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Abstract  

Studies of the “learning curve” typically focus on a clearly defined task or tasks. In markets for credence 

goods such as medical care, however, suppliers act as not only as providers but also as expert advisors: they 

diagnose a buyer’s need for a service before providing it. This dual role of the supplier introduces a crucial 

complication to learning-by-doing explanations of the relationship between experience and outcomes, as 

improvements may result from better decision-making or better skill. This paper aims to explore an area of 

medicine - kidney transplantation - where clinical judgment and surgical skill are clearly delineated and 

separately observable. We find that greater lagged transplant center volume predicts lower rates of organ 

offer acceptance across the spectrum of organ quality. To assess center performance, we evaluate outcomes 

along two dimensions following decisions to refuse an offered organ: (1) whether the potential recipient 

accepted a better-quality organ and (2) whether the potential recipient died or was removed from the 

transplant waitlist for medical reasons, both within six months of a refusal. We find that larger centers 

perform worse on both dimensions. We then assess how volume relates to post-surgical outcomes and find 

evidence of reduced rates of post-transplant death or graft failure within one year at larger transplant centers. 

This tension between improved execution and reduced decision quality implies that practice may not make 

perfect in the context of complex medical care. Experience may need to be supplemented with decision 

support or other tools to improve outcomes.  
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I. Introduction 

The correlation between accumulated experience and greater productivity has been widely documented in 

a range of fields. In 1936, the impact of “practice” on “proficiency” was described as already being well-

known, in a study of airframe manufacturing (Wright, 1936). The relationship found its seminal formulation 

in the economics literature in Arrow (1962). Since Arrow’s application of learning-by-doing models to 

progress at the firm level, this relationship has been studied in manufacturing  (e.g. Irwin & Klenow, 1994; 

Lieberman, 1984) as well as in service industries such as healthcare (e.g., Luft, Hunt, & Maerki, 1987). A 

systematic review of volume-outcome studies in healthcare indicates that, although effects are somewhat 

reduced when outcomes are adjusted for clinical risk, the volume-outcome relationship persists across a 

wide variety of clinical services (Halm, Lee, & Chassin, 2002). 

From its origins, work on the volume-outcome relationship in healthcare proposed two potential 

mechanisms by which experience and performance might be linked. First, the “practice-makes-perfect”  

category of hypotheses points to either learning-by-doing or quality-enhancing scale economies as causing 

large hospitals to provide better quality care, thereby improving outcomes. An alternative to this causal 

story suggests that selective referral drives the relationship. Inverting the direction of causality, this latter 

hypothesis proposes that hospitals with higher quality attract greater demand and, therefore, have a greater 

volume of patients (Luft et al., 1987). Disentangling these two channels is empirically difficult, both in 

healthcare and other contexts.  

In addition to challenges related to determining the direction of causality between volume and outcomes, 

unpacking the mechanism by which these widely-documented improvements occur has also attracted 

substantial attention. Accumulated experience may lead to improved outcomes via learning (Argote & 

Epple, 1990). In the management literature, this learning process can be coarsely split in two, with first 

order effects emerging from repetition and second order learning occurring via changes to training or 

process design (P. S. Adler & Clark, 1991). Alternatively, the cross-sectional relationship between volume 
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and outcomes may be a product of greater scale, which allows higher-volume institutions to implement 

capital-intensive improvements that lead to better outcomes, without learning taking place due to the 

accumulation of experience. Luft, Hunt, & Maerki (1987) address this latter possibility, and Gaynor, Seider, 

& Vogt (2005) explore it more directly.  

Finally, some empirical studies find no evidence of a volume-outcome relationship in key health care 

domains. For example, Huesch (2009) finds no relationship between either lagged or current volume 

(treated as experience and scale, respectively) in explaining outcomes such as operative time or in-hospital 

mortality. This points to a need to document the mechanisms by which learning may occur – as Adler and 

Clark (1991) put it, to go “behind the learning curve.”  

In markets for credence goods, such as medical care, suppliers act as not only as providers but also as expert 

advisors: they diagnose a buyer’s need for a particular service relative to potential alternatives before 

providing that service (Emons, 1997). This dual role of the supplier introduces additional complexity into 

the learning-by-doing explanation of the volume-outcome relationship, as observed improvements in 

outcomes may result from either better decision-making concerning the course of treatment or better 

execution once a course of treatment is chosen. These two channels are extremely difficult to separate, both 

in healthcare and other settings. Much of decision-making’s impact on outcome is determined not when a 

treatment is delivered, but along the chain of encounters and referrals that directs a patient to that treatment. 

For example, in cardiac care, providers may develop rubrics for referral to different treatments for coronary 

artery disease (e.g. coronary artery bypass grafting (CABG) versus percutaneous coronary intervention 

(PCI)). Simply comparing the outcomes of patients undergoing these two procedures, however, obscures 

differences in the effect of experience on decision-making versus execution.  

This paper explores an area of professional decision-making – the decision by a kidney transplantation 

center to accept or turn down an offered kidney – in which the clinical decision and surgical execution are 

more clearly delineated and separately observable. Prior efforts to explore the mechanisms by which the 
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volume-outcome relationship operates in healthcare have pointed to factors beyond improvements in 

surgical skill. For example, Huckman & Pisano (2006) highlighted the role that surgeon familiarity with a 

given organization plays in the positive relationship between surgeon experience and outcomes for cardiac 

surgery. A more recent paper, which looks separately at decision-making and performance in caesarean 

sections (Currie & MacLeod, 2017) offers one treatment of this distinction. Because only patients with 

relatively high risk benefit from cesarean delivery, doctors demonstrate two separate dimensions of 

performance: (1) identifying those patients who are most likely to benefit from intensive treatment and (2) 

performing intensive procedures once they have been chosen. They find that improved decision-making 

could lead to more appropriate matching of patients to treatments, potentially improving birth outcomes. If 

experience improves physician decision-making, then disentangling these two channels may provide 

important insights for clinical practice and policy, as well as for the broader organization of work performed 

by skilled professionals.  

Kidney transplantation provides a unique opportunity to isolate the decision-making component of the 

volume-outcome relationship. A number of features of this setting address complications that make 

disentangling these issues challenging in other contexts. First, patients are added to the waitlist at a 

transplant center after meeting a relatively clearly-defined diagnostic criterion (i.e., diagnosis of end-stage 

renal disease (ESRD), or kidney failure) and face a common set of treatment options (e.g., dialysis or kidney 

transplantation). Second, the richness of the data available on the organ transplant process allows for the 

observation of crucial elements of both the decision-making and performance aspects of treatment. Detailed 

records on the specific organs that are accepted or turned down, and for which patients, allow for assessment 

of provider decision-making after patients are added to the waitlist. Moreover, detailed records on donor 

attributes and organ quality, as well as the condition of potential recipients, allows for fine-grained risk 

adjustment. Finally, because transplant teams have the option to turn down offered kidneys over an 

extended period and the arrival of organs of high quality is essentially random, there is substantial variation 

in the number of offers evaluated per center. As a result, experience may accrue at different rates across 



 

5 

 

centers with respect to both the number of offers evaluated and the number of transplants performed. This 

variation allows each component to be studied separately. Given these institutional factors and the detailed 

documentation of offers and decisions, it is possible to observe how transplant centers respond to organ 

offers, conditional on organ quality and recipient health, and to assess whether those responses vary with 

experience.  

Using recipient-, donor- and offer-level data from the Organ Procurement and Transplantation Network 

(OPTN) for all kidney transplant programs in the United States from 2007 to 2013, we find that larger 

transplant centers are less likely to accept any offered organ, even after controlling for organ quality, 

recipient health, and the quality of match between the donor and recipient. In an effort to assess the quality 

of a center’s decision-making, we look at the likelihood of two possible outcomes – one positive, one 

negative – following the refusal of an organ offer. First, we look at whether a patient received a transplant 

of a higher-quality organ within six months of an offer being rejected, indicating that the center may have 

made the “right” decision by waiting for a better offer1. Second, we ask whether the potential recipient died 

or was removed from the transplant waitlist for medical reasons within six months of an offer being refused. 

We view this as evidence that the initial refusal was the “wrong” decision. We find that larger centers 

perform significantly worse on both dimensions. We then assess how volume relates to post-surgical 

outcomes and find evidence of reduced rates of post-transplant death or graft failure within one year at 

larger transplant centers. This tension between improved execution and reduced decision quality with 

greater volume complicates the classical relationship from the volume-outcome literature, thereby implying 

that practice may not make perfect in context of complex medical decisions. The following sections 

describe the institutional context in which deceased-donor kidney offers are generated, elaborate on a 

                                                           
1 We emphasize that receiving a better organ at a later date is only evidence that transplant centers may have made 

the right choice to refuse an offered organ. As an example of a scenario where this assumption might not hold, 

consider a potential recipient whose medical condition declines substantially while waiting. For this patient, the 

lower-quality organ at an earlier date might have led to better predicted survival. However, without more detailed 

clinical data on potential recipients, such comparisons are difficult to make reliably. 
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theoretical framework for considering these questions, analyze extensive data on transplant waitlists and 

organ offers, and discuss the implications and limitations of our findings. 

