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Do Kidney Exchanges Improve Patient Outcomes?†

By Keith F. Teltser*

In this paper, I estimate the number of additional transplants gen-
erated by kidney exchanges. To do this, I analyze substitution pat-
terns between exchange transplants and other transplant outcomes. 
Exploiting variation in patients exposure to exchange activity across 
time and place, I find that 64 percent of exchange transplants repre-
sent new living donor transplants. Using the same approach, I find 
that an increase in the probability of receiving an exchange trans-
plant reduces the probability of graft failure and reduces time spent 
waiting for a kidney.  Back-of-the-envelope calculations suggest that 
each exchange transplant increases social welfare by $300,000 to 
$700,000. (JEL D47, I11, I12, I18)

In 2017, of the roughly 100,000 people waiting for a kidney in the United States, 
4,011 died before receiving a transplant. In the same year, 35,587 people entered 

a waiting list for a kidney, and only 19,850 people received a kidney transplant 
(Organ Procurement and Transplantation Network (OPTN) 2018). Figure 1 shows 
the dramatic growth in the waiting list for kidneys over time, while transplants grow 
at a much slower pace. Addressing the increasingly unmet demand for transplant-
able kidneys while maintaining or increasing transplant quality requires creativity 
due to the National Organ Transplantation Act (NOTA) of 1984, which banned the 
sale of human organs.

Starting in 2000, transplant centers in the United States have worked to increase the 
number and quality of transplants by facilitating kidney exchanges among patients 
with willing but incompatible living donors. In the most basic type of exchange, a 
 two-way paired exchange, patients may “swap” their willing donors when the donor 
from one pair is a match for the patient in another and vice versa. Paired exchanges 
can be extended into donor chains, where an altruistic donor starts a series of paired 
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exchanges by donating anonymously to a patient with a willing incompatible donor. 
Another variation is list exchange, where a willing donor donates to someone on the 
waiting list in exchange for elevated priority on the deceased donor waiting list for 
his or her loved one in need (Delmonico et al. 2004).

Economists have made large contributions to the development of kidney exchanges 
by applying existing mechanism design models to the  patient-donor matching prob-
lem, simulating and comparing the effectiveness of several mechanisms, and aiding 
in the actual implementation of exchange programs (e.g., Roth, Sönmez, and Ünver 
2004; Roth, Sönmez, and Ünver 2005b). In addition to kidney exchange, matching 
techniques have been applied to school choice problems (Abdulkadiroğlu, Pathak, 
and Roth 2005) and medical resident placement (Roth and Peranson 1999, Niederle 
and Roth 2008). However, the case of kidney exchange is unique in that, in addition 
to reducing frictions through centralized matching, it effectively enables patients to 
legally barter with willing living donors’ kidneys. Absent kidney exchange, patients 
in the market for kidney transplants are entirely dependent on  centrally-allocated 
deceased donor kidneys or transplants from known and compatible living donors. 
This paper is the first to examine the causal relationship between the introduction of 
exchange and observed patient outcomes.

Simulations from Roth, Sönmez, and Ünver (2004) demonstrate the potential of 
exchange to increase the number of living donor transplants, while accounting for 
the possibility that some patients will substitute away from direct living donors—
those who give to known and directly compatible patients—toward exchanges. If no 
exchange transplant recipients substitute in this way, then every exchange transplant 
is a new transplant. If everyone receiving an exchange transplant substitutes in this 
way, then the introduction of exchange may not increase transplant quantity at all. 
The opposing trends in direct living, paired exchanges, and list exchanges observed 
from 2005 to 2017 in Figures 2, 3, and 4 are consistent with the hypothesis that at 
least some patients receiving kidneys via paired and list exchange substitute away 
from direct living donor transplants.
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Figure 1. Kidney Transplants and Waiting List Candidates, per 1,000,000 US Residents

Source: Public OPTN data as of April 26, 2018 (http://optn.transplant.hrsa.gov)
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Figure 2 shows considerable growth in paired and list exchanges starting around 
2005; exchanges increased from 0.6 percent of all living donor transplants in 2005 
to 13.2 percent in 2017 (Organ Procurement and Transplantation Network 2018). 
We also see transplants from anonymous donors—those who altruistically give to 
unknown patients—growing across this period. The growth of kidney exchange may 
help explain this trend, since anonymous donations can facilitate more transplants 
when used to start donor chains. Therefore, the introduction of exchange may also 
incentivize anonymous donations. While Figures 3 and 4 show a clear downward 
trend in living donor transplants from 2005 to 2017, the “Only Direct Living” trend 
in Figure 4 highlights that this decline may have been even more pronounced in the 
absence of kidney exchange and anonymous donations.

In addition to increasing transplant quantity, kidney exchanges also have the 
potential to improve overall transplant quality. Holding all else equal, we would 
expect to see improved overall graft (i.e., transplant) survival if (i) more people 
receive living donations with the introduction of exchange and (ii) living donor 
kidneys survive longer than deceased donor kidneys.1 Additionally, patients may 
substitute away from direct living donors toward willing but incompatible donors 
for reasons that lead to improved overall graft survival.

The presence of exchange allows patients to search for a better match, rather than 
having to rely on a compatible friend, relative, or the deceased donor kidney waiting 
list. Improving match quality is an integral part of finding suitable living donors for 

1 While there appears to be a lack of causal evidence, the transplant community generally acknowledges that 
living-donor kidney transplants are more successful than those from deceased donors. Calculations based on Organ 
Procurement and Transplant Network  individual-level transplant data from 1988 to 2008 reveal that 3.2 percent of 
living-donor kidney grafts failed within 1 year compared to 7.9 percent of deceased-donor kidney grafts. Similarly, 
16.8 percent of living-donor kidney grafts failed within 5 years compared to 29.6 percent of deceased-donor kidney 
grafts. In their overview of living-kidney-donation practices as of 2005, Davis and Delmonico (2005) suggests that 
this is partly due to reduced waiting time and time spent on dialysis for living-donor kidney recipients compared to 
deceased-donor kidney recipients. 

Figure 2. Transplants by Donor Type, per 1,000,000 US Population

Source: Public OPTN data as of April 26, 2018 (http://optn.transplant.hrsa.gov)
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 hard-to-match patients and, as we will see in Section III, exchange transplant recip-
ients tend to be patients who are harder to match. With the compatibility restric-
tion relaxed, we may also expect exchange to reduce the time spent searching for 
a suitable living donor. Moreover, if exchange increases total living donations, we 
would also expect to see reduced excess demand for deceased donor kidneys lead to 
shorter waiting times. According to the transplant literature, reductions in the num-
ber of Human Leukocyte Antigen (HLA) mismatches—an integer between 0 and 6 
reflecting  tissue-type match quality between patients and donors—and waiting list 
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Figure 3. Transplants by Donor Type, per 1,000,000 US Population

Source: Public OPTN data as of April 26, 2018 (http://optn.transplant.hrsa.gov)
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registration duration are both associated with improved graft survival (Opelz 1997, 
 Meier-Kriesche and Kaplan 2002, Davis and Delmonico 2005).

In this paper, I first estimate the number of additional transplants generated by 
kidney exchanges by analyzing substitution patterns across transplant outcomes. I 
do this using the United Network for Organ Sharing/OPTN Standard Transplant 
and Analysis Research (STAR) files, which contain the universe of waiting list reg-
istrations and transplants in the United States. To identify the substitution estimates, 
I exploit variation in exchange activity across time and location to construct a plau-
sibly exogenous measure of local exchange prevalence using patients’ zip codes of 
residence, transplant center zip codes, and timing of outcomes. Second, using the 
same approach, I estimate the resulting improvements in graft survival, match qual-
ity, and waiting time.

In my preferred specification, I find that 64 percent of all exchange transplants 
represent new living donor transplants. This implies that 4,493 of the 7,021 exchange 
transplants performed as of March 31, 2018 (Organ Procurement and Transplantation 
Network 2018) would not have happened in the absence of exchange. Conditional 
on receiving a transplant, I find that a 1 percentage point increase in the probability 
of receiving an exchange transplant reduces transplant failure within 1 year by 0.21 
percentage points (3 percent) and failure within 2 years by 0.24 percentage points 
(2 percent), relative to an average overall  1-year failure rate of 7 percent and 2-year 
failure rate of 12 percent. I also find a reduction in waiting list registration dura-
tion of 3.8 days (0.6 percent) that is borderline statistically significant ( p = 0.11). 
These results imply that the growth in kidney exchange from 0 percent in 2000 
to 3.9 percent of all transplants in 2017 (Organ Procurement and Transplantation 
Network 2018) reduced overall  1-year transplant failure by 0.82 percentage points 
(11.7 percent),  2-year failure by 0.94 percentage points (7.8 percent), and waiting 
list registration duration by 14.8 days (2.5 percent). I find no effect of exchange on 
 tissue-type match quality as measured by the number of HLA mismatches.

