy change is reciprocated with a strong response
in the population, 9.5% if moderate response, or 15.7% if weak response, which translates to 1746, 1148,
or 241 more transplants per year, respectively.

As noted in Pritsker et al. (1996), policy issues involve a broad spectrum of participants with diverse
viewpoints and expectations. Given such a challenging environment, we believe in marginal improvements
in an existing system; our simulation model is accordingly designed around the currently existing system and
our modular setup allows for easy testing of implementable changes. On the other hand, the nature of radical
changes in a system is hard to guess and such modifications almost always require a complete overhaul of
an existing simulation model, possibly leading to re-building the entire model from the beginning.

1087



Sandik¢i, Tung, and Tanriover

Table 3: Number of deceased donor kidney transplant in adult candidates.

Grouped by Type Actual Simulation Relative error p-value
Year 2015 10604 10224 —3.58% 0.267
2016 11659 11775 0.99%
2017 12168 12234 0.54%
Blood type O 15769 15596 —1.10% 0.429
A 12182 12034 —1.22%
B 4628 4688 1.30%
AB 1852 1916 3.45%
Age 18—34 3976 4133 3.96% < 0.01
35—-49 9531 10483 9.99%
50— 64 14001 13647 —2.53%
65—-174 6318 5497 —12.99%
>175 605 472 —21.93%
Race White 12460 12582 0.98% < 0.01
Black 12238 12576 2.76%
Hispanic 6459 6035 —6.57%
Other 3274 3040 —7.14%
KDPI <20% 6832 6793 —0.57% 0.115
21 —34% 5236 5059 —3.38%
35—-85% 19557 19444 —0.58%
> 85% 2806 2938 4.69%

Table 4: Number of pre-transplant deaths among adult candidates.

Grouped by Type Actual Simulation ~ Relative error p-value
Year 2015 4626 4635 0.20% 0.852
2016 4475 4406 —1.55%
2017 3895 3834 —1.58%
Age 18—34 417 454 8.92% 0.349
35—-49 2177 2059 —5.44%
50—64 6179 6143 —0.59%
65 —74 3785 3781 —0.11%
>75 438 438 0.11%
Race White 5371 5328 —0.80% 0.957
Black 4266 4188 —1.82%
Hispanic 2150 2151 0.03%
Other 1209 1208 —0.12%
Diagnosis Diabetes 6428 6261 —2.60% 0.546
Polycystic kidney disease 443 472 6.64%
Hypertension 2564 2594 1.17%
Glomerular diseases 1343 1360 1.27%
Other 2218 2187 —1.39%
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Our framework shares several of the limitations stated for KPSAM. First, while relying on historical
data is a major strength of our approach in terms of accurate modeling of arrivals to the system, it also
raises concerns about the validity of the statistical predictions used within the simulation that rely on such
data (e.g., the logistic regression model for offer acceptance behavior, the survival model for predicting how
long an actual transplant recipient would have lived had he/she not received the transplant). Second, the
actual time lapse between subsequent offers of an available organ and the associated deterioration of organ
quality is currently modeled through allowing the organ to be offered a fixed number of times regardless
of its characteristics. Third, our current implementation does not consider double kidney allocation or
allocation of kidneys to patients simultaneously listed for other organs. Finally, we acknowledge that there
might be slight variations in practice across how OPOs and/or transplant centers implement ambiguous
aspects of the allocation policy. Our model is unable to capture such variations observed in practice.

ACKNOWLEDGMENTS

Sandik¢1 acknowledges the financial support from the University of Chicago Booth School of Business
and the Becker-Friedman Institute Health Economics Initiative at the University of Chicago. Tanriover is
partly supported by the University of Texas Southwestern O’Brien Kidney Research Core Center grant
NIH-P30DK079328. This research used resources from the University of Chicago Research Computing
Center. This work was supported in part by Health Resources and Services Administration contract 234-
2005-370011C. The content is the responsibility of the authors alone and does not necessarily reflect the
views or policies of the Department of Health and Human Services, nor does mention of trade names,
commercial products, or organizations imply endorsement by the U.S. Government.

REFERENCES

Baldwin, L. P, T. Eldabi, R. J. Paul, and A. K. Burroughs. 2000. “Using Simulation for the Economic Evaluation of Liver
Transplantation”. In Proceedings of the 2000 Winter Simulation Conference, edited by J. A. Joines, R. R. Barton, K. Kang,
and P. A. Fishwick, 1963-1970. Piscataway, New Jersey: Institute of Electrical and Electronics Engineers, Inc.

Crowe, S., C. Vasilakis, S. Gallivan, C. Bull, and M. Fenton. 2015. “Informing the Management of Pediatric Heart Transplant
Waiting Lists: Complementary Use of Simulation and Analytical Modeling”. In Proceedings of the 2015 Winter Simulation
Conference, edited by L. Yilmaz, W. K. V. Chan, I. Moon, T. M. K. Roeder, C. Macal, and M. D. Rossetti, 1654—1665.
Piscataway, New Jersey: Institute of Electrical and Electronics Engineers, Inc.