II. Institutional Context: Kidney Transplantation 

A 1984 act of Congress created the Organ Procurement and Transplantation Network (OPTN), a public-

private collaboration tasked with, among other things, creating a registry for pairing patients in need of a 

transplant with donor organs. Since its inception, the OPTN has been solely administered under contract 

through the United Network for Organ Sharing (UNOS), a private, non-profit organization based in 

Richmond, VA. In addition to maintaining the organ transplant waitlist, OPTN sets policy for organ 

allocation, engages in oversight, and maintains transplant databases for research and evaluation. The 

national transplant system is divided into eleven regions, which are further subdivided into 58 Donor 

Service Areas (DSAs). 

For patients with ESRD, kidney transplantation is the only definitive treatment, and organs are drawn from 

voluntary donations by either living or deceased donors. Roughly two-thirds of kidney transplants use an 

organ recovered from a deceased donor. In these cases, the kidney is surgically removed and placed in cold 

storage or connected to machine perfusion (“pumped”). To be considered for a deceased donor organ, 

patients on dialysis or with a low estimated glomerular filtration rate (eGFR, a measure of kidney function) 

can seek a referral from a physician to be evaluated for addition to the waitlist at a local transplant center. 

That center then screens patients for appropriateness for transplant and adds eligible candidates to the 

waitlist.  

During the period studied in this paper, kidneys recovered from deceased donors were allocated primarily 

based on the amount of time the patient had been on the waitlist, with potential recipients excluded from 

match runs based on immunologic incompatibility or criteria set by specific hospitals. For example, some 

hospitals might refuse all organs from donors diagnosed with Hepatitis C. Additional provisions assign 

priority to pediatric patients, potential recipients who have previously donated a kidney, and potential 
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recipients who are located in proximity to the hospital at which the organ was recovered.2 Once a patient 

begins receiving offers, the transplant team at the hospital where the patient has registered can opt to accept 

or turn down the offered kidney, without impacting the patient’s position on the waitlist. 

The waitlist for kidney transplantation reflects the massive burden imposed by kidney disease in the United 

States. As of November 2018, over 95,000 patients were on the waitlist  (UNOS, 2018). Moreover, in each 

of the last five years more than 35,000 patients have been added to the waitlist, while fewer than 20,000 

transplants were performed in 2017, and living donations have actually declined since 2010. This mismatch 

between the supply of and demand for donor kidneys contributes to particularly severe consequences for a 

large subset of patients awaiting transplant: in 2017, 4,449 potential recipients died and an additional 4,801 

were removed from the waitlist after becoming too sick to undergo transplant (OPTN, 2018). Even with 

this substantial number of adverse outcomes removing patients from the pool of potential recipients, the 

waitlist and wait times for registrants continue to grow significantly (USRDS, 2018a). For ESRD patients 

on the waitlist, dialysis treatment offers the possibility of survival for an extended period prior to transplant. 

This medical management, however, comes at a substantial cost. In 2015, Medicare spent an average of 

$88,195 per patient per year on all care received by hemodialysis patients, and patients with ESRD 

accounted for over 7 percent of total Medicare spending. For  patients undergoing transplant, spending was 

only $34,780 per patient per year (USRDS, 2018b).   

The above challenges persist despite extensive efforts to improve the process by which potential recipients 

are matched with the supply of available organs. Perhaps the highest-profile work in this area is that by 

Roth, Sönmez, & Ünver (2004), which provides a framework for pairwise exchanges with living kidney 

donors, reducing the barriers faced by potential recipients who have identified a willing, but 

immunologically incompatible, donor. A second stream of efforts aimed at improving the kidney 

                                                           
2 In December 2014, a new set of rules for allocating kidneys took effect, which included priority allocation of 

organs from the healthiest donors to the potential recipients with the greatest predicted post-transplant survival, 

among other changes. None of these provisions, however, were included in the policies in effect during the period 

studied here. 



 

8 

 

transplantation process focuses on expanding the supply of donors with policy changes such as presumed 

consent for organ donation. These initiatives, however, have foundered at the state level.  

Our paper falls into a third category of efforts based on the premise that, holding the policy environment 

and supply of deceased donor organs fixed, it may still be possible to improve care by studying and guiding 

provider decision-making. Given the undersupply of organs and these policy constraints, it is essential to 

understand how the current pool of deceased-donor organs are allocated to potential recipients and how 

transplant team decision-making impacts the process. Specifically, because dialysis can keep patients with 

ESRD alive for years, transplant teams have the option to turn down an offered organ in anticipation of a 

better organ (i.e., one from a better-matched donor or a donor with fewer chronic health conditions) being 

offered in the future. Patients largely delegate this decision-making to the transplant team’s expertise, and 

several features of this process imply that these decisions depart from optimality. For example, the high 

rate of donor kidneys being discarded prior to transplant—nearly 16% of recovered organs were discarded 

in 2012 (Marrero et al., 2017)—contributes to the undersupply described above. Discard rates are higher 

among high-risk donors, such as expanded criteria donors (ECD)3 or donors with a Kidney Donor Risk 

Index (KDRI) in the top quintile (Cecka, Cohen, Rosendale, & Smith, 2006).  

However, more recent work comparing the outcomes of patients who received one kidney from a donor 

whose other kidney was discarded suggests that many of those latter organs could have been transplanted 

with good outcomes (Husain et al., 2018). In liver transplant, where transplant teams face a similar decision, 

prior work has shown that 55% of patients who died or were removed from the transplant waitlist had 

previously received one or more liver transplant offers (Lai, Feng, & Roberts, 2012), indicating that the 

challenges kidney transplant teams face are not unique to that context. 

                                                           
3 Any donor over 60, or a donor older than 50 with at least two of the following criteria: history of high blood 

pressure, a creatinine >= 1.5, or death from stroke. 
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This example of potentially suboptimal behavior points to an important question about transplant center 

performance in kidney transplantation: given the large body of literature linking greater experience to 

improved outcomes in healthcare and other domains, does transplant center volume impact decision-making 

and outcomes?  

III. Theoretical Framework and Hypotheses 

Prior studies in economics (Gaynor et al., 2005; Ho, 2002; Luft et al., 1987) and medicine (Birkmeyer et 

al., 2002; Halm et al., 2002) have examined the relationship between procedure volume and outcomes with 

respect to the execution of surgical procedures. We build upon this work to examine the potential link 

between volume and medical decision-making. With respect to procedure execution, prior work has 

explored the relationship between volume and outcomes in kidney transplantation. Axelrod et al. (2004) 

divided transplant centers into quartiles of transplant procedure volume, finding lower rates of kidney graft 

loss after one year at the highest-volume centers. Potentially reversing the causal arrow, Schold et al. (2013) 

find declines in transplant volume at centers designated as “low performing” based on risk adjusted 

outcomes. The preponderance of the evidence across healthcare settings, however, points to a causal 

relationship from increased volume to improved outcomes, leading to our first hypothesis:  

Hypothesis 1: Higher-volume transplant centers will experience better post-transplant outcomes than 

smaller ones, conditional on patient severity. 

Additionally, Cohen et al. (2018) explores the factors which predict organ turndown, highlighting relevant 

predictive factors in the decision. Little of the effort in this space has assessed how greater experience or 

volume impacts a center’s decision-making, however. Volume’s role does receive some attention in 

Garonzik-Wang et al. (2012) which attempts to explain variations in “aggressiveness” in deceased-donor 

organ transplants (that is, a center’s propensity to use higher-risk organs). The authors find that 

aggressiveness increases with volume in small centers, but not larger ones. However, this definition of 

aggressiveness omits considerations of recipient health or donor-recipient compatibility, likely important 
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factors in a center’s decision to accept or refuse an offered organ. The general omission of variation in 

decision-making is a potentially major oversight in evaluations of volume’s effect on patient outcomes, as 

it obscures whether improvements result from refinements to surgical technique or from making better 

decisions about whether to perform a specific procedure at all. 