The paper proceeds as follows. Section I provides additional background informa-
tion on kidney transplantation and exchange. Section II presents a conceptual frame-
work modeling the impact of kidney exchange on the decision to donate. Section III 
discusses the data and provides descriptive statistics. Section IV develops the frame-
work for estimating the effect of exchange prevalence on observed patient outcomes. 
Section V presents the main results. Section VI presents  back-of-the-envelope cal-
culations of the implied  cost-savings and welfare gains, and concludes.

I. Background

There are two main treatment options available to a patient experiencing kidney 
failure: transplantation and dialysis. Dialysis is an ongoing treatment that provides 
some of the blood filtering that healthy kidneys would perform. However, for those 
with chronic kidney disease or  end-stage renal disease, dialysis is not a cure nor an 
attractive  long-term treatment. These patients can turn to transplantation for a more 
permanent and flexible solution. Once a patient decides to pursue a kidney trans-
plant, they may register on a waiting list for a deceased donor kidney and/or search 
for a willing living donor (National Kidney Foundation 2015).
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Figure 3 shows deceased donations are the most common source of kidney trans-
plants, accounting for 71 percent of the 19,850 kidney transplants performed in 
2017 (Organ Procurement and Transplantation Network 2018). Doctors recover kid-
neys from eligible deceased donors, which are then allocated by organ procurement 
organizations (OPOs) across the United States. When a healthy kidney is recovered, 
the OPO generates a priority list of patients on the waiting list—based on factors 
such as blood type and tissue match, waiting time, and geography—and offers the 
kidney to the transplant team of the patient at the top of the list (United Network for 
Organ Sharing 2015).2

Blood type compatibility is the first condition that needs to be met for transplant 
success. In general, people with type O blood can only receive from type O donors, 
but they can give to any other blood type. People with type A blood can only give 
to type A or AB patients. People with type B blood can only give to type B or AB 
patients. Finally, people with type AB blood can only give to type AB patients, but 
can receive from donors of any blood type. However, blood type is not sufficient. 
The patient’s level of sensitivity to foreign proteins—reflected by the Panel Reactive 
Antibody (PRA) score, which indicates the percentage of the blood  type-compatible 
population with whom the patient is likely to be incompatible—is also an important 
determinant of compatibility.

Rather than waiting for a deceased donor kidney, patients can search for living 
donors within their network of family and friends. They may be particularly likely 
to do this if facing a long wait or they want to improve expected survival. Most 
living donations come from a willing compatible donor. In 2017, 82 percent of liv-
ing kidney donations were direct living donations and 68 percent of these came 
from biological relatives or partners (Organ Procurement and Transplant Network 
2018). However, finding a sufficiently healthy, willing, and compatible living donor 
is not always easy. Once a patient finds a potential living donor, they undergo the 
same compatibility tests that are used for deceased donations, as well as screenings 
for heart and lung disease, kidney function, and psychological wellness (United 
Network for Organ Sharing 2015). Although the donor’s medical expenses are typ-
ically covered by the recipient’s insurance or transplant center’s Organ Acquisition 
Fund, potential donors may not be able to afford the associated travel costs, time off 
of work, and risk of future medical problems (United Network for Organ Sharing 
2015). Moreover, while patients may be able to find healthy and willing living 
donors, not all will be able to find a compatible living donor within their social 
network.3

2 Promoting deceased organ donation is one avenue toward reducing the massive shortage of kidneys. To 
this end, a body of literature focuses on the factors influencing the supply of deceased-donor kidneys, including 
analyses of presumed consent laws, traffic safety laws, and offering waiting list priority to  previously registered 
organ donors (e.g., Abadie and Gay 2006;  Dickert-Conlin, Elder, and Moore 2011; Kessler and Roth 2012; Li, 
Hawley, and Schnier 2013; Kessler and Roth 2014; Callison and Levin 2016; Stoler et al. 2017). However, it is also 
 well-documented that increases in the supply of deceased-donor organs are at least partially offset by living-donor 
 crowd-out (e.g., Sweeney 2010; Fernandez, Howard, and Kroese 2013; Anderson 2015;  Dickert-Conlin, Elder, and 
Teltser forthcoming). 

3 Some argue in favor of financially compensating organ donors as a way to reduce the shortage. Among a body 
of economics research focusing on this topic (e.g., Adams, Barnett, and Kaserman 1999; Byrne and Thompson 
2001; Becker and Elias 2007; and Wellington and Sayre 2011), recent work focusing on policy efforts to offset the 
costs of donating yields mixed results. In particular, Lacetera, Macis, and Stith (2014) finds that state tax and  paid 



VOL. 11 NO. 3 433TELTSER: DO KIDNEY EXCHANGES IMPROVE PATIENT OUTCOMES?

Kidney exchange offers a promising solution by facilitating transplants for 
patients who can find incompatible willing living donors. As discussed in the intro-
duction, such arrangements include paired exchanges, list exchanges, and donor 
chains. Paired exchanges can occur in a closed cycle of two or more incompatible 
 patient-donor pairs, or as part of a donor chain where a  non-directed living donor—
one who is not giving on behalf of a loved one in need—gives to a recipient who 
has a willing incompatible donor. That recipient’s willing incompatible donor then 
gives to a patient in a second incompatible pair. This process continues until no 
more matches are found, a recipient’s willing incompatible donor backs out, or the 
final donor gives to someone on the deceased donor waiting list. Figure 5 depicts 
diagrams of a  two-way exchange,  three-way exchange, and donor chain.

Exchange arrangements are generated by matching incompatible  patient-donor 
pairs who have signed up with an exchange registry. Registries may be managed by a 
single transplant center, such as the Johns Hopkins University Incompatible Kidney 
Transplant Program, or by a consortium of transplant centers where centers share 
a registry, such as the National Kidney Registry and Alliance for Paired Donation. 
In the early 2000s, exchange programs matched incompatible pairs manually. That 
changed in 2005, when Roth, Sönmez, and Ünver helped the New England Paired 
Kidney Exchange implement computerized matching algorithms (Hanto et al. 2010). 
As we can see in Figures 2 and 6, centers across the United States rapidly adopted 
this new technology. Today, exchange programs use computerized matching to max-
imize some mix of quality and quantity, though each program implements its own 
unique objective function. For example, the algorithm that the Alliance for Paired 
Donation uses gives highest priority to patients with high PRA scores, patients who 
previously donated, patients under five years old, and to matches with zero HLA 
mismatches (Alliance for Paired Kidney Donation 2015).

time-off incentives do not appear to increase living kidney donations, while Schnier et al. (2018) finds that efforts 
to reimburse donors’  travel-related expenses via the National Living Donor Assistance Center significantly increase 
living kidney donations. 

Two-way
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Donor CDonor B
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Figure 5. Two-Way and Three-Way Exchange, and Donor Chain Diagrams
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To date, economic research on kidney exchange primarily consists of important 
theoretical work on matching and simulations of patient outcomes.4 A representa-
tive set of simulations from Roth, Sönmez, and Ünver (2004) suggests that one addi-
tional transplant via exchange reduces direct living donations by 0.48.5 This implies 
that 52 percent of exchange transplants represent new living donor transplants that 
would not have occurred in the absence of exchange, and that 48 percent represent 
 patient-donor substitution toward exchange away from direct living donation. The 
representative set of simulations also yields a  post-introduction reduction of average 
HLA mismatches from 4.83 to 3.85 for those receiving a living donor transplant.

While the simulations yield valuable baseline estimates, we must be careful not 
to rely only on those results. First, the simulations use a fixed set of  patient-donor 
pairs, meaning that they do not allow for possible changes in the number and com-
position of  patient-donor pairs in response to the introduction of exchange. That 
is, the presence of exchange may induce additional  patient-donor pairs to join the 
transplant market. In reality, patients may also substitute across potential living 
donors when opting for exchange instead of direct living donation, rather than using 
the same  would-be direct living donor to engage in an exchange. In fact, this is 
quite likely to be the case since few compatible  patient-donor pairs participate in 

4 See, for example, Roth, Sönmez, and Ünver (2004, 2005a, 2005b, 2007); Roth et al. (2006); Ünver (2010); 
Ashlagi et al. (2011); Sönmez and Ünver (2015); Andersson (2015); and Chun, Heo, and Hong (2017). 