Davis, A., S. Mehrotra, J. Friedewald, and D. Ladner. 2013. “Characteristics of a Simulation Model of the National Kidney
Transplantation System”. In Proceedings of the 2013 Winter Simulation Conference, edited by R. Pasupathy, S.-H. Kim,
A. Tolk, R. Hill, and M. Kuhl, 2320-2329. Piscataway, New Jersey: Institute of Electrical and Electronics Engineers, Inc.

Davis, A. E., S. Mehrotra, J. J. Friedewald, and D. P. Ladner. 2014. “Modeling of the US National Kidney Transplanta-
tion System as a Queueing Network and Discrete Event Simulation”. Technical report. Technical report. Available at
http://users.iems.northwestern.edu/ mehrotra/TechnicalReports/KSIM2.pdf, accessed 10 June 2019.

Final Rule 1998. “Organ Procurement and Transplantation Network, 63 Federal Register 16296 (April 2, 1998) and 64 Federal
Register 56659 (October 20, 1999), (codified at 42 CFR 121)”.

Goldsman, D., J. O. Henriksen, P. L’Ecuyer, B. L. Nelson, D. H. Withers, and N. Tamik Argon. 2007. “Fortieth Anniversary
Special Panel: Landmark Papers”. In Proceedings of the 2007 Winter Simulation Conference, edited by S. G. Henderson,
B. Biller, M.-H. Hsieh, J. Shortle, J. D. Tew, and R. R. Barton, 2—-13. Piscataway, New Jersey: Institute of Electrical and
Electronics Engineers, Inc.

Harper, A. M., S. E. Taranto, E. B. Edwards, and O. P. Daily. 2000. “An Update on a Successful Simulation Project: The UNOS
Liver Allocation Model”. In Proceedings of the 2000 Winter Simulation Conference, edited by J. A. Joines, R. R. Barton,
K. Kang, and P. A. Fishwick, 1955-1962. Piscataway, New Jersey: Institute of Electrical and Electronics Engineers, Inc.

Harvey, C., and J. R. Thompson. 2016. “Exploring Advantages in the Waiting List for Organ Donations”. In Proceedings of
the 2016 Winter Simulation Conference, edited by T. M. K. Roeder, P. I. Frazier, R. Szechtman, E. Zhou, T. Huschka,
and S. E. Chick, 2006-2017. Piscataway, New Jersey: Institute of Electrical and Electronics Engineers, Inc.

Iyer, A. K., G. L. Zenarosa, A. J. Schaefer, C.-C. H. Chang, C. L. Bryce, and M. S. Roberts. 2011. “A Biologically Based
Discrete-Event Simulation Model of Liver Transplantation in the United States for Pediatric and Adult Patients”. In
Proceedings of the 2011 Winter Simulation Conference, edited by S. Jain, R. R. Creasey, J. Himmelspach, K. P. White,
and M. Fu, 1275-1282. Piscataway, New Jersey: Institute of Electrical and Electronics Engineers, Inc.

1089


http://users.iems.northwestern.edu/~mehrotra/TechnicalReports/KSIM2.pdf

Sandik¢i, Tung, and Tanriover

NIDDK 2019. “Kidney Disease Statistics for the United States”. Available at https://www.niddk.nih.gov/health-information/health-
statistics/kidney-disease, accessed 10" April 2019.

OPTN  2018. “Organ  Procurement and  Transplantation  Network: Data  Reports.”.  Available at
https://optn.transplant.hrsa.gov/data/view-data-reports, accessed 21% January 2019.
OPTN 2019. “Organ Procurement and Transplantation Network: Policies.”. Available at

https://optn.transplant.hrsa.gov/media/1200/optn_policies.pdf, accessed 17 January 2019.

Pritsker, A. A. B., O. P. Daily, and K. D. Pritsker. 1996. “Using Simulation to Craft a National Organ Transplantation Policy”.
In Proceedings of the 1996 Winter Simulation Conference, edited by J. M. Charnes, D. J. Morrice, D. T. Brunner, and
J. J. Swain, 1163-1169. Piscataway, New Jersey: Institute of Electrical and Electronics Engineers, Inc.

Pritsker, A. A. B., D. L. Martin, J. S. Reust, M. A. Wagner, O. P. Daily, A. M. Harper, E. B. Edwards, L. E. Bennett, J. R.
Wilson, M. E. Kuhl, J. P. Roberts, M. D. Allen, and J. F. Burdick. 1995. “Organ Transplantation Policy Evaluation”.
In Proceedings of the 1995 Winter Simulation Conference, edited by C. Alexopoulos, K. Kang, W. R. Lilegdon, and
D. Goldsman, 1314-1323. Piscataway, New Jersey: Institute of Electrical and Electronics Engineers, Inc.

Ratcliffe, J., T. Young, M. Buxton, T. Eldabi, R. Paul, A. Burroughs, G. Papatheodoridis, and K. Rolles. 2001. “A Simulation
Modelling Approach to Evaluating Alternative Policies for the Management of the Waiting List for Liver Transplantation”.
Health Care Management Science 4(2):117-124.