Search theory provides a useful framework with which to assess how clinical judgment might improve with 

experience. In many medical contexts, providers (or provider-patient dyads) select from a basket of 

substitutable treatment options. For example, the American College of Physicians recently evaluated a wide 

range of recommended therapies for lower back pain, ranging from lifestyle recommendations to cognitive 

therapy to pharmacological interventions (Qaseem, Wilt, McLean, & Forciea, 2017). Doctors might 

recommend that patients seek any (or a combination) of these treatments, or defer intervention indefinitely. 

In kidney transplantation, however, the decision by the transplant team to accept or turn down an offered 

organ looks quite different. For patients on the waitlist, there is only a single definitive treatment (i.e. 

transplant surgery), and remaining on dialysis is the only alternative. The decision, then, is limited to 

choosing whether to operate or continue with dialysis and wait for a higher-quality organ to arrive in the 

future.   

Though this framework represents a departure from most medical decision-making, it has a clear analogue 

in the models of job search found in the labor economics literature. In these models, a prospective employee 

seeks offers of employment. When an offer arrives, that offer is compared to expectations about the full 

distribution of wage offers in the labor market, and the job-seeker decides to accept or refuse the offer by 

comparing the wage on offer today to a discounted expectation of future wage draws (Rogerson, Shimer 

and Wright 2005). This literature views a reservation wage (i.e., the stopping rule with respect to the job 

search) as being solvable by taking the sum of the utility gained in unemployment plus the discounted 

expectation of the distribution of wages available with continued search. 
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In a clear parallel to this labor market decision, transplant teams can be viewed as trading off the expected 

survival gains from surgery4 using the organ offered today against the distribution of expected survival 

gains from future organ offers, with this latter expectation weighted by the probability that the patient will 

survive and remain healthy enough to tolerate transplant while waiting. Though the effort to fit parameters 

to this analytic model of decision-making is beyond the scope of this paper, search models can point to 

areas of the transplant process where experience may improve decision quality. For example, the 

management of a larger pool of patients may give transplant teams more accurate expectations about 

prognosis, informing the discount factor applied to future offers. That discount factor reflects the extent to 

which an organ of the same quality will provide less benefit to a potential recipient if it arrives later, when 

the patient’s condition has declined. Alternatively, transplant teams might accrue more knowledge about 

the distribution of organ quality by fielding more offers, leading to a more accurate perception of whether 

a better offer is likely to arrive in the near future. Taken together, these observations about kidney 

transplantation our second hypothesis, which relates to the relationship between transplant center volume 

and decision-making.  

Hypothesis 2: Higher-volume transplant centers will be less likely to make errors in accepting or turning 

down offered organs. That is, they will be less likely to refuse an organ of a given quality today, only to 

accept an organ of the same or lower quality at a later date, and less likely to have patients for whom a 

viable organ has been turned down die while on the waitlist or be removed from the waitlist due to declining 

health. 

Assuming that transplant teams act as agents for their patients, they should aim to provide definitive 

treatment for ESRD where medically feasible. With this lens, turning down an offered organ reflects an 

effort to secure a better quality organ at a later date. If larger centers gain better knowledge about patient 

prognosis and the distribution of donor health with greater experience, they should be more likely to secure 

                                                           
4 Net of the mortality/morbidity risk incurred by performing surgery  
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better organs within a fixed interval following a rejected offer and should have fewer patients die or face 

removal from the waitlist due to declining medical condition.  

There is also reason, however, to suspect that transplant centers may struggle to translate their experience 

into higher-quality decision-making. Centers face incomplete information about the allocation process. For 

example, they may be uncertain about a potential recipient’s exact priority on the waitlist or the preferences 

of transplant teams that might evaluate organ offers ahead of them. Further, the optimal response to an 

organ offer will depend on a wide range of inputs. Some components, such as the quality of an offered 

organ or the prognosis of a potential recipient, are highly complex but fall neatly within the training and 

expertise of highly skilled medical professionals. Other factors, however, such as the distribution of organ 

quality (conditional on recipient-donor matching) and the predicted behavior of transplant centers closer to 

the top of the waitlist (Bandi, Trichakis, & Vayanos, 2019) are not only complex but fall far outside the 

coverage of medical training.  

We explore these hypotheses empirically in the following sections. Our analyses focus on experience and 

performance at the level of the transplant center. One reason for this relates to the available data, which 

links potential recipients to a transplant center at which they are registered, but not to a specific surgeon. In 

addition, the structure of transplant teams varies substantially from center to center, with differences in the 

number of surgeons5, the mix of kidney transplants and other procedures in surgeons’ workloads, and the 

size and composition of the transplant-related staff including nephrologists, nurses, and others. As a 

consequence, both the process of deciding whether to accept offered organs and the staff involved in making 

those decisions are likely to vary across centers. 

IV. Data 

                                                           
5 A review of the current surgical staff at pairs of centers in the smallest and largest quartiles of volume (names 

concealed due to data sharing agreement terms) identified two and three transplant surgeons at the small centers, and 

seven and nine at the large centers. 
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Our data are drawn from two main sources. The first is the potential transplant recipient (PTR), or “match 

run” file, which contains information on each organ offer generated by the kidney transplantation system. 

Every time a kidney is recovered from a deceased donor, a “match run” of potential recipients is generated 

based on organ allocation guidelines. The PTR file reports each potential match (i.e., pair of a donor and 

potential recipient), notes the outcome of that match (i.e., accepted offer, refused offer, or bypass6) and 

provides a reason for the outcome.  

Our extract from the PTR file includes records for every match run generated from Q3 2007 through Q2 

2013, with the exception of deceased donors from whom both kidneys were discarded before transplant.7 

Initially, this file includes over 10.1 million offer records on 66,651 organs from 38,807 unique donors. 

This pool, however, includes numerous offers for which transplant teams had no discretion, primarily cases 

involving the “bypass” decisions noted above. Any analysis of transplant team decisions, therefore, requires 

purging these “offers” from the analytic file. To do so, only offers with a response of “accept” or with both 

a response of “refuse” and a reason for refusal code referring to recipient illness or “donor-related reasons” 

were included in the analysis.8 Additionally, any match runs with offers listing directed donation (or 

something similar) as the reason for rejection were excluded entirely.  

We further restricted the sample in two ways. First, match runs with more than 200 offers before the first 

acceptance were excluded from the sample to isolate organs that were likely directed donations but not 

captured by filtering the “reason for refusal” field, or that were otherwise outliers in terms of donor 

condition. Second, potential recipients with more than 100 refusals were excluded, as this likely indicates 

a patient viewed as a poor candidate for transplant, though not removed from the waitlist. These restrictions 

                                                           
6 A “bypass” entry in the PTR file indicates that the organ was not actually considered by the transplant center. For 

example, a deceased donor may have indicated a preference that the organ be directed to a specific potential 

recipient. As a result, a match run would still be generated, but all patients listed between the individual at the top of 

the waitlist and the intended recipient would appear in the database without having actually been offered the organ. 
7 This may represent an important limitation, as organs from the tail of transplantable quality are most likely to be 

discarded. 
8 Reason for refusal codes 830-837 
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resulted in a final sample of 877,845 offers and 27,129 unique deceased donors for our base regressions. 

The PTR file identifies the transplant center at which a patient is registered but not the specific surgeon 

overseeing that patient’s care. Thus, volume is observable only at the level of the transplant center rather 

than the surgeon.  

Our second source of data is the standard transplant analysis and research (STAR) file, which includes 

records for patients on the kidney transplantation waitlist. These files include detailed information on all 

waitlist registrations and transplants that have been listed or performed in the U.S. and reported to the OPTN 

since October 1, 1987 (though our analysis only includes registrants overlapping the period during which 

we are able to observe the match runs). For each registrant, these records include detailed information on 

demographics, health and medication use, and the relevant transplant center. The STAR files also include 

rich information on the health of donors, whether living or deceased. In transplant practice, deceased-donor 

kidneys are evaluated using the kidney donor risk index (KDRI), which is a function of ten donor attributes9. 

The kidney donor profile index (KDPI), is a percentile ranking of KDRI scores. Together, the PTR and 

STAR files allow us not only to identify patients but also to construct indicators of patient health and organ 

quality that serve as important controls in our models of transplant team decision-making. 

It is also important to note what our files do not include. We exclude from the analysis any children’s 

hospitals, as registrants under age 18 face different allocation rules. Neither the PTR match run files nor 

the deceased donor rolls include data on organs that were recovered but never transplanted. As a result, we 

are unable to observe a subset of organs concentrated in the left tail of organ quality. Finally, none of these 

files include records regarding medical treatment outside of the transplant.  