5 The researchers simulate fixed pools of 30, 100, and 300 unrelated patient/donor pairs randomly generated to 
closely reflect Organ Procurement and Transplantation Network population statistics. They assume that patients’ 
preferences are determined by maximizing the probability of a successful transplant, given certain constraints. The 
representative simulations cited here use 100 pairs and are based on the assumption that 40 percent of patients 
would prefer waiting list priority to their incompatible willing donor’s kidney, which allows for the possibility of 
list exchange. I calculate (Own Donor TXs With Exchange − Own Donor TXs Without Exchange)/(Exchanges), 
where the total number of transplants from one’s own donor is 22.81 with exchange, 54.79 without exchange, and 
the number of exchanges is 66.16. This gives us a substitution estimate of −0.48 and yields the following interpreta-
tion: of the 66.16 exchanges performed, 31.98 (or 48 percent) of the patients involved would have received a living 
kidney donation otherwise and 34.18 would not. For reference, see table 3 of Roth, Sönmez, and Ünver (2004). 
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kidney exchange arrangements.6 Second, those switching from compatible living 
donation to exchange in the simulations are driven only by reductions in the number 
of HLA mismatches and donor age. In practice, other factors may affect the substi-
tution decision (e.g.,  relationship-based preferences) such that patients are willing 
to accept an older donor or more HLA mismatches.

To my knowledge, there is no research estimating the transplant quantity gains 
generated by exchange using observational data. However, several papers in the 
transplant literature focus on quality by comparing exchange and direct living trans-
plant survival rates. For example, Segev et al. (2008) finds no statistically significant 
difference in survival rates between these two groups, even when controlling for 
observables. Mierzejewska et al. (2013) reports the same findings when compar-
ing average survival rates, despite exchange recipients being more sensitized on 
average. This is consistent with the findings of Delmonico (2004) and Gjertson 
and Cecka (2000) that the number of HLA mismatches has little to no effect on 
graft survival, but goes against the earlier findings of Opelz (1997). In any case, 
these survival comparisons suggest that patients are not made worse off by kidney 
exchanges, implying that quantity gains may be  welfare-improving. However, such 
comparisons are descriptive and therefore invite further empirical research on the 
impact of kidney exchange on patient outcomes.

II. Conceptual Framework

While a patient ultimately has the ability to accept or reject a donation, his or her 
transplant outcome fundamentally depends on the underlying set of available willing 
living donors. Developing a simple model of donor behavior can therefore help us 
understand how the introduction of exchange affects patients’ observed transplant 
outcomes. An expansion in a patient’s pool of potentially willing and suitable living 
donors may improve the likelihood of receiving a kidney, improve transplant match 
quality, and reduce transplant waiting time. As this pool expands, however, there is 
also greater ability for potential donors to free ride on other potential donors in the 
pool. In particular, if donor utility is a function of patient transplant outcomes, some 
willing compatible potential donors may no longer be willing once the compatibility 
constraint is relaxed and patients’ outside options improve.

Consider the following model of the decision to donate for an individual,  L  , with 
a loved one in need of a kidney,  k . Individual  L ’s general indirect utility is given by 
the following:

(1)   U L   (Y ) =  B k   (Q(Y )) +  α L    S −k   (Q(Y )) − C(Y ) , 

where   B k   (Q(Y ))  is the benefit  L  derives from patient  k ’s outcome,   α L    is a 
 nonnegative,  donor-specific altruism parameter, and   S −k   (Q(Y ))  represents the total 
surplus  L   generates for other patients. Further,  Q(Y)  is the expected quality of the 

6 For example, according to the National Kidney Registry’s first quarterly report of 2017, compatible  patient-donor 
pairs opting for exchange rather than direct living donation only accounted for 65 of the 1,477 exchange transplants 
facilitated by the National Kidney Registry from 2013 to March 2017 (National Kidney Registry 2017). 
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transplant outcome, which is a function of  L ’s donation decision  Y . The function  
C(Y )  represents the costs of donating, which may include travel, uncovered medical 
expenses, time off work, and health risks. I assume that   B k    is an increasing function 
of  Q(Y )  and that donating via exchange is prohibitively costly when exchange has 
yet to be formally introduced. I also assume that no spillover surplus is generated 
when  L  does not donate via exchange, or   S −k   (  Q   N  (Direct )) ≈  S −k   ( Q   N  (None)) = 0 .  
Note, however, that there may actually be some spillover surplus generated by a 
direct living donation. If registered,  k  is removed from the deceased donor waiting 
list after the transplant. All else equal, which may not be the case given evidence of 
offsetting  demand-side responses to positive organ supply shocks ( Dickert-Conlin, 
Elder, and Teltser forthcoming), this slightly reduces waiting time for those “behind”  
k  on the list.

Donor  L ’s expected utility when she donates directly is given by

(2)   U  L  x   (Direct) =  B k   ( Q   x  (Direct))  −  C   x  (Direct ). 

When she donates via exchange, her utility is

(3)   U  L  x   (Exch) =  B k   ( Q   x  (Exch)) +  α L    S −k   ( Q   x  (Exch)) −  C   x  (Exch). 

When she does not give at all, her reservation utility is

(4)   U  L  x   (None) =  B k   ( Q   x  (None )) . 

The superscript  x  indicates the absence ( x = N   ) or presence ( x = E  ) of formal 
kidney exchange. Since the pool of possible donors available to  k  expands follow-
ing the introduction of exchange, prospective donor  L  should rationally expect that 
patient  k ’s outcome, when  L  does not donate, improves following the introduction 
of exchange (i.e.,   Q   E  (None) ≥  Q   N  (None) ). From this starting point, I present the 
following proposition.

PROPOSITION 1: If the introduction of exchange does not affect the costs nor the 
benefits to  L  of direct donation, then  L  is less likely to choose direct donation over 
no donation  post-introduction. See online Appendix A.1 for the proof.

In addition to showing a  crowd-out effect of exchange on direct donations, 
Proposition 1 suggests that, after the introduction of exchange, direct donors may be 
higher quality matches and/or yield better expected transplant outcomes, on aver-
age, compared to direct donors prior to the introduction of exchange. A direct donor 
who is marginal, such that   U  L  N  (Direct ) ≥  U  L  N  (None)  and   U  L  E  (Direct) <  U  L  E  (None)  , 
is crowded out when her direct donation no longer improves  k ’s expected outcome 
enough to overcome the cost of donating. Thus, marginal direct donors are either 
relatively low quality or face high costs of donating.
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It is straightforward to show that the probability that  L  chooses to give via 
exchange rather than directly or not at all is higher after exchange is introduced. 
This is driven by the assumption that donating via exchange is prohibitively costly 
when transplant centers have yet to formally implement an exchange program. The 
ability to generate surplus for other patients in need through an exchange mechanism 
provides additional incentive for prospective donors to give via exchange rather 
than directly or not at all. Note that a donor switching from giving directly toward 
exchange will not, by itself, change the number of living donations.7 Therefore, to 
show that exchange will result in a net increase of living kidney donations, it is suf-
ficient to show that the gain in living donor transplants via exchange outweighs the 
loss of living donations due to the  crowd-out of direct donations.

PROPOSITION 2: Suppose again that the introduction of exchange does not affect 
the costs nor the benefits to  L  of direct donation, i.e.,   C   E  (Direct ) =  C   N  (Direct)  and   
B k   (  Q   E  (Direct )) =  B k   (  Q   N  (Direct )) . Then a representative prospective donor  L  is 
more likely to become a living kidney donor if the introduction of exchange increases 
the net utility of donating via exchange, relative to not donating, by a larger mag-
nitude than it increases  L ’s reservation utility, i.e.,  [  U  L  E  (Exch )  −  U  L  E  (None )  ]  − 
[  U  L  N  (Exch )  −  U  L  N  (None )  ]  >  U  L  E  (None )  −  U  L  N  (None) . See online Appendix A.2 
for the proof.

