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Abstract

The paper examines how expanding treatment availability in waitlist-based al-

location systems can affect who receives treatment, when they receive it, and with

what consequences. It focuses on the U.S. kidney transplant system, where bi-

ological variation in ABO blood type induces quasi-random differences in trans-

plant rates. I develop a strategy to identify selection on treatment timing within

a dynamic causal framework, combining information on pre- and post-transplant

survival. The main empirical finding is that higher transplant rates disproportion-

ately skew kidney allocation toward healthier individuals rather than uniformly

increasing transplants across all health types. Surprisingly, when considering over-

all survival, the returns to increasing transplant rates appear remarkably small: a

1 percent increase over five years raises survival by just 0.04 percent at most, seven

years after entry.

Keywords: Selection effects, Dynamic treatment effects, Kidney transplant, Survival

models.

JEL Codes: I11, I18, C22, C41

*University of Reading, IZA, e-mail: s.p.kastoryano@reading.ac.uk.
Thanks to Jad Beyhum, Petyo Bonev, Jaap Abbring, Giovanni Mastrobuoni, Sang Yoon (Tim) Lee,
and Christoph Breunig for valuable comments and help. The data reported here have been supplied
by the Hennepin Healthcare Research Institute (HHRI) as the contractor for the Scientific Registry of
Transplant Recipients (SRTR). The interpretation and reporting of these data are the responsibility of
the author(s) and in no way should be seen as an official policy of or interpretation by the SRTR or the
U.S. Government. The research protocol was approved by the IRB of the University of Reading.

mailto:s.p.kastoryano@reading.ac.uk


1 Introduction

Medical treatments and social programs – education, welfare, labour market, housing –

are often allocated through waitlists. Causal evaluations of these programs and treat-

ments strive to ensure selection is held fixed among treated and control groups. However,

after changing a policy, selection into treatment may not remain invariant. Faced with a

new information setting imposed by regulators, agents may re-optimize their behaviour

in response to changing incentives (Rosenzweig and Wolpin, 2000). These pre-treatment

changes can alter the composition of individuals receiving treatment (Chassang et al.,

2012). When this is the case, understanding the selection processes may be as important

as evaluating the effect of the program or treatment itself.

This issue is particularly salient in the U.S. kidney transplant system. As of 2022,

approximately 140,000 candidates were on the national waitlist, with around 40,000 added

each year but only 25,000 removed after a successful transplantation (Lentine et al.,

2023). Despite chronic scarcity, 25% of viable kidneys were discarded in 2021,1 a share

far exceeding that of other high-income countries.2 These patterns suggest a complex

allocation process shaped not only by biology and medical need, but also by prevailing

policies and institutional discretion. This raises an important question: when organ

availability increases, who benefits? Does an increase in supply improve access uniformly,

or does it systematically favor certain types of candidates?

This paper studies how variation in treatment availability affects selection and out-

comes in waitlist-based allocation systems. Focusing on the U.S. kidney transplant set-

ting, it exploits quasi-random variation in blood types (AB,A,B,O) as a plausibly ex-

ogenous shifter of the transplant rates. Leveraging this variation, I develop a simple

strategy to identify selection on treatment timing within a dynamic causal framework.

The approach combines information on pre-treatment survival with survival outcomes

and observed characteristics of candidates treated immediately after waitlist entry. The

results show that higher transplant rates skew access toward healthier individuals rather

than expanding access uniformly. Yet, despite the sizeable difference in transplant rates

and disparities in treatment timing, overall survival gains from increased transplant rates

are surprisingly small. The findings underscore how institutional incentives and selection

dynamics can mediate the effects of policy expansions in constrained allocation systems.

The structure of the dynamic causal framework, first proposed in Abbring and Van den

Berg (2005), is common to many waitlist allocation systems: individuals enter a state at

time 0 and are randomized to a regime at baseline. The regime is an intention-to-treat

1The U.S. discard rates have been increasing since 2015.
2France had a kidney discard rate of 9.1% from 2004-2014, the United Kingdom has a rate ranging

from 10% to 12% and Eurotransplant, a consortium of eight countries including Germany, reported a
rate of about 8% (Aubert et al., 2019; Bernstein, 2023). The main reason for this difference is that the
U.S. system is unusually transparent compared to these other regions, leaving more room for discretion
in which organs to accept in the hands of transplant centers and candidates on waitlists (Rasmussen
et al., 2018).
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variable which dictates a stochastic propensity for the timing of a future treatment among

agents. Treatment is then realized at various points depending on regime assignment and

individual survival. In the context of the U.S. kidney transplant waitlist, individuals

enter the waitlist when their kidney function falls below a clinical threshold. As a regime

variable, the paper uses a previously underexploited source of biological randomness:

individual ABO blood type. Conditional on health and socio-demographic covariates,

including race, blood type is assumed to be as-good-as-random with respect to survival.

Due to compatibility constraints, however, blood type directly affects the likelihood and

timing of transplant offers – satisfying the necessary conditions for this causal setup.

In this application, the outcome is survival and ‘treatment’ is defined as receiving a

transplant, which, due to dynamic selection, is only observed for candidates who receive

one before dying.

The first part of the empirical analysis yields four main findings: (1) as expected,

AB candidates who are compatible with any blood type are, on average, 2.5 times more

likely to receive a transplant within the first five years of entering the waitlist than

O candidates, who almost always need to receive a transplant from an O donor, (2) AB

candidates exhibit lower pre-transplant survival than O candidates, (3) this pre-transplant

effect remains when controlling for health variables determining the prioritization of a

candidate on the waitlist and is also robust to controlling for additional baseline health,

socio-economic and location variables,3 (4) transplant rates and pre-transplant survival

exhibit a one-to-one inverse relationship across blood types.