Using the STAR files, we create our main measures of volume: a center’s number of registrants on the 

kidney transplantation waitlist in a given quarter and its number of registrant-quarters at a given point in 

                                                           
9 Age, ethnicity, creatinine level, history of hypertension and diabetes, cause of death, height, weight, donor type 

(after cardiac death or not), and hepatitis C virus status. 
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time. Additionally, we assigned transplant centers to quartiles of volume based on the number of waitlist 

registrants at each center in a given quarter, to address potential non-linearities in the relationship between 

volume and our outcomes of interest. Because centers near the boundary between quartiles often appeared 

in more than one quartile during our study period, we assigned centers to their modal quartile.10 Tables 1 

and 2 provide descriptive statistics about these centers and their registered patients by volume quartile. 

Table 1 illustrates considerable variation in the size of transplant centers, ranging from a mean of 69 

registrants per quarter at the smallest centers to 1,057 in the largest.  We see similar variation in offers 

across quartiles of volume, ranging from 34 in the smallest centers to 420 per quarter in the largest.  The 

range of actual transplant procedures performed per quarter, however, is much smaller, spanning from 4.7 

to 37.4—less than a nine-fold difference, as opposed to the more than fifteen-fold variation in registrants. 

The lower panel of Table 1 compares the quartiles of volume with respect to the characteristics of offers 

received, and presents unadjusted outcomes following accepted and refused offers. The smallest centers 

have much higher unconditional acceptance rates, nearly twice that of the largest centers. As measured by 

KDPI, larger centers received and accepted significantly lower-quality offers on average. Larger centers 

are less likely to transplant a better organ and more likely to have a potential recipient die or be removed 

from the waitlist within six months after refusing an organ offer. There is no clear gradient, however, with 

respect to the probability of death or graft failure after transplant. 

[TABLE 1] 

Table 2 presents descriptive statistics about the potential recipients at centers in different volume quartiles. 

Patients at the largest centers are less likely to be male (though men represented a majority of registrants 

across all quartiles), are slightly younger, have lower body mass index (BMI)11 values, and are more likely 

to be non-white. The bottom panel of Table 2, labeled “Offer Timing,” describes differences in wait times 

                                                           
10 46% of centers appear in only one quartile, and a further 49% appear in only two; results using quartile for a given 

calendar quarter rather than the mode for a center are qualitatively similar. 
11 BMI is the ratio of weight in kilograms to height in meters squared 
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experienced by patients at centers in each quartile of volume. Not only are overall wait times (conditional 

on eventually receiving a transplant) longer at the largest centers, but the interval from first offer to 

transplant is longer as well – by an average of over 200 days. Moreover, this occurs despite offers arriving 

at shorter intervals at the largest centers.  

[TABLE 2] 

Figure 1 illustrates these descriptive statistics on the quality of offered and accepted organs. In each panel, 

the blue line represents the estimated probability density function (PDF) for organ offers at centers in a 

given volume quartile while the red line reflects the PDF for accepted organs. Greater density at the left of 

the distribution represents a larger proportion of high-quality organs. In each quartile, the distribution of 

quality across all offers is right-skewed, as the best-quality organs are likely to be accepted early in a match 

run and thus generate fewer total offers. These plots also suggest that lower-quality (i.e., high-KDPI) organs 

make up a smaller fraction of the accepted organs at centers in the first and second quartiles of volume. 

[FIGURE 1] 

V. Methods 

V.1 Main Analysis 

We estimate the effect of center registrant volume using three different regression specifications. First, to 

explore whether a transplant center’s scale impacts decision-making, we use a center’s previous quarter’s 

registrant volume as a continuous measure of scale at a point in time. Second, we use a center’s transformed 

cumulative volume12 to assess the impact of its accumulated experience. Both measures are log-transformed 

to account for skewed volume distributions. Finally, to relax the assumption of a constant proportional 

                                                           
12 The “cumulative” volume calculations include an important caveat: only registrations since 1989 are included in 

the STAR registry. As a result, cumulative experience for the longest-running transplant centers will be an 

undercount.  
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relationship between volume and decision-making, the continuous measure of current scale is replaced with 

quartiles of volume. Volume effects are estimated using regressions of the following form: 

𝑦𝑖𝑗𝑘𝑡 = 𝛼𝑘 + 𝜆𝑡 + 𝛽1𝑋𝑖 + 𝛽2𝑋𝑗 + 𝛽3𝑋𝑖𝑗 + 𝛿(𝑉𝑜𝑙𝑢𝑚𝑒) + 휀       (1) 

In each of the models, the outcome of interest is a binary indicator for whether an offered organ was 

accepted (Table 3), whether a better organ was accepted within six months following an offer being turned 

down (Table 4), whether the potential recipient died or was removed from the waitlist for medical reasons 

within six months (Table 5), or whether the recipient died or experienced graft failure within a year of 

transplant (Table 6). These models include fixed effects for a center’s donor service area (DSA) (𝛼𝑘) and 

year (𝜆𝑡). Center DSA fixed effects are included to control for unobserved regional variation, such as the 

match (or mismatch) between organ supply and demand. Factors such as rates of hypertension and diabetes, 

or differences in population age profiles by region will drive demand for donor organs, whereas factors like 

variation in rates of organ donor designation by state impact supply. Region fixed effects also control for 

unobserved factors like geographic variation in practice style. The 58 DSAs are the smallest geographic 

units in the transplant system, above the individual center level. DSAs range in size from 1 to 14 transplant 

centers, with a mean of 4.67 and median of 3 centers. 

Additionally, these models control for donor characteristics, potential recipient characteristics, and the 

quality of the match between the two. For much of the period being studied (before March 2012), however, 

neither KDRI nor KDPI were made available to transplant centers. As such, these models control for organ 

quality (Xj) by separately including each of the attributes that factor into the KDPI calculation. Organ 

features considered in (Cohen et al., 2018) were also included – whether the organ offer arrived on a 

weekend, whether the kidneys were placed on machine perfusion (rather than stored on ice) after recovery, 

and whether the donor met the CDC criteria for “high risk” of human immunodeficiency virus (HIV), 

hepatitis B or hepatitis C.  
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To control for potential recipient health, patients are divided into quintiles of estimated expected post-

transplant survival (EPTS) score (Xi)13. EPTS is calculated using only four factors - time on dialysis, 

diabetes, prior solid organ transplant, and age – and their interactions. Finally, the quality of match between 

donor and potential recipient is considered in the inclusion of indicators for whether there were zero, one 

to three, or four to six human leukocyte antigen (HLA) mismatches (Xij). Antigens are involved the body’s 

response to foreign materials like pathogens, and increased mismatches are associated with increased risk 

of graft failure (Williams, Opelz, McGarvey, Weil, & Chakkera, 2016). Each model is estimated with 

standard errors clustered at the transplant service area level. 

One prediction of the search models proposed as a framework for understanding transplant team decision-

making is that decreasing the arrival rate of offers (or, equivalently, increasing the time between offers) 

should reduce the probability that any given offer is accepted. To directly test the plausibility of this 

approach to modelling decision-making, the probability of offer acceptance models displayed in Table 3 

include one additional control variable: the average time between offers for a patient of a given blood type 

at a given transplant center, measured in weeks.14 This approach captures variations in average wait times 

across centers, while also incorporating information about coarse patient types (that is, considering the 

variation in population rates of different blood types). 

Each of the three specifications is first estimated using linear probability models (LPMs) for ease of 

interpretation. However, especially given the low probability of an offered organ being accepted, these 

models are potentially susceptible to misspecification. To address this, each regression is re-estimated using 

                                                           
13 EPTS was not in use prior to 2014, and the official calculation involves diabetes status at the time an offer is 

made. Because only diabetes at the time of registration is available in the STAR files, a “pseudo-EPTS” that uses an 

older diabetes status variable is included in these analyses. 
14 An alternative approach uses patient-specific times between offers as a control. However, this formulation 

requires dropping the first offer a patient receives, which is a significant limitation. Nonetheless, this alternative 

specification produces qualitatively similar results. 
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a logit model with the same predictors. The results from each set of specifications are presented side-by-

side in the tables that follow. 

V.2 Robustness Analyses 

If larger kidney transplant centers make systematically different decisions in response to organ offers, then 

the subsets of offers that are turned down or proceed to transplant may look systematically different as well, 

potentially biasing the results which appear in Tables 4, 5 and 6. To account for the sequential nature of 

this process, we re-estimate the average treatment effect of moving between quartiles of volume using 

nearest-neighbor matching, using the implementation by Abadie, Drukker, Herr, & Imbens (2004). This 

approach identifies the “nearest neighbors” in the control group for each treated observation (and vice versa) 

based on minimizing Mahalnobis distances. 