Given a large enough reduction in the cost of donating via exchange, the condi-
tion given in Proposition 2 will hold trivially. But even in the extreme and unrealistic 
case of zero cost reduction, the condition would hold if the introduction of exchange 
increases the marginal benefits of donating via exchange, relative to no donation, by 
a larger magnitude than it increases  L ’s reservation utility. This stronger condition 
is still relatively weak;  L ’s net expected utility will weakly increase if the formal 
introduction of exchange substantially increases the thickness of the market.8

Comparing  L ’s  post-introduction utility from donating via exchange to donat-
ing directly, note that  L  is more likely to donate via exchange rather than directly 
when she is a relatively poor direct match for  k . This implies an increase in trans-
plant quality for direct donation recipients, as some marginal quality direct donors 
will substitute toward exchange in order to obtain a higher quality of transplant for 
their loved one in need. As the cost differential between donating directly donat-
ing via exchange approaches zero,  L  will choose exchange rather than direct dona-
tion if there is any gain in total benefit derived from giving via exchange rather 
than direct donation. Also, depending on  L ’s altruism parameter and the amount of 

7 For instance, suppose two patients have donors who give directly before exchange is introduced. After intro-
duction, suppose they both switch to exchange. If these pairs are matched with each other in a  two-way exchange, 
there is no net gain in living-donor transplants. A net gain can only occur if at least one exchange-transplant  recipient 
would not have received a living-donor kidney in the absence of exchange. 

8 An increase in market thickness would lead to a substantially higher chance of finding a quality match for  k  
and increasing the surplus of other patients  − k . Given a large enough increase in market thickness, net expected 
utility would remain unchanged only if  L  is not a suitable exchange donor. In this case, she is also highly unlikely 
to be a suitable direct donor, so we would expect exchange introduction to have no effect on  L ’s donation decision. 
Therefore, if  L  is a suitable exchange donor, then net expected utility would strictly increase with a large enough 
increase in market thickness. 
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expected surplus generated by  L ’s donation via exchange,  L  may prefer to donate 
via exchange rather than directly even though it could imply a worse outcome  
for  k .

Taken together, the results from Propositions 1 and 2 suggest (though not unam-
biguously) that the introduction of exchange should increase the quantity of living 
donor transplants and weakly improve the quality of direct living donor transplants. 
This comes with an important caveat: while not formally modeled, there is likely 
more uncertainty about the quality of a kidney obtained via exchange than one from 
a  well-known direct donor. Accordingly, the larger the uncertainty and the more 
 risk-averse potential donors and patients are, the less substitution there will be away 
from direct living donation toward exchange or no donation. Similarly, higher levels 
of uncertainty and risk aversion imply smaller direct living donor transplant quality 
gains.

Additionally, we should not expect to see a change in deceased donor transplants 
following the introduction of kidney exchanges. Such a change would require donor 
registration rates, rates of consent among  next-of-kin after death, or the number of 
recovered kidneys deemed transplantable to respond to exchange. None of these 
seem likely given the size of the waiting list and the fact that exchange is still a small 
share of total transplants despite recent growth in utilization. Moreover, because 
the waiting list is sufficiently long, there should always be someone willing and 
able to accept a suitable deceased donor kidney. Therefore, we may see the allo-
cation of deceased donor organs naturally shift toward areas with less exchange 
activity, but this would not have an effect on the overall number of deceased  
donor transplants.

Next, the model can be extended to account for increases in anonymous dona-
tions. Suppose individual  A  does not have a loved one in need of a kidney but cares 
about the surplus her donation generates for unknown patients, such that she would 
get the following utility from donating anonymously:

(5)   U  A  x   (Anon) =  S i   (  Q   x  (Anon)) +  S −i   ( Q   x  (Anon)) −  C   x  (Anon) ,

where   S i    is the surplus generated by  A ’s anonymous donation to an immediate recip-
ient  i  ,   S −i    is the surplus generated for additional patients via a donor chain, and   
C   x  (Anon)  is the cost of donating. Her utility is zero when she does not donate:

(6)   U  A  x   (None)  = 0. 

I assume zero spillover surplus in the absence of exchange:   S −i   (  Q   N  (Anon )) = 0 . 
Note that the altruism parameter,  α  , is dropped as  A  cares equally about all potential 
beneficiaries.

PROPOSITION 3: If the cost of donating anonymously is unaffected by the intro-
duction of exchange, i.e.,   C   E  (Anon) =  C   A  (Anon)  , then individuals without a loved 
one in need of a kidney will be more likely to donate anonymously to start a (suffi-
ciently long) donor chain and less likely to donate anonymously to a single patient 
following the introduction of exchange. See online Appendix A.3 for the proof.
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Individuals will be less likely to donate anonymously to a single individual for 
essentially the same reason donors with a loved one in need are less likely to give 
directly. The introduction of exchange reduces the surplus generated by  A ’s dona-
tion to  i  , since it improves  i ’s expected outside option, while the quality of  A ’s 
transplant for  i  should not be affected by the existence of exchange. When  A  donates 
anonymously in order to start a donor chain, the surplus generated by helping even 
one additional person receive a transplant via exchange is very likely to at least off-
set the reduction in surplus experienced by patient  i . Since the average donor chain 
length includes more than four patients (Melcher et al. 2013), the additional surplus 
is very likely to outweigh the reduction in surplus experienced by  i . If all anonymous 
donations are steered toward donor chains, their donations have the potential to help 
more patients receive transplants and we would therefore expect that individuals are 
more likely to donate anonymously after exchange is introduced. While I can test 
for the net effect on anonymous donations in my empirical analyses to follow, I am 
unable to test whether increasing exchange prevalence leads to a reduction in sin-
gle anonymous donations and an increase in  chain-initiating anonymous donations, 
since I do not observe that information.

III. Data

In the following analysis, I begin with  individual-level data extracted on December 
31, 2014, from the Standard Transplant Analysis and Research (STAR) file, which 
is available by request from the United Network for Organ Sharing. The data con-
tain 788,106 observations of kidney waiting list registrations and transplants that 
occurred from 1988 to 2014. Of these observations, 398,984 are registrations that 
resulted in transplants and living donor transplants that occurred without an asso-
ciated waiting list registration. I have information on the outcome of each registra-
tion including: transplant, death, transfer to a different center, or still waiting as of 
December 31, 2014. I restrict my analysis to outcomes resulting in either transplant 
or death while waiting, as these include all the  well-defined registration outcomes.9

Donor type and living donor relationship are the key variables I use to determine 
whether a transplant is direct living, deceased, anonymous, or exchange.10 Note 
that I can only connect donors to their actual recipients. Therefore, for exchanges, 
I cannot connect donors to the loved one on whose behalf they are donating. Also, 
I cannot observe whether an anonymous donor’s kidney is used to start a donor 
chain. Nonetheless, these data are rich. I observe variables including blood type, 
level of sensitization to foreign proteins, race, education, previous transplant status, 
age, gender, registration date, transplant date, HLA mismatches, additional medi-
cal information, donor characteristics, and transplant  follow-up information from 
which graft survival is calculated. Additionally, I obtained zip code information for 

9 This means that I do not include patients who are still waiting, became too sick to transplant, transferred to 
different centers, etc. Note also that patients may have multiple waiting list registrations. Patients with multiple 
registrations who died while waiting are only counted once. For a transplant recipient with multiple registrations, I 
use only the registration associated with their actual transplant outcome. 

10 Kidney transplants are coded with one of the following donor relationships: sibling, twin, child, parent, other 
relative, significant other, miscellaneous unrelated donor, paired exchange, list exchange, anonymous, or deceased. 
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patients and transplant centers via special request to the United Network for Organ 
Sharing.

I restrict my analysis to data from January 2000 to July 2014. There is a large 
increase in the quality of reporting for the donor relationship variable in 2000.11 
Due to lags in data processing, August through December 2014 are incomplete 
with respect to donor relationship at the time of my extract. Table 1 presents the 
frequency of each  well-defined registration outcome across the sample period, as 
well as snapshots of 2007 and 2013 to provide some additional insight on changes 
over time. Here we see that anonymous donations (0.5 percent) and exchanges 
(1.4  percent) account for a small but growing fraction of all observed outcomes, 
while direct living donations (28 percent) decline, deceased donations (49 percent) 
increase slightly, and deaths while waiting (21 percent) stay relatively constant.