Shechter, S. M., C. L. Bryce, O. Alagoz, J. E. Kreke, J. E. Stahl, A. J. Schaefer, D. C. Angus, and M. S. Roberts. 2005.
“A Clinically Based Discrete-Event Simulation of End-Stage Liver Disease and the Organ Allocation Process”. Medical
Decision Making 25(2):199-209.

SRTR 2015. “Kidney-Pancreas Simulated Allocation Model (KPSAM Version 2015) User’s Guide”. Available at
https://www.srtr.org/media/1294/kpsam-2015-user-guide.pdf, accessed 17® January 2019.

SRTR 2018. “SRTR Risk Adjustment Model Documentation: Offer Acceptance Models”. Available at https://www.srtr.org/reports-
tools/risk-adjustment-models-offer-acceptance/, accessed 17" January 2019.

SRTR 2019. “Simulated Allocation Models”. Available at https://www.srtr.org/requesting-srtr-data/simulated-allocation-models/,
accessed 10™ April 2019.

Taranto, S. E., A. M. Harper, E. B. Edwards, J. D. Rosendale, M. A. McBride, D. Daily, O. Patrick Murphy, B. Poos, J. Reust,
and B. Schmeiser. 2000. “Developing a National Allocation Model for Cadaveric Kidneys”. In Proceedings of the 2000
Winter Simulation Conference, edited by J. A. Joines, R. R. Barton, K. Kang, and P. A. Fishwick, 1971-1977. Piscataway,
New Jersey: Institute of Electrical and Electronics Engineers, Inc.

Tung, S., B. Sandik¢i, and B. Tanndver. 2019. “A Simple Incentive Mechanism to Alleviate the Burden of Organ Wastage in
Transplantation”. Chicago Booth Working Paper No: 19-23.

USRDS 2018. “Annual Data Report”. Available at https://www.usrds.org/adr.aspx, accessed 10" April 2019.

Wey, A., N. Salkowski, B. L. Kasiske, A. K. Israni, and J. J. Snyder. 2017. “Influence of Kidney Offer Acceptance Behavior
on Metrics of Allocation Efficiency”. Clinical transplantation 31(9):¢13057.

Zenios, S. A., L. M. Wein, and G. M. Chertow. 1999. “Evidence-Based Organ Allocation”. The American Journal of
Medicine 107(1):52-61.

AUTHOR BIOGRAPHIES

BURHANEDDIN SANDIKCI is Associate Professor of Operations Management at the University of Chicago Booth School of
Business. He holds a PhD in industrial engineering from the University of Pittsburgh. His research interests span decision-making
problems under uncertainty with particular focus on problems in healthcare policy, medical decision-making, and healthcare
operations. His email address is burhan@chicagobooth.edu.

SAIT TUNC is a postdoctoral researcher at the University of Chicago Booth School of Business. His research focuses on
application-driven theoretical problems and utilizes large-scale real-world databases, with an emphasis on medical decision-
making and operational efficiency in health care delivery systems. He holds a PhD in industrial engineering from the University
of Wisconsin-Madison. His email address is sait.tunc@chicagobooth.edu.

BEKIR TANRIOVER is Associate Professor of Internal Medicine at the University of Texas Southwestern Medical School in
Dallas and the Medical Director of Kidney Transplant Program at the Clements University Hospital. He earned his medical degree
from Hacettepe University in Turkey. Following a residency in internal medicine at Tulane University, he completed fellowships in
nephrology at the University of Alabama—Birmingham and transplant nephrology at Vanderbilt University. He also holds a master
degree in public health in “Cost Effectiveness and Outcomes” tract from Columbia University. Dr. Tanriover is board certified in
internal medicine and nephrology. His research interests include cost-effectiveness of immunosuppressive medications, marginal
kidney utilization, and minimization of discard in renal transplantation. His email address is Bekir. Tanriover@ UTSouthwestern.edu.

1090


https://www.niddk.nih.gov/health-information/health-statistics/kidney-disease
https://www.niddk.nih.gov/health-information/health-statistics/kidney-disease
https://optn.transplant.hrsa.gov/data/view-data-reports
https://optn.transplant.hrsa.gov/media/1200/optn_policies.pdf
https://www.srtr.org/media/1294/kpsam-2015-user-guide.pdf
https://www.srtr.org/reports-tools/risk-adjustment-models-offer-acceptance/
https://www.srtr.org/reports-tools/risk-adjustment-models-offer-acceptance/
https://www.srtr.org/requesting-srtr-data/simulated-allocation-models/
https://www.usrds.org/adr.aspx
mailto://burhan@chicagobooth.edu
mailto://sait.tunc@chicagobooth.edu
mailto://Bekir.Tanriover@UTSouthwestern.edu

	INTRODUCTION
	Context
	The Challenge
	Prior Work
	Our Purpose and Contribution

	THE U.S. ORGAN TRANSPLANTATION SYSTEM
	Main Concepts and the Environment
	The Kidney Allocation System

	OVERVIEW OF THE SIMULATION MODEL
	MODEL VERIFICATION AND VALIDATION RESULTS
	CONCLUSION