To estimate the effect of moving between quartiles of volume, observations from two quartiles are dropped, 

allowing pairwise comparisons of the remaining two quartiles. Moreover, to maintain computational 

feasibility, a reduced set of covariates are included in the matching: namely, continuous KDPI is used 

instead of the individual components of KDPI, and transplant region is dropped. We also include indicators 

for the number of HLA mismatches, CDC high risk status, the use of machine perfusion, organ arrival on 

a weekend, and quintile of recipient EPTS. Exact matching by year was used to adjust for any secular trends 

in performance.15 These results appear in Table 7. 

Data Disclaimer 

This study used data from the Organ Procurement and Transplantation Network (OPTN). The OPTN data 

system includes data on all donor, wait-listed candidates, and transplant recipients in the US, submitted by 

the members of the Organ Procurement and Transplantation Network (OPTN). The Health Resources and 

                                                           
15 To confirm that the new results are not an artifact of the matching approach, the effect of moving between 

quartiles was also estimated using propensity score matching; the results were qualitatively similar to those using 

nearest-neighbor matching. 
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Services Administration (HRSA), U.S. Department of Health and Human Services provides oversight to 

the activities of the OPTN contractor. Analyses are based on OPTN data as of 9/6/2013. Data were obtained 

under IRB approval (F23797-101) from the Harvard University Committee on the Use of Human Subjects 

in Research. All identifiers were removed upon data receipt for the purposes of this study.  

VI. Results 

VI.1 Main Results 

In the tables that follow, the coefficients from the linear models are presented in the left-hand panel, with 

the logit results, presented as log odds, on the right for comparison. For the logit results, marginal effects 

computed at sample means are also displayed below the coefficient standard errors. Only the main 

coefficients of interest (that is, the ones pertaining to volume) are presented, though the full set of controls 

described in the previous section are included in all models. Table 3 relates the probability of accepting an 

offered organ to the volume of the listing center – controlling for a slate of donor, recipient and donor-

recipient match factors. In column (1), we see that log-transformed volume in the previous quarter is a 

highly significant predictor of organ acceptance. A center which increased its volume by 10% would expect 

to see a 1.1% reduction in the probability of accepting any given offer; doubling volume would be 

associated with an 8.3% reduction in the probability of accepting an offer at the sample mean. To 

contextualize doubling volume, the average center in the third quartile is 1.9 times the size of one in the 

second quartile; and the average center in the fourth quartile of the volume distribution is 2.6 times as large 

as one in the third.  

[TABLE 3] 

The cumulative volume results in column (2) are directionally the same as those in column (1), but are not 

significant. Finally, we turn to column (3), which presents the results in terms of the contrast between the 

smallest centers and the other three volume quartiles. These estimates roughly conform to the previous two 

specifications, but also provide some further insight. We find a large, 2.7 percentage point difference 
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moving from the first to second quartile of volume, and an incrementally larger difference moving from the 

first to third, though the effect of moving from the first quartile to fourth is somewhat smaller. These results 

are qualitatively similar across the linear and logit specifications. Though these estimates are small in 

absolute terms, the should be considered in relation to the baseline acceptance rates for the restricted sample 

of organs, which range from 3.5 percent in the largest centers, to 7.0 percent in the smallest. For the 

continuous volume variables, the marginal effect estimates from the logit models are similar to the LPM 

coefficient estimates. The estimated marginal effects of moving between quartiles are smaller than the LPM 

estimates, though they follow the same pattern of sign and significance. 

Additionally, the last row of coefficient estimates present the estimates for the impact of time (in weeks) 

between offers on the probability that any given offer is accepted. The results are positive and highly 

significant across all six specifications – that is, longer average wait times correspond with increased 

likelihood of accepting any given offer, consistent with the predictions of a search model. To give context, 

the difference in average time between offers from the smallest to the largest quartiles of volume is about 

two weeks; this translates to a roughly 0.5 percentage point difference in the probability of accepting an 

offered organ.  

Figure 2 presents these results visually, i.e. with the added dimension of considering how the acceptance 

decision varies over KDPI (organ quality).16 The figure first shows that the smallest centers are much likely 

to accept any given offer than the other three quartiles, and the third and fourth quartiles are nearly 

indistinguishable from each other. Second, the probability of accepting any offer declines with worsening 

organ quality. 

[FIGURE 2] 

                                                           
16 These estimates are generated using a slightly modified logit specification, which replaces the components of 

KDPI with volume quartile by KPDI quintile interaction terms, and produces predicted probabilities using the Stata 

margins command. 
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This figure also provides further insight into how centers at various points in the volume distribution may 

interact differently with information about offered organs. For organs of the highest quality, second quartile 

centers are (nearly significantly) more likely to accept any given offer than the largest two quartiles. As one 

moves through the distribution of organ quality, however, these centers converge toward the largest ones, 

while the smallest centers remain significantly more likely to accept any given offer, even for organs of the 

lowest quality.  

In addition to questions of how volume is associated with the probability of an offer being accepted or 

turned down, it is important to understand whether more volume or experience impacts the quality of a 

transplant team’s decision-making. In the kidney transplantation context we assess this dimension of 

performance using two potential outcomes following turn-down of an offered organ. A patient in this 

situation remains on the waitlist, and, barring death or medical removal, continues to receive offers. It is 

then natural to ask whether the decision to reject a given organ resulted in a better organ (as represented by 

a lower KDPI or the presence of fewer HLA mismatches) being subsequently offered and accepted for that 

patient. The results in Table 4 use the same specifications as the models presented above, but the dependent 

variable is now an indicator for the acceptance of a better organ within six months of an offer being turned 

down.17 In both Tables 4 and 5, the sample is restricted to the subset of offers which were turned down 

(leading to a reduction in sample size). 

[TABLE 4] 

Surprisingly, we find evidence that greater volume is associated with worse performance following a 

rejected offer (i.e., a lower likelihood of subsequent acceptance of a better organ). The lagged volume 

coefficient is significant in both the linear and logit specifications, and the estimated marginal effect derived 

from the logit model is very similar to the LPM estimate. As in the case of overall acceptance rates, 

                                                           
17 The sample is also restricted to exclude offers which were accepted, and to exclude offers generated within one 

year of the end of the study period for which there was inadequate follow-up. 
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cumulative volume is not a significant predictor of whether a better organ is accepted later. Turning to the 

results by quartile of volume, both specifications point to a significant difference between the smallest 

centers and those in the second quartile, and larger differences when compared to the third and fourth 

quartiles. Moving from the first to the fourth quartile of volume is associated with a 26.9% reduction in the 

probability of a better organ being accepted. The estimated marginal effects derived from the logit model 

are smaller than the LPM point estimates, but still correspond to a 20.6% reduction.  

The analyses presented in Table 4 implicitly rely on the logic that if a transplant team turns down an organ 

of a given quality and accepts a worse quality organ at a later date, this represents an error in judgment. 

However, if a potential recipient experiences a negative health shock, the optimal organ quality threshold 

should fall – in other words, accepting a lower quality organ in the future may not represent a mistake at 

that point in time. To address this potential concern, we repeat the analyses which appear in Table 4 with a 

longer time horizon (one year) to assess whether our results are robust to variation in the time horizon over 

which the decision is evaluated. The coefficient estimates for current volume are similar in magnitude, but 

not significant in the linear specification and only marginally so in the logit models. The coefficient 

estimates for the quartile specifications are larger than when using a six-month horizon, but follow a similar 

pattern of sign and significance. These results appear in Appendix Table A1. 

Acceptance of a higher quality offer within a short interval after an organ is turned down represents the best 

possible outcome for the potential recipient. Patients may also accept a worse quality organ, or remain 

waiting at the end of the six month interval – or, if their condition deteriorates, they may be removed from 

the wait list or die. Thus, changes in the probability that a patient experiences these most severe outcomes 

(Table 5) can be viewed alongside the results presented in Table 4. Table 5 provides yet another result that 

runs counter to the expectation laid out in Hypothesis 2 (i.e., improved decision-making performance with 

increased volume). In this case, increases in either the previous quarter’s volume or the lagged cumulative 

volume at a transplant center were associated with increased risk of medical removal or death within six 

months of turning down an offer, even controlling for the quality of the organ offered and the condition of 
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the potential recipient. Increased lagged volume was associated with a significant increase in the probability 

of death or removal from the waitlist, which is consistent across linear and logit specifications. Across 

quartiles, no differences were significant.  

Finally, Table 6 considers the relationship between the number of patients registered at a transplant center18 

and that center’s post-transplant outcomes – namely, the rate of death or graft failure within one year of 

transplant. Unlike the previous results, outcomes after transplant are conditional on a center’s decision to 

accept an offered organ, and thus quality in this context can be viewed as an outcome of both the decision-

making and surgical performance. After controlling for donor, potential recipient and donor-recipient 

match, neither continuous volume measure is a significant predictor of post-transplant outcomes.  