Overall, exchange transplant recipients appear to be harder to match, on aver-
age. They are the most sensitized to foreign proteins according to PRA score, 
which takes on a value between 0 and 100 and reflects the proportion of the blood 
 type-compatible population with whom one is likely to be incompatible. In partic-
ular, exchange recipients have an average calculated PRA score of 22, compared to 
recipients of deceased donor kidneys at 20, anonymous at 17, and direct living at 
9 (see online Appendix Table B1). Exchange transplant recipients also tend to be 
older and receive organs from older donors, which suggest that they tend to be in a 
more desperate position compared to those receiving direct living donations. Taken 
together, these statistics suggest that patients may pursue exchanges only after 
exploring more conventional options. If true, this would imply that most exchange 
transplants represent new living donor transplants.

Turning to summary statistics of transplant quality (see online Appendix Table 
B2), graft survival is slightly higher for exchanges but similar across all living donor 
transplants for both 1 and 2 years at  96–97 percent and  93–94 percent, respectively.12 

11 From 1988 to 1999, there are an average of 77 unreported donor relationships per year compared to 1 per 
year from 2000 to 2013. 

12 Graft survival is defined for observations with a  non-missing graft survival time in the OPTN STAR data. It 
takes on a value of zero if the patient died before one or two years, or if there is a reported graft failure within one or 
two years. It takes on a value of one if the graft survival time exceeds one or two years, or if the patients’ last known 

Table 1—Frequency of Registration Outcomes

2000–July 2014 2007 2013

Outcome Observations Percent Observations Percent Observations Percent

Exchange 4,103 1.39 202 0.96 753 3.52
Anonymous 1,528 0.52 97 0.46 176 0.82
Direct living 82,844 27.99 5,720 27.04 4,786 22.37
Deceased 145,408 49.13 10,591 50.08 11,164 52.19
Died on WL 62,064 20.97 4,540 21.47 4,512 21.09

Total 295,947 21,150 21,391

Note: Includes all transplants where a donor relationship is observed, and deaths of those registered on the deceased- 
donor waiting list.

Source: OPTN STAR data as of December 31, 2014
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 Ex ante tissue type match quality, measured by number of HLA mismatches, tends 
to be worse in exchange and anonymous transplants (4.31) relative to deceased and 
living donor recipients (3.88 and 3.16, respectively). Finally, recipients of direct liv-
ing donations have the shortest waiting list registration durations, roughly 237 days, 
followed by exchange at 468 days, anonymous at 654 days, and deceased donation 
at 813 days.13 While the overall picture here suggests that exchange recipients are 
harder to match, a comparison of survival across living donation methods suggests 
that exchange methods are able to overcome such difficulties.

IV. Estimation

The first goal of this paper is to estimate the number of new transplants generated 
by kidney exchanges. At first glance, a duration (e.g., competing risk) model may 
seem most appropriate for this setting. However, the validity of such an approach is 
threatened by selection bias and duration measurement issues. First, I am unable to 
measure search/waiting duration for the relatively large (33 percent) and  nonrandom 
subset of patients who receive living donor transplants without initially register-
ing on a deceased donor waiting list.14 Second, duration would be systematically 
 under-measured if a substantial portion of patients only register on the waiting list 
after (unsuccessfully) searching for a living donor.

To avoid these issues, I aggregate the  individual-level data to obtain totals of each 
type of registration outcome, as well as various patient characteristics, by zip code 
of residence, and month and year of the observed outcome. To create a balanced 
panel of zip  code-month-year observations, I replace missing registration outcome 
totals and patient characteristic totals with zero to reflect the lack of any observed 
 registration outcomes. I then use this panel to estimate a linear model of the rela-
tionship between  time-varying local exchange activity and the frequency of direct 
living, anonymous, deceased donations, and deaths while waiting.

Consider the following structural model:

(7)   Y zt   = λ  E zt   +  X zt   β +  α z   +  γ t   +  η z   t +  ζ sy   +  ε zt   , 

where the dependent variable is the frequency of  non-exchange registration out-
come  Y  , in zip code z, in  month-year t.15 The variable E is the number of exchange 

status is alive with a functioning kidney. The assumption is that these “lost” individuals would have returned to the 
system or they would have a death date reported through the Social Security Death Master File if their graft failed or 
they died. In order to ensure adequate time has passed for  follow-up data, I restrict the analysis of  one-year graft sur-
vival to transplants occurring on or before December 31, 2012, and December 31, 2011 for  two-year graft survival. 

13 Note, roughly one-third of living donor kidney recipients never register for the waiting list. In these cases, 
registration duration is set to zero. 

14 Almost 26 percent of direct living, 6 percent of exchange, and 3 percent of anonymous transplants occurred 
without an associated waiting list registration, based on OPTN STAR data as of December 31, 2014. In fact, I find 
that patients receiving living-donor transplants in areas with higher levels of exchange activity are less likely to 
register on the deceased-donor waiting list beforehand. 

15 Note that I do not normalize the included measures by zip code population for two reasons. First, census 
population information is only available by zip code tabulation area, which do not perfectly correspond to zip 
codes. Second, this information is only available decennially. The natural approach would be to normalize by 2010 
population, but this is unnecessary when also including  time-invariant zip code fixed effects. 
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 transplants received by patients residing in zip code z in period t; X is a vector of 
characteristics of patients experiencing a  well-defined registration outcome in zip 
code  z  and period  t  including race, gender, blood type, education, previous transplant 
status, PRA score, and age at listing.16 Zip code fixed effects,   α z    , control for any 
unobserved heterogeneity across zip codes where patients live that are correlated 
with local kidney exchange activity such as affluence, quality of nearby health care 
institutions, and proximity to research institutions.  Month-year fixed effects,   γ t    , 
control for nationwide transplantation trends and  national-level policy shocks. Zip 
 code-specific linear time trends,   η z   t  , account for local trends in transplant  quantity 
and quality that could be correlated with local kidney exchange activity such as 
demand for kidney transplants, technological progress, quality of local medical 
facilities, and demographic composition.  State-year fixed effects,   ζ sy    , control for 
 state-level policy shocks that may affect the supply of living and deceased donor 
transplants, such as incentives for living donors, traffic safety laws, and the Uniform 
Anatomical Gift Act. Finally,   ε zt    is the idiosyncratic error term.

The naïve OLS estimator of  λ  is likely to be biased by reverse causality and 
selection issues. Patients who are sicker and less likely to find living donor trans-
plants may be more likely to seek out exchange transplants. Those patients may also 
be more likely to experience worse transplant quality outcomes, thereby leading 
to biased estimates of the quality effects as well. Therefore, I use an instrumental 
variables approach to estimate the structural parameters of interest. I estimate the 
following  first-stage specification:

(8)   E zt   = ϕActivit y  z ̃  t   +  X zt   β +  α z   +  γ t   +  η z   t +  ζ sy   +  ε zt  , 

along with the  reduced-form specification:

(9)   Y zt   = θActivit y  z ̃  t   +  X zt   β +  α z   +  γ t   +  η z   t +  ζ sy   +  ε zt   ,

where  Activit y  z ̃  t    is a measure of exchange activity at transplant centers near 
zip code z in month t. I discuss the proposed instrument,  Activity  , further in  
Subsection IVA.

We can think of both  θ  and  ϕ  as  difference-in-differences estimators, where  
Activity  measures time- and  location-varying treatment intensity. Rather than focus 
on each individual  θ  , the main focus of the estimation results will be the structural 
parameter  λ  given by the ratio  θ / ϕ . A one unit increase in the number of exchange 
transplants near zip code  z  in period  t  results in a change of  θ / ϕ  in the frequency 
of outcome  Y . This ratio, which is equivalent to the Wald IV estimator and can be 
estimated directly using  two-stage least squares, yield the substitution estimates of 
interest.

Next, I turn to the estimation of transplant quality. Here, I estimate how 
the  probability of receiving an exchange affects the quality of transplant 

16 Patient characteristics enter the regressions as subgroup counts. For age, the groups are  0–5,  6–17,  18–34, 
 35–54, and 55+. For PRA score, the groups are  0–10,  10–20, …,  90–100, and missing. 
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 outcomes,   conditional on receiving a transplant, using  individual-level data. 
Consider the following structural model:

(10)   Y izt   = π E izt   +  X i   β +  α z   +  γ t   +  η c   t +  ζ sy   +  ε izt  , 

where each observation now represents one transplant,  Y  is the quality outcome of 
interest, including  one-year graft survival (binary),  two-year graft survival (binary), 
the number of HLA mismatches ( 0–6), and waiting list registration duration (days).  
Now,  E  is a binary indicator for whether transplant i is an exchange transplant. The 
other main difference is the inclusion of  county-specific, instead of zip  code-specific, 
linear time trends to avoid overfitting the data.17

The first stage specification is given by the following linear probability model:

(11)   E izt   = ψActivit y  z ̃  t   +  X i   β +  α z   +  γ t   +  η c   t +  ζ sy   +  ε izt   . 

The  reduced-form specification is

(12)   Y izt   = δActivit y  z ̃  t   +  X i   β +  α z   +  γ t   +  η c   t +  ζ sy   +  ε izt   . 

Thus, a 1 percentage point increase in the probability of receiving an exchange 
transplant results in change of  δ / ψ = π  in quality outcome  Y .

A. Measuring Activity

In practice, I define  Activity  as the number of exchanges that occurred at trans-
plant centers within 50 miles of zip code  z  in  month-year  t . From this measure, I 
subtract the number of exchange transplants received by patients residing in zip 
code  z  in month  t  that occurred at transplant centers within 50 miles.18 This measure 
is similar to other  distance-based instruments such as distance from nearest hospital 
(Chandra and Staiger 2007) and nearby college openings (Currie and Moretti 2003).

Since patients and donors must be able to travel to transplant centers for test-
ing and eventual transplant procedures, this proposed measure of  Activity  crucially 
reflects patient access to exchange with respect to cost, salience, and the existence 
and intensity of local transplant center participation.19 Moreover, this measure also 
exploits the network externalities inherent in paired exchange, since they must be 

17 Overfitting is a concern in the quality analyses because each observation now represents an individual trans-
plant, and roughly 48 percent of zip codes have 3 or fewer observed transplants across the sample period. 

18 I use GIS mapping software along with the zip codes of patients and transplant centers to determine which 
transplant centers are within 50 miles of the centroid of each observed patient zip code. I then aggregate over these 
nearby centers to determine how many transplants via kidney exchange occurred each month within the 50 mile 
radius. 

19 Since there is a wide range of participation in and promotion of kidney exchange across transplant centers 
and within transplant centers across time, we need a more precise measure of local exchange activity than a sim-
ple indicator of transplant center kidney exchange adoption. For example, a transplant center in Dallas joined the 
Alliance for Paired Donation in late 2010 and only performed one exchange transplant (in  mid-2013) by the end of 
2014. Meanwhile, a transplant center in Phoenix, also part of the Alliance for Paired Donation, performed its first 
exchange transplants in late 2009 and performed 47 exchange transplants total by the end of 2014 (OPTN STAR 
data as of December 31, 2014). 
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performed across two or more  patient-donor pairs. Unsurprisingly, I find  Activity  to 
be strongly correlated with the number of patients receiving exchange transplants in 
a given zip code and month.

I use 50 miles as the default radius based on the percentiles presented in Table 2 
and my prior on the distance most patients would be willing and able to travel to 
a transplant center. Most patients who receive transplants do so within 50 miles of 
their home zip code—between 60 and 70 percent overall. Figure 7 shows the aver-
age monthly number of exchanges performed within 50 miles for individuals in the 
sample over time and observed registration outcome. We see that this number ranges 
from 0 to 3.5 and tends to be higher for recipients of exchanges and anonymous 
donations, which supports the strength of the instrument. Since choice of 50 miles 
is admittedly somewhat arbitrary, I show in online Appendix C that the results are 
robust to the use of 30 and 75 mile radii.

To be valid, Activity must satisfy the exclusion restriction. That is, conditional 
on controls, it can only affect  non-exchange quantity and quality outcomes through 

Table 2—Patient Distance to Transplant Center of Operation

Percentile All Exchange Anonymous Direct living Deceased

10 4.12 5.63 4.38 4.85 3.74
20 7.30 9.79 7.34 8.49 6.65
30 11.09 13.79 10.76 12.62 10.16
40 16.05 21.00 14.66 18.07 14.82
50 24.01 29.75 21.11 26.10 22.49
60 36.07 43.71 31.89 38.45 34.53
70 56.21 65.36 49.59 58.74 54.45
80 86.93 103.21 81.10 93.05 83.40
90 146.22 193.37 182.88 163.57 137.81

Observations 231,796 4,070 1,514 82,019 144,193

Source: OPTN STAR data as of December 31, 2014

Figure 7. Number of Exchanges within 50 Miles, Excluding Own

Source: OPTN STAR data as of December 31, 2014
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its effect on the number of exchange transplants. As discussed earlier, zip code and 
month fixed effects control for any national trends and  time-invariant differences 
across locations in the dependent variables,  location-specific linear time trends con-
trol for significant  pre-trends in the outcomes of interest, and  state-year fixed effects 
control for any correlated  state-level policy shocks. Thus, the main threat to the 
exogeneity of  Activity  is whether transplant centers adopt and promote exchange 
as a transplant option in response to local idiosyncratic nonlinear trends in demand 
for exchange and/or transplant quantity and quality. To address this threat, I test 
whether local shocks to the outcome variables of interest predict future kidney 
exchange activity and find no clear evidence to support this concern. I present and 
discuss these results in more detail in online Appendix C.

Anecdotal evidence lends additional support, suggesting that the presence of a 
“champion”—a leader or small group of people motivated to implement new tech-
nology—is the driving force behind effective exchange adoption and promotion. 
For example, Garet Hil created the National Kidney Registry, a paired exchange 
consortium, after his daughter had to endure a “difficult and extensive donor search” 
(National Kidney Registry 2015). Additionally, centers with active exchange pro-
grams appear to be those with the resources necessary for such an undertaking.20 
Conversations with a prominent nephrologist who initiated the paired kidney dona-
tion program at the University of Michigan support the importance of these two 
criteria. While the latter may raise the concern that centers with sufficient resources 
to start or participate in exchange programs tend to be in areas with systematically 
different patient outcomes, the included set of time and location controls should 
alleviate this concern.

A second concern is that patients may endogenously move from areas of low 
exchange activity to areas of higher exchange activity in pursuit of an exchange trans-
plant. While I cannot perfectly observe moving behavior, I do observe zip code of 
residence at the time of registration and at the time of transplant among patients who 
register on the deceased donor waiting list. Using this information, I analyze whether 
exchange activity near a patient’s most recent zip code of residence predicts a change 
in zip code, whether exchange activity near a patient’s original zip code predicts a 
change in zip code, and whether the  Activity  differential between a patient’s origi-
nal and  most-recent zip code is correlated with the type of transplant received. The 
results, which I discuss further in online Appendix C, suggest that patients do not 
decide to change their zip code of residence based on local exchange activity.

V. Results

In this section, I present the main results from estimating the effect of 
exchange on transplant quantity and quality via OLS and using an instrumen-
tal variables approach. I address the primary concerns about the validity of the  

20 University hospitals are likely candidates to have a champion and the resources needed; 13 of the 20 most 
active kidney exchange centers are at university medical centers based on the number of exchanges performed 
between January 2000 and July 2014. The most active centers include Johns Hopkins Hospital, Methodist Specialty 
and Transplant Hospital, University of Michigan Medical Center, Northwestern Memorial Hospital, University of 
Maryland Medical System, and UCLA Medical Center (OPTN STAR data as of December 31, 2014). 
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instrument,  Activity  , and also show the robustness of these main results to alternate 
choices of specification, estimation sample,  Activity  , and  location-by-time control 
variables in online Appendix C.

A. Quantity Estimates

Table 3 presents the estimates of the effects of kidney exchange prevalence on 
the frequency of other registration outcomes.21 The OLS estimates are presented 
in panel A, and the first-stage,  reduced-form, and Wald IV estimates that exploit  
Activity  as a plausibly exogenous measure of exchange prevalence are presented 
in panel B. The first column of panel B presents the first-stage estimate (ϕ): the 
effect of nearby exchange activity in the month of a patient’s registration outcome 
on the probability that the patient receives a kidney via exchange. The estimated   
ϕ ˆ   = 0.00087  , relative to the sample average of 0.00089 exchange transplants per 
zip code month, implies that one additional exchange transplant within 50 miles of 
a patient increases the number of exchange transplants observed in a given zip code 
month by 98 percent. This estimate is highly significant with a  t-statistic of 14.7, 
further supporting the importance of proximity to exchange activity with respect to 
obtaining a transplant via exchange.