However, centers in the second through fourth quartiles all perform significantly better than the smallest 

centers. Compared to a baseline rate of 7.7% death or graft failure in the smallest quartile, these differences 

represent reductions of 28.6%, 21.6% and 29.5%, respectively, though these differences are not 

significantly different from each other. With respect to post-transplant outcomes, the estimated marginal 

effects from the logit model were qualitatively very similar to the LPM estimates. 

VI.2 Robustness Analysis: Nearest-Neighbor Matching 

Because larger centers make systematically different decisions to accept or refuse offered organs, the 

patients and donors who appear in the analytic samples in Tables 4, 5 and 6 may be systematically different 

as well. To address this, we use nearest-neighbors matching to standardize for these differences. Table 7 

presents the results from this alternative approach. The first results column displays results for the 

differences in the probability that a better organ is accepted within six months following an offer being 

turned down. The center column presents the differences in rates of removal from the waitlist or death with 

six months of an offer being declined, and the right column shows the differences in rates of post-transplant 

                                                           
18 Results are qualitatively similar if number of lagged and lagged cumulative transplants are substituted as 

predictors. 
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death or graft failure. For each set of results, the point estimate presented represents a pairwise comparison 

of two quartiles (with the comparison specified in the left-hand column), along with the standard error and 

number of observations used in generating each estimate. 

The results for the probability of a better organ being transplanted within six months follow the same pattern 

of sign and significance as the regression-adjusted results presented in the previous section. The point 

estimates, however, are several times larger than we find in Table 4. Moreover, we observe a dose-response 

type relationship, with patients in each successive quartile significantly less likely to receive a better organ 

than those in the previous quartile. The results comparing rates of medical removal or waitlist death after 

an offer are larger as well – roughly twice as large moving from the first to the second or third quartile of 

volume, and more than three times as large moving from the first to the fourth – and are now statistically 

significant. These findings imply that the non-random selection of refused organ offers is biasing the results 

presented in Tables 4 and 5 toward zero. Turning to the post-transplant results, the matching estimate of 

the difference between the first and second quartiles of volume is very similar to that presented in Table 6, 

though not significant. However, the similarities end there. The other point estimates are much smaller than 

those from the regression results, and none are significant.  

[FIGURE 3] 

Figure 3 provides some insight into why the regression and matching estimates of the effect of volume on 

post-transplant outcomes may differ. We present density curves for KDPI in the first and fourth quartiles, 

first for the raw sample and then after matching – this comparison shows substantial differences in the 

average donor organ quality between the smallest and largest quartiles in the original sample. In the raw 

sample, the typical donor at a center in the fourth quartile has a KDPI 24 points worse than the average 

donor in the first quartile; after matching, the average difference is less than 5 points on a 100-point scale. 

The matching approach re-weights the sample toward the higher-quality organs typical of smaller centers. 
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As a consequence, this approach may be de-emphasizing the particularly complex cases where experience 

has the greatest potential to improve outcomes.  

VII. Discussion 

Our analysis explores the relationship between center volume and two dimensions of performance in kidney 

transplantation: decision-making (i.e. the consequences of transplant teams’ decisions to accept or turn 

down offered organs) and surgical performance (i.e. post-transplant outcomes). Two different specifications 

– one using a continuous measure of volume, the other more flexibly using quartiles of volume – point to a 

monotonically decreasing probability of accepting any given offer as centers increase in size. Large centers 

do receive more offers, both overall and per-potential recipient. However, while the interval between offers 

for a typical patient is 75% as long at the largest centers, they are less than half as likely to accept any given 

offer. Moreover, the longer a center typically waits between offers for a given patient, the more likely that 

center is to accept any given offer – a pattern of behavior consistent with the predictions of the search 

models proposed above as a framework for understanding the decision-making of transplant centers. 

On its own, the change in the probability of accepting any given offer is insufficient to make any welfare 

claims. Potential recipients may wait longer at large centers, but if patients ultimately are matched to better 

organs, this increased wait could actually be welfare improving. The results in Tables 4 and 5, however, 

suggest that this is not the case – though they wait longer, patients at the larger centers are in fact less likely 

to accept a better organ at a later date. This represents a potential double blow to recipient welfare: not only 

are these patients receiving lower quality inputs to the transplant process, but their medical condition will, 

on average, decline with longer time on dialysis. These longer wait times are also reflected in increased risk 

of death or medical removal after an organ offer is turned down. Our robustness analysis offers further 

evidence for this. When the populations treated in smaller and larger centers are made to look more similar 

through matching, as shown in Table 7, the adverse effects on decision quality only appear to grow larger. 
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This paradoxical negative relationship between increased volume and quality of decision-making is 

partially offset by improvements in risk-adjusted post-transplant outcomes, with recipients more likely to 

survive one year with a functioning graft in the regression analyses presented in Table 6. The continuous 

volume measures, however, are not significant, and the coefficients for the second through fourth quartiles 

are not significantly different for each other. This implies that, to the extent there exists a benefit to 

increased volume, it accrues at relatively low levels (in centers with relatively high offer acceptance rates). 

Moreover, these differences in performance disappear when a matching approach is used instead of 

regression adjustment. As discussed in the previous section, one reason the post-transplant results might 

not be robust to matching estimators is that recipient health and donor organ quality vary substantially 

across quartiles – the typical transplanted organ at the largest centers is 24 points worse (on a 100-point 

scale) than the average at the smallest centers. As a consequence, matching may shift weight away from 

the complex, particularly severe cases where larger centers potentially have a performance advantage. 

Returning to the regression results, one possibility is that with greater experience, the largest centers are 

able to identify organs with negative indicators of quality not captured by the factors included in calculating 

KDPI, or are responding to recipient features not reflected in predictive scores like EPTS. This possibility 

could explain the comparatively strong performance on surgical outcomes for any given set of donor and 

recipient characteristics. Even if this were the case, however, it would have to be considered against the 

considerable burdens imposed on patients waiting for a kidney transplant due to increased time on dialysis 

and consequent risk of death or declining medical condition. Additionally, as Schold et al. (2013) note, this 

could be a result of reverse causality, with low-performing centers subsequently losing volume. 

Larger transplant centers do not appear to be more discerning in choosing between kidneys of different 

quality, as indicated by Figure 2. Rather, large centers are less likely to accept an offer at any point in the 

kidney quality distribution, with the probabilities converging for the second, third and fourth quartiles of 

volume in the right tail of KDPI. Additionally, the second hypothesis presented in the Section III – that 

larger centers would experience a lower error rate in making turndown decisions – was contradicted by the 
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regression results. This is particularly surprising, given the clear theoretical reasons why a larger center 

might perform better in this domain, such as having a more complete view of the distribution of quality 

among recovered deceased-donor kidneys. This partial confirmation and partial rejection of the volume-

outcome relationship might present a puzzle, except for the fact that each occurs in a separate domain of 

performance. With respect to surgical execution (i.e. the tactile skill of transplant surgeons) the usual 

relationship holds: centers with greater volume appear to perform better. On the other hand, when 

performance is evaluated in terms of provider decision-making, the larger centers appear worse.  

To explore why this might be the case, we first note that that transplant centers at all volume levels appear 

to be overoptimistic in their evaluations of organ offers. In the smallest centers, fewer than 27% of declined 

offers result in a better offer being accepted within a year; in the largest centers, this proportion falls to 

15%. This propensity for optimism is widely documented: people underestimate the risk of adverse life 

events (Weinstein, 1980), bettors favor long shot bets in excess of their expected payouts (Snowberg & 

Wolfers, 2010; Thaler & Ziemba, 2012), and physicians overestimate the survival time of terminally ill 

patients (Christakis & Lamont, 2000). In behavioral models of decision-making under uncertainty, agents 

engage in a two-stage process where they first make subjective assessments of the probabilities of different 

events, and then attach utility weights to those events (Fox & Tversky, 1998; Wu & Gonzalez, 1999), and 

research has pointed to inaccuracies in estimated probability as a driver of phenomena like the long shot 

bias (Snowberg & Wolfers, 2010).  Moreover, in decision-making under time pressure (of which the organ 

offer context is an example), agents show greater risk-seeking (Young, Goodie, Hall, & Wu, 2012). 