The second through fifth columns present the substitution estimates of inter-
est. The first row of panel B contains the reduced-form estimates ( θ ). The second 
row of panel B and first row of panel A contain, respectively, the Wald IV and 
OLS structural parameters of interest ( λ ). The second column  reduced-form esti-
mate implies that one additional nearby exchange transplant results in a statistically 

21 Note: All of the linear regression models in this paper are estimated using the Stata command reghdfe to 
accommodate the inclusion of several  high-dimensional fixed effects. This command implements the estimator 
developed in Correia (2017). 

Table 3—Estimating Substitution Patterns

Exchange 
(first stage) Direct living Anonymous Deceased

Died on 
wait list

Mean of dependent variable [0.00089] [0.018] [0.00033] [0.031] [0.013]

Panel A. OLS estimates
Exchange (count) – −0.32 −0.0070 −0.48 −0.19

– (0.0037) (0.00057) (0.0039) (0.0034)

Panel B. Reduced form and IV estimates using Activity
Nearby exchanges (excluding own) 0.00087 −0.00037 0.000064 −0.00038 −0.00018

(0.000059) (0.000097) (0.000025) (0.00012) (0.00010)

Wald IV estimates – −0.43 0.073 −0.44 −0.20
– (0.11) (0.029) (0.13) (0.12)

Observations 4,594,450 4,594,450 4,594,450 4,594,450 4,594,450
Number of zip codes 26,254 26,254 26,254 26,254 26,254

Notes: Clustered standard errors are in parentheses (at zip code level). Regressions include month-year fixed effects, 
zip code fixed effects, zip code-specific linear time trends, and state-year fixed effects. They also include controls 
for age at listing, previous transplant status, PRA score, blood type, gender, ethnicity, and education.
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 significant reduction in the frequency of direct living donor transplants by 0.00037 
(2.1 percent) relative to an average of 0.018. The substitution ratio of interest, 
 − 0.00037/0.00087 = − 0.43  , estimated directly via 2SLS and presented in the 
second row of panel B, implies that 43 percent of exchange transplant recipients 
would have received a direct living donor transplant in the absence of exchange. 
The corollary to this is that 57 percent would not have received a direct living donor 
transplant in the absence of exchange. Compared to the OLS substitution estimate of 
−0.32, this approach yields a larger estimate of substitution away from direct living 
donor transplants and contributes to a more conservative estimate of the net living 
donor transplant gains attributable to exchanges.

The third column  reduced-form estimate implies that one additional nearby 
exchange transplant increases the frequency of anonymous donations by 0.000064 
(19 percent) relative to an average of 0.00033. The corresponding substitution 
 estimate of interest implies an increase of roughly 0.07 anonymous donations for 
every exchange transplant, as opposed to the OLS estimate of −0.007 that implies a 
small anonymous donation  crowd-out effect. This increase in anonymous donations 
is a new finding; prior simulations rely on fixed pools of representative  patient-donor 
pairs and therefore cannot account for an increase in donors from outside of the 
selected pool.

The fourth column  reduced-form estimate implies that one additional nearby 
exchange transplant decreases the frequency of deceased donor transplants by 
0.00038 (1.2 percent) relative to an average of 0.031. This implies substitution away 
from deceased donor transplants toward exchange transplants at a rate of 44 percent, 
compared to the OLS estimate of 48 percent. However, as discussed in Section II, it is 
likely that any estimated substitution here is explained by the allocation of deceased 
donor kidneys being shifted toward areas with less kidney exchange activity and 
does not affect the overall number of deceased donor organ transplants. Finally, 
the fifth column shows a statistically significant relationship between exchange and 
death on the waiting list; one additional nearby exchange transplant reduces deaths 
on the waiting list by 0.00018 (1.4 percent) relative to an average of 0.013. The sub-
stitution estimate implies that 20 percent of exchange transplant recipients would 
have died while waiting, which is nearly identical to the OLS estimate of 19 percent.

The direct living and anonymous estimates (columns 2 and 3) are key to deter-
mining the number of new living donor transplants that would not have occurred 
in the absence of exchange. The Wald IV estimates imply that 64 percent 
( 1 − 0.43 + 0.07 ) of exchange transplants represent new living donor transplants. 
The OLS estimates imply a nearly identical 67.3 percent ( 1 − 0.32 − 0.007 ), though 
the differences in the underlying estimates call attention to the potential bias of OLS 
due to selection and reverse causality.22

22 Suppose instead that I were to estimate the substitution parameters of interest via OLS using  individual-level 
data and a linear probability model, where the key independent variable of interest is an indicator for whether a 
patient actually received an exchange transplant. With this approach, which is analogous to my approach to estimat-
ing transplant-quality effects, we would worry about selection and reverse causality because actual exchange trans-
plant recipients appear to be sicker and harder to match. In this setting, such worries persist when aggregating to the 
zip  code-month level. This is due to the fact that, even in the aggregated data, the number of direct living  transplants 
(anonymous donations) is 0 in 96 percent (99.9 percent) of the observations that drive identification (i.e., those 
where the number of exchange transplants is greater than 0). In practice, this means that the OLS substitution 
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B. Quality Estimates

Because OLS estimates of the impact of exchange on graft survival, HLA 
mismatches, and waiting list registration duration are also likely to be biased by 
selection issues and reverse causality, I identify these effects using  Activity  and 
present my preferred estimates in panel B of Table 4. The first column presents 
the  first-stage parameter estimate,   ψ ˆ    , from equation (11): one additional nearby 
exchange transplant increases the probability that a patient, conditional on expe-
riencing a  well-defined registration outcome, receives an exchange transplant by 
0.0064 (36 percent) relative to an average of 0.018.

The  reduced-form estimate,   δ ˆ    , in the second column suggests that one addi-
tional nearby exchange transplant increases the probability of  one-year graft 
survival by 0.0013 percentage points. Thus, a 1 percentage point increase in the 
probability of receiving an exchange transplant increases  1-year graft survival by 
   π ˆ   1yr   = 0.21  percentage points relative to an average of 93 percent, which translates 
directly into a 0.21 percentage point (3 percent) reduction in the average  1-year 
failure rate of 7 percent. Similarly, the third column  reduced-form estimate  suggests 
that one additional nearby exchange transplant increases the probability of  2-year 
graft survival by 0.0015 percentage points. This implies that a one percentage point 
increase in the probability of receiving an exchange transplant increases  2-year 

estimates are very similar to their respective  non-exchange outcome shares (see Table 1). The estimated effect on 
direct living transplants is −0.32, while direct living transplants comprise 28.4 percent ( 27.99/(100 − 1.39) ) of all 
the  well-defined  non-exchange outcomes. These numbers are −0.007 and 0.53 percent for anonymous donations. 
Using a plausibly exogenous instrument such as  Activity  solves this problem. 

Table 4—Estimating Quality Effects

Exchange
(first stage)

Graft survival 
> 1 years

Graft survival 
> 2 years

HLA 
mismatches

Registration 
duration 
(days)

Mean of dependent variable [0.018] [0.93] [0.88] [3.64] [604]

Panel A. OLS estimates
Exchange (binary) – 0.028 0.041 0.70 −214

– (0.0040) (0.0058) (0.022) (9.34)

Panel B. Reduced form and IV estimates using Activity
Nearby exchanges (excluding own) 0.0064 0.0013 0.0015 −0.00014 −2.45

(0.00052) (0.00057) (0.00085) (0.0034) (1.54)

Wald IV estimates – 0.21 0.24 −0.022 −384
– (0.093) (0.13) (0.54) (240)

Observations 225,268 198,644 182,257 223,518 224,869
Number of zip codes 18,462 17,689 17,173 18,422 18,449

Notes: Clustered standard errors are in parentheses (at zip code level). Regressions include month-year fixed 
effects, zip code fixed effects, county-specific linear time trends, and state-year fixed effects. They also include 
controls for age at listing, previous transplant status, PRA score, blood type, gender, ethnicity, and education. The 
 non-death-censored graft survival variables assume transplant survival for those whose last known status is alive 
with a functioning kidney transplant. Excludes patients who experienced a non-transplant outcome. One-year graft 
survival excludes 2013–2014 data; two years excludes 2012–2014. Waiting list registration duration is set to zero 
for the living-donor transplant recipients who do not register on the deceased-donor waiting list. Note that the 
results are not sensitive to this decision; dropping those patients instead yields a reduced-form estimate of −2.35 
(1.58) and a Wald IV estimate of −375 (251). 
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graft survival by 0.24 percentage points relative to an average of 88 percent, i.e., 
a 0.24 percentage point (2 percent) reduction in the average  2-year failure rate of 
12 percent. Compare this to the OLS estimates in panel A, which imply only a 0.03 
percentage point (0.4 percent) reduction in the  one-year failure rate and a 0.04 per-
centage point (0.3 percent) reduction in the  two-year failure rate.23