The question remains, however, why larger centers would demonstrate greater propensity for over 

optimism. Indeed, Christakis & Lamont (2000) showed that physicians with greater clinical experience 

made less biased estimates of patient prognosis. One approach to resolving this tension is to consider the 

differences in arrival rate of high-quality kidneys at centers of different sizes. A kidney in the top decile of 

quality is offered to centers in the smallest quartile once every 17 days, on average; in the largest centers, 

such offers arrive approximately once every two days. However, as shown in Table 1 there is a greater than 
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ten-fold difference in the arrival rate of offers between the largest and smallest centers, meaning that the 

large centers are offered high quality organs slightly less frequently, on a per-offer basis. As previously 

discussed, modelling the arrival rate of organs of a given quality is a highly complex task, even for analysts 

working in hindsight, and requires incorporating data not only on the distribution of quality among 

recovered organs, but also their geographic distribution, the likely behavior of other transplant centers with 

higher waitlist position, and so forth (Bandi et al., 2019). On the other hand, simple heuristics like the time 

since arrival of the last kidney offer above some quality threshold would be readily observable to transplant 

teams. Prior research has shown that in complex decision-making settings, agents rely on simpler decision 

strategies and less complex informational inputs (Paquette & Kida, 1988; Payne, 1976; Plumlee, 2003). If 

transplant teams do rely on such inputs in making complex, time-pressured decisions, it could produce the 

perverse volume-outcome relationship documented here. 

VIII. Conclusion 

Contrary to expectations from the volume-outcome literature, we find evidence that greater experience may 

actually worsen decision-making by kidney transplantation centers in the process of accepting and turning 

down deceased-donor organs. Particularly, larger transplant centers are significantly less to accept a better 

organ within one year after turning down an offered organ of any given quality. Patients also waited longer, 

on average, at larger centers – the interval from first organ offer to transplant was more than 200 days longer 

at the largest centers compared to the smallest. These differences in organ quality and wait times were only 

partially offset by improvements in post-transplant survival with greater volume, and even then these results 

include several important caveats. These results are an important input for healthcare policy-makers: 

contrary to the push for “regionalization” that sometimes accompanies the volume-outcomes literature, 

larger transplant centers should only be viewed as “better” in a limited sense, with distinctions drawn 

between decision-making and execution. For professional services contexts more generally, these findings 

urge a closer look at experience-performance relationships. While more experience may lead to better 

execution, it is unclear that decision-making improves in tandem. One possible solution, in both contexts, 
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might be the introduction of decision support tools such as the one proposed by Bertsimas, Kung, Trichakis, 

Wojciechowski, & Vagefi (2017). In kidney transplant, clearer data on patients’ prognosis with and without 

transplant of a given offered organ, or the likelihood of a better offer arriving later, would likely be valuable 

across the size distribution.  
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Figure 1: Distribution of KDPI of Offered and Accepted Organs, by Volume Quartile 
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Figure 2: Predicted Pr(Accept), by Volume Quartile and KDPI 
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Figure 3: Distribution of KDPI, Before and After Nearest Neighbor Matching - First vs. Fourth 

Quartile 
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Table 1: Descriptive Statistics, Center- and Offer-Level  

   

Q1 Q2 Q3 Q4 (1)-(2) (1)-(3) (1)-(4) (2)-(3) (2)-(4) (3)-(4)

Center-level Characteristics

Offers 33.616 85.225 186.326 419.754 -51.609*** -152.711*** -386.138*** -101.102*** -334.529*** -233.427***

[1.485] [2.073] [4.525] [10.355]

Registrants 68.728 212.207 398.891 1057.050 -143.479*** -330.163*** -988.322*** -186.684*** -844.843*** -658.159***

[1.496] [1.750] [3.103] [21.915]

Transplants 4.678 9.691 17.816 37.375 -5.013*** -13.137*** -32.697*** -8.124*** -27.684*** -19.559***

[0.145] [0.155] [0.273] [0.490]

Offer-Level Characteristics

Accept Rate 0.070 0.055 0.043 0.035 0.015*** 0.027*** 0.035*** 0.012*** 0.020*** 0.008***

[0.001] [0.001] [0.000] [0.000]

KDPI 0.511 0.553 0.586 0.591 -0.042*** -0.075*** -0.081*** -0.033*** -0.038*** -0.005***

[0.001] [0.001] [0.001] [0.000]

HLA Mismatches 4.544 4.541 4.550 4.560 0.003 -0.005 -0.016** -0.009* -0.019*** -0.010***

[0.006] [0.004] [0.003] [0.002]

Accepted KDPI† 0.445 0.457 0.510 0.517 -0.012* -0.064*** -0.072*** -0.053*** -0.060*** -0.008**

[0.005] [0.004] [0.003] [0.002]

Accepted HLA Mismatch† 4.082 4.023 3.997 3.980 0.059 0.085** 0.102*** 0.026 0.043* 0.018

[0.029] [0.021] [0.017] [0.013]

Better Organ w/i 6 Months‡ 0.164 0.118 0.115 0.091 0.046*** 0.049*** 0.073*** 0.003** 0.027*** 0.024***

[0.002] [0.001] [0.001] [0.000]

Death or Medical Removal 0.028 0.031 0.034 0.044 -0.004*** -0.007*** -0.016*** -0.003*** -0.013*** -0.009***

w/i 6 Months ‡ [0.001] [0.001] [0.000] [0.000]

Death or Graft Failure w/i Year† 0.077 0.064 0.073 0.073 0.013** 0.004 0.004 -0.009** -0.009** 0.000

[0.005] [0.003] [0.003] [0.002]

† conditional on transplant  ‡ conditional on offer refused

The value displayed for t-tests are the differences in the means across the groups.

***, **, and * indicate significance at the 1, 5, and 10 percent critical level.
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Table 2: Descriptive Statistics, Potential Recipient-Level  

 

  

Q1 Q2 Q3 Q4 (1)-(2) (1)-(3) (1)-(4) (2)-(3) (2)-(4) (3)-(4)

Demographics/Health

Male 0.635 0.648 0.614 0.607 -0.013** 0.021*** 0.028*** 0.034*** 0.041*** 0.007**

[0.006] [0.003] [0.002] [0.002]

White 0.595 0.495 0.419 0.393 0.100*** 0.176*** 0.202*** 0.076*** 0.102*** 0.026***

[0.006] [0.003] [0.002] [0.002]

Black 0.190 0.300 0.318 0.338 -0.110*** -0.128*** -0.148*** -0.018*** -0.038*** -0.020***

[0.004] [0.003] [0.002] [0.002]

Other Race 0.215 0.205 0.263 0.269 0.010* -0.048*** -0.053*** -0.058*** -0.063*** -0.006**

[0.005] [0.003] [0.002] [0.002]

Hispanic Ethnicity 0.117 0.139 0.181 0.179 -0.022*** -0.063*** -0.062*** -0.042*** -0.040*** 0.001

[0.004] [0.002] [0.002] [0.001]

Age at Reg. 51.920 51.482 51.090 50.751 0.439** 0.830*** 1.169*** 0.392*** 0.730*** 0.339***

[0.160] [0.093] [0.068] [0.047]

BMI at Registration a 28.288 28.229 28.291 27.874 0.058 -0.003 0.414*** -0.061 0.356*** 0.417***

[0.089] [0.061] [0.047] [0.035]

Diabetes 0.118 0.138 0.135 0.127 -0.020*** -0.017*** -0.009** 0.003 0.011*** 0.008***

[0.004] [0.002] [0.002] [0.001]

GFR b 12.098 12.427 13.358 13.630 -0.330*** -1.260*** -1.533*** -0.930*** -1.203*** -0.273***

[0.086] [0.055] [0.042] [0.028]

Requires no ADL Help c 0.945 0.942 0.922 0.920 0.003 0.023*** 0.025*** 0.019*** 0.021*** 0.002

[0.003] [0.002] [0.001] [0.001]

Blood Type

A 0.318 0.321 0.317 0.308 -0.003 0.001 0.011* 0.004 0.014*** 0.009***

[0.005] [0.003] [0.002] [0.002]

B 0.118 0.116 0.136 0.145 0.002 -0.017*** -0.027*** -0.019*** -0.028*** -0.009***

[0.004] [0.002] [0.002] [0.001]

AB 0.039 0.035 0.038 0.038 0.004* 0.001 0.001 -0.003** -0.003** -0.000

[0.002] [0.001] [0.001] [0.001]

O 0.524 0.527 0.509 0.509 -0.003 0.015** 0.015** 0.018*** 0.018*** 0.000

[0.006] [0.003] [0.003] [0.002]

Offer Timing

Time to First Offer 204.661 253.200 260.748 297.755 -48.54*** -56.09*** -93.09*** -7.55* -44.56*** -37.01***

[4.598] [3.253] [2.467] [1.802]

First Offer to Tx† 339.354 428.723 484.406 505.056 -89.37*** -145.05*** -165.70*** -55.68*** -76.33*** -20.65***

[5.994] [5.041] [3.944] [3.130]

Total Wait Time† 611.033 805.749 890.379 963.617 -194.72*** -279.35*** -352.58*** -84.63*** -157.87*** -73.24***

[8.402] [7.105] [5.530] [4.586]

Mean Time between Offers 60.753 62.735 54.068 46.948 -1.98* 6.69*** 13.81*** 8.67*** 15.79*** 7.12***

[0.981] [0.598] [0.403] [0.237]
a Body Mass Index  b Estimated Glomerular Filtration Rate c Activities of Daily Living

† conditional on transplant

The value displayed for t-tests are the differences in the means across the groups.