The fourth column shows the effect of increasing exchange prevalence on HLA 
mismatches, one possible mechanism through which graft survival could improve 
(Opelz 1997). In contrast to the OLS estimate suggesting a one percentage point 
increase in the probability of receiving an exchange transplant increases HLA mis-
matches by 0.007 ( 0.70 × 0.01 ), the IV estimate implies that exchange has a very 
small negative and statistically insignificant effect on the number of HLA mis-
matches. Recall that Roth, Sönmez, and Ünver (2004) finds large reductions in HLA 
mismatches as exchanges are introduced; this is partially driven by patients choos-
ing exchange over direct donation on the basis of HLA mismatches and donor age 
only, which does not appear to hold in reality. While exchange may enable patients 
to find closer matches, patients may also be willing to accept a slightly worse match 
instead of having to rely on a compatible family member, for example, who may be 
a much closer match. Moreover, if most of those receiving kidney exchanges are 
 harder-to-match individuals and would not have received a transplant otherwise, 
then we would expect their transplants to put upward pressure on the average num-
ber of HLA mismatches.

The fifth column shows the effect of increasing exchange prevalence on regis-
tration duration, another mechanism through which graft survival could improve 
( Meier-Kriesche and Kaplan 2002). An additional nearby exchange transplant 
reduces registration duration by 2.45 days, though this result is just outside of the 
range of statistical significance at the 10 percent level. The magnitude of this esti-
mate is, however, economically significant. It implies that a 1 percentage point 
increase in the probability of receiving an exchange transplant reduces registration 
duration by  384 × 0.01 = 3.84  days (0.6 percent) relative to an average of 604 
days. This is larger in magnitude than the OLS estimate of 2.14 days ( 214 × 0.01 ), 
but does not appear to be statistically distinguishable. Part of this positive effect is 
likely driven by the net increase in living donor transplants, where waiting time is 
shorter than for a deceased donor transplant. It is also possible that reduced search 
frictions and reduced excess demand for deceased donor kidneys contribute to this 
effect, though there is no clean way to isolate these different components.

Note that these estimates of transplant quality are based on the subset of patients 
who receive a transplant. Because some of these recipients would not have received a 
transplant in the absence of exchange, it is possible that a change in the composition 
of recipients leads me to underestimate the beneficial effects of exchange on transplant 
quality. It is also possible that there is selection in who receives an exchange transplant, 
such that the results do not reflect the effects of exchange on the health outcomes of 

23 Graft failure is defined as failure of the transplanted kidney itself or the death of the transplant recipient. Note 
that the positive IV survival estimates are not sensitive to the exclusion of patients who die within one or two years 
with a functioning graft, nor dropping all patients who die within one or two years. Thus, they appear to reflect 
actual transplant quality improvements rather than compositional changes among transplant recipients. 
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transplant candidates more broadly. While imprecise, I present estimation results in 
online Appendix Table B3 that suggest an increase in exchange prevalence increases 
the probability that a patient receives a transplant within two years and four years, 
reduces the probability that they die within two years and four years, and reduces the 
probability that they still need a kidney (conditional on surviving) two years and four 
years following their initial deceased donor waiting list registration.

VI. Conclusion

On August 2, 2018, 94,932 candidates were waiting for a kidney (Organ 
Procurement and Transplantation Network 2018). The growing shortage of trans-
plantable organs has driven economists, transplant practitioners, and lawmakers 
to develop creative solutions. The innovation of transplantation among patients 
with incompatible willing donors via exchange has grown in prevalence in recent 
years, facilitated by  single-center registries and consortia of transplant centers using 
 computer-optimized matching mechanisms.

Analyzing the extent to which exchange improves patient outcomes is the most 
direct way of evaluating efforts to introduce and promote this mode of transplan-
tation. This paper is the first to tackle such an evaluation using administrative data 
on waiting list registrations, transplants, and  follow-up visits. To identify the quan-
tity and quality effects of interest, I construct and exploit a plausibly conditionally 
 exogenous measure of  time-varying local exchange activity using patient and trans-
plant center location data.

The findings of this paper clearly illustrate the welfare gains that are possible 
when applying theoretical work on matching and mechanism design to  real-world 
problems, particularly in markets where money cannot facilitate exchange. In 
particular, the preferred specifications imply that 43 percent of exchange trans-
plant recipients would have received a direct living transplant in the absence of 
exchange, which turns out to be quite similar to the 48 percent substitution rate 
simulated by Roth, Sönmez, and Ünver (2004). The corollary is that 57 percent 
would not have received a direct living transplant. Combined with the estimated 
additional 0.07 additional anonymous altruistic living donations for each additional 
exchange transplant, this implies that 64 percent of exchange transplants represent 
new living donor transplants. Through June 30, 2018, there have been 7,271 trans-
plants performed via exchange (Organ Procurement and Transplantation Network 
2018). The results of this paper suggest that 4,653 of those represent living donor 
kidney transplants that would not have happened in the absence of exchange.

In addition to yielding many new living donor transplants, the evidence also shows 
that the increasing prevalence of exchange has a significant impact on transplant 
quality outcomes. Conditional on receiving a transplant of any kind, a 1 percentage 
point increase in the probability of receiving a transplant via exchange is shown to 
reduce  1-year transplant failure by 3 percent, reduce 2-year failure by 2 percent, 
and reduce registration duration by 3.8 days (0.6 percent). To put these estimates in 
context, exchange transplants grew from 0 percent of all transplants in 2000 to 3.9 
percent in 2017 (Organ Procurement and Transplant Network 2018). These results 
are in line with what we would expect given that exchanges increase the number of 
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living donor transplants performed. However, contrary to simulations (e.g., Roth, 
Sönmez, and Ünver 2004), there appears to be no effect on tissue type match quality.

The net increase in social welfare from a single living donor transplant ranges 
from an estimated $473,000 (Schnier et al. 2018, based on Matas and Schnitzler 
2004) to $1.1 million (Held et al. 2016) depending on the gain in  quality-adjusted 
 life-years (QALY), value of a QALY, and the cost savings of living donor transplan-
tation compared to continued dialysis. The cost savings alone range from roughly 
$125,000 in 2014 US dollars (based on Matas and Schnitzler’s $94,579 in 2002 US 
dollars) to $195,000 (Held et al. 2016), 75 percent of which represents savings to 
taxpayers (Held et al. 2016). A  high-end estimate of the additional cost of facilitat-
ing an exchange transplant is $6,000 based on the fees to join and use the services 
of the National Kidney Registry (Melcher et al. 2012).

The estimated cost reductions and net social welfare gains are substantial. 
Focusing only on cost savings, every exchange transplant reduces health care costs 
by an estimated $74,000 to $120,000, amounting to a total of $520 to $843 million, 
75 percent of which accrues to US taxpayers. Considering net social welfare, every 
exchange transplant generates a net benefit of $300,000 to $700,000,24 amounting 
to a total of $2.1 to $4.9 billion. However, caution is required when considering the 
cost reduction and welfare estimates as they do not include costs or benefits incurred 
by living donors.

All else equal, increasing the total number of transplants through the channel of 
living donation via exchange slows the growth of deceased donor kidney waiting 
lists. Moreover, as new living donor transplant recipients leave waiting lists earlier, 
the average waiting time for deceased donor kidneys also falls. These factors con-
tribute to an increase in overall average graft survival, meaning patients who receive 
transplants live longer with a functioning kidney before passing away or having to 
search for another transplant.

As Roth, Sönmez, and Ünver (2004) shows, the proportion of  patient-donor pairs 
who are able to be matched via exchange increases with the number of registered 
pairs. Moreover, there is substantial room for growth in kidney exchange by allevi-
ating agency problems and the existing fragmentation of kidney exchange registries 
(Agarwal et al. 2018). These considerations, combined with my findings, should 
encourage existing kidney exchange programs, prospective kidney exchange pro-
grams, and policymakers to further promote exchange as a transplant option. To 
the extent that transplant programs, patients, and potential donors are constrained 
by the costs of participating in kidney exchange, or do not fully internalize the ben-
efits, subsidies funded by the cost savings could increase participation and reduce 
fragmentation.
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