***, **, and * indicate significance at the 1, 5, and 10 percent critical level.
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Table 3: Pr(Offer Accepted) 

 

  

(1) (2) (3) (1) (2) (3)

ln(Lagged Registrants) -0.0049* -0.1624**

(0.0021) (0.0525)

-0.0048**

ln(Lagged Cumul. -0.0019 -0.0657

Registrants) (0.0021) (0.0532)

-0.0019

Registrant Q2 -0.0272** -0.5271***

(0.0081) (0.1432)

-0.0204***

Registrant Q3 -0.0311*** -0.6418***

(0.0076) (0.1318)

-0.0236***

Registrant Q4 -0.0262** -0.5544***

(0.0077) (0.1347)

-0.0212***

Avg. Time Between 0.0028*** 0.0029*** 0.0029*** 0.0388*** 0.0398*** 0.0394***

Offers (0.0002) (0.0002) (0.0002) (0.0035) (0.0035) (0.0036)

Outcome Mean

N 877833 877833 877845 877833 877833 877845

R-sq 0.041 0.041 0.041 0.0876 0.087 0.0883

F 52.8025 49.3242 61.0961

Standard errors in parentheses, clustered at transplant region level. Logit marginal effects in italics

All models include transplant region fixed effects.

+ p<0.1  * p<0.05  ** p<0.01  *** p<0.001

LINEAR MODELS LOGIT MODELS

0.041
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Table 4: Pr(Better Organ Within 1 Year of Turndown) 

 

  

(1) (2) (3) (1) (2) (3)

ln(Lagged Registrants) -0.0081* -0.0998*

(0.0037) (0.0416)

-0.0082*

ln(Lagged Cumul. -0.0015 -0.0276

Registrants) (0.0034) (0.0406)

Registrant Q2 -0.0279* -0.2305*

(0.0109) (0.0919)

-0.0214*

Registrant Q3 -0.0326** -0.3020**

(0.0115) (0.1014)

-0.0277**

Registrant Q4 -0.0340** -0.3064**

(0.0121) (0.1092)

-0.0280**

Outcome Mean

N 758374 758374 758385 758374 758374 758385

R-sq 0.030 0.030 0.030 0.047 0.047 0.047

F 20.8276 20.7869 25.0373

Standard errors in parentheses, clustered at transplant region level. Logit marginal effects in italics

All models include transplant region fixed effects.

+ p<0.1  * p<0.05  ** p<0.01  *** p<0.001

LINEAR MODELS LOGIT MODELS

0.104
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Table 5: Pr(Medical Removal or Death within 1 Year of Turndown)  

 

  

(1) (2) (3) (1) (2) (3)

ln(Lagged Registrants) 0.0048** 0.1288**

(0.0016) (0.0414)

0.0037**

ln(Lagged Cumul. 0.0035* 0.0996*

Registrants) (0.0014) (0.0423)

0.0028*

Registrant Q2 0.0012 0.0272

(0.0046) (0.1723)

0.0007

Registrant Q3 0.0020 0.0561

(0.0048) (0.1711)

0.0015

Registrant Q4 0.0041 0.1167

(0.0048) (0.1700)

0.0032

Outcome Mean

N 758504 758504 758515 758504 758504 758515

R-sq 0.023 0.023 0.023 0.068 0.068 0.067

F 54.2998 44.0813 50.0192

Standard errors in parentheses, clustered at transplant region level. Logit marginal effects in italics

All models include transplant region fixed effects.

+ p<0.1  * p<0.05  ** p<0.01  *** p<0.001

LINEAR MODELS LOGIT MODELS

0.039
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Table 6: Pr(Death or Graft Failure within 1 Year of Transplant) 

 

  

(1) (2) (3) (1) (2) (3)

ln(Lagged Registrants) -0.0046 -0.0759

(0.0035) (0.0517)

-0.0044

ln(Lagged Cumul. -0.0043 -0.0719

Registrants) (0.0031) (0.0446)

-0.0042

Registrant Q2 -0.0220** -0.3498***

(0.0065) (0.0961)

-0.0229***

Registrant Q3 -0.0166** -0.2789***

(0.0060) (0.0817)

-0.0188***

Registrant Q4 -0.0227** -0.3679***

(0.0073) (0.0974)

-0.0239***

Outcome Mean

N 35038 35038 35039 35038 35038 35039

R-sq 0.024 0.024 0.025 0.0469 0.0469 0.0474

F 19.8024 19.8190 19.6133

Standard errors in parentheses, clustered by transplant region. Logit marginal effects in italics

All models include transplant region fixed effects.

+ p<0.1  * p<0.05  ** p<0.01  *** p<0.001

LINEAR MODELS LOGIT MODELS

0.074
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Table 7: Matching Results, Pr(Better Organ Within 1 Year of Turndown) and Pr(Death or Graft 

Failure within 1 Year of Transplant) 

 

 

 

  

Quartile 

Comparison

Better 

Organ

Waitlist Death 

or Removal

Death or Graft 

Failure

2 vs 1  -0.0519*** 0.0025+ -0.0121

(0.0031) (0.0014) (0.0072)

123,402 123,434 8,554

3 vs 1  -0.0575*** 0.0047** -0.0100

(0.0033) (0.0014) (0.0072)

243,913 243,985 12,254

4 vs 1  -0.0819*** 0.0144*** -0.0055

(0.0038) (0.0017) (0.0073)

482,063 482,104 20,304

3 vs 2  -0.0098*** 0.0029** -0.0037

(0.0016) (0.0009) (0.0046)

299,993 300,085 15,706

4 vs 2  -0.0339*** 0.0119*** -0.0003

(0.0017) (0.0009) (0.0045)

538,143 538,204 23,756

4 vs 3  0.0230*** 0.0086*** 0.0015

(0.0011) (0.0006) (0.0035)

658,654 658,755 27,456

Standard errors in parentheses

N reported for each comparison in third row

+ p<0.1  * p<0.05  ** p<0.01  *** p<0.001
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Appendix Table A1: Pr(Better Organ Within One Year of Offer Turndown) 

 

 

 

 

 

  

(1) (2) (3) (1) (2) (3)

ln(Lagged Registrants) -0.0086 -0.0737+

(0.0055) (0.0423)

-0.0097+

ln(Lagged Cumul. -0.0010 -0.0159

Registrants) (0.0059) (0.0460)

-0.0021

Registrant Q2 -0.0376* -0.2184*

(0.0185) (0.1106)

-0.0313+

Registrant Q3 -0.0371+ -0.2325+

(0.0205) (0.1263)

-0.0332+

Registrant Q4 -0.0435* -0.2698*

(0.0213) (0.1315)

-0.0380+

Outcome Mean

N 596458 596458 596466 596458 596458 596466

R-sq 0.050 0.050 0.051 0.0571 0.0569 0.0572

F 22.3125 20.7057 23.1568

Standard errors in parentheses, clustered at transplant region level. Logit marginal effects in italics

All models include transplant region fixed effects.

+ p<0.1  * p<0.05  ** p<0.01  *** p<0.001

LINEAR MODELS LOGIT MODELS

0.175
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Appendix Table A2: Pr(Death or Medical Removal Within One Year of Offer Turndown) 

 

(1) (2) (3) (1) (2) (3)

ln(Lagged Registrants) 0.0091** 0.1311**

(0.0030) (0.0425)

0.0072**

ln(Lagged Cumul. 0.0076** 0.1142**

Registrants) (0.0024) (0.0389)

0.0063**

Registrant Q2 0.0013 0.0162

(0.0090) (0.1674)

0.0008

Registrant Q3 0.0037 0.0575

(0.0093) (0.1680)

0.0031

Registrant Q4 0.0062 0.0970

(0.0092) (0.1648)

0.0052

Outcome Mean

N 596458 596458 596466 596458 596458 596466

R-sq 0.038 0.038 0.038 0.0725 0.0725 0.072

F 56.8604 52.9034 51.2827

Standard errors in parentheses, clustered at transplant region level. Logit marginal effects in italics

All models include transplant region fixed effects.

+ p<0.1  * p<0.05  ** p<0.01  *** p<0.001

LINEAR MODELS LOGIT MODELS

0.072