Drawing on the identification strategy, the discussion outlines two mechanisms that

could generate these effects. One possibility is that a higher transplant rate skews allo-

cation toward healthier individuals earlier in their waitlist spells – a selection effect tied

to the timing of treatment.4 In some cases, like ours, this mechanism can also be inferred

if candidates who receive a transplant shortly after entering the waitlist exhibit different

survival rates across regimes. An alternative mechanism is that higher transplant rates

induce behavioral responses, such as moral hazard, that reduce survival. I discuss how to

interpret the pre-transplant effect under each mechanism. Under our preferred interpre-

tation, consistent with the literature, the effect arises because transplant centers tend to

prioritize higher-health candidates. In that case, and assuming moral hazard responses

to the regime are limited, the results show that a 1% increase in the transplant rate leads

to a 0.1% increase in transplants to individuals who would have survived even without

receiving a kidney during the first five years on the waitlist.

3These pre-transplant differences are stable across time horizons, specifications, and subsamples –
including by race, donor type, and before/after a 2014 reform to the allocation mechanism. We also offer
additional evidence looking at survival and transplant patterns for all blood-type groups (AB, A, B, O)
to rule out biological or socio-economic explanations for pre-transplant differences in survival.

4The discussion of selection must be qualified here. Given a sufficiently large set of pertinent observed
variables, selection can always be explained. In this paper our discussion of selection focuses on how much
selection remains after controlling for the official variables determining prioritization on the waitlist, and
after conditioning on a large set of observed demographic, health, and location variables in the dataset.
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The second contribution is to offer additional insights into the selection mechanism.

Using double/debiased machine learning methods the analysis shows: (1) AB candidates

transplanted in the first three months on the waitlist have a 5 percentage point higher

survival probability after three years than their O-type counterparts transplanted at the

same period, (2) the functional health of AB transplant recipients, an observable proxy for

higher-health, is significantly higher than for O-types during the early waitlist period, but

not thereafter, (3) as duration on the waitlist elapses, younger and healthier candidates

with tissue compatibility more difficult to match are at an increased chance of receiving

a transplant. These findings support a selection mechanism in which higher transplant

rates accelerate transplants for higher-health candidates, and favour healthy individuals

waiting longer.

Despite large differences in transplant rates, overall survival differences across blood

types are surprisingly modest. A 1% increase in the transplant rate over the first five

years on the waitlist implies only a 0.04% increase in survival after 7 years, and 0.01%

after 12 years. One explanation, consistent with previous results in the paper, is that

healthier candidates, who are already more likely to survive, disproportionately benefit

from higher transplant rates. For these individuals, short delays in receiving a transplant

may have little effect on outcomes. Meanwhile, among the sickest candidates, earlier

transplants confer limited gains due to high graft failure risks. The largest benefits of

earlier transplants may therefore be concentrated in the middle of the health distribution.

If relatively few of these intermediate candidates are induced to receive a transplant under

the high-transplant regime, then overall survival differences between AB and O blood

groups may remain modest.

The final section of the paper considers which agents – candidates, physicians, or

transplant centers – face incentives most likely to generate the observed selection patterns.

The discussion draws on relevant literature (Chan and Roth, 2024; Agarwal et al., 2020;

Axelrod et al., 2017, 2018; Stith and Hirth, 2016) and on simulations from a canonical

search model (Mortensen, 1986). Evidence points to transplant centers as the primary

actors, particularly given historical evaluation metrics and financial incentives that favor

the selection of healthier recipients.5 The paper also considers how candidates’ strategic

behavior could contribute to these patterns, though stronger assumptions on information

acquisition are needed to support this channel.

The discussion and results in this paper contribute to several fields. The methodolog-

ical setup builds on a rich history of dynamic treatment effects. It illustrates how the

framework of Abbring and Van den Berg (2005) can be leveraged to draw out insights

5These results, of course, do not necessarily imply a sub-optimal allocation of kidneys from a welfare
perspective. If, as supported by Agarwal et al. (2020), the relative and absolute life-year gains of a
transplant are larger for higher health candidates, then this skewed distribution may be optimal. This
paper focuses on survival although we do discuss at times the dual outcomes of quantity and quality
of life. Surveys show that transplants improve the latter relative to dialysis, the next best alternative
(Axelrod et al., 2018).
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about selection into treatment and propose testable hypotheses about selection mecha-

nisms. The empirical results also contribute to recent theoretical work focused on optimal

allocation mechanisms for the deceased donor waitlist which considers ABO blood com-

patibility issues (Sönmez et al., 2020; Kim and Li, 2022). This paper also contributes to

various important theoretical and empirical insights focused on candidate option value

of a transplant and discretion to reject offers (Zhang, 2010; Agarwal et al., 2018, 2021)

and the first evaluation of transplants on survival using causal methods in Agarwal et al.

(2020). Finally, the results also relate to research underlining the relevance of market

dynamics in the supply of kidneys (Chan and Roth, 2024; Stith and Hirth, 2016; Dickert-

Conlin et al., 2019; Teltser, 2019). In particular, this paper shows that increases in the

supply of kidneys do not necessarily translate into proportional increases in transplants

across candidates of varying health. Without changes to the incentive structure, new

donations may continue to be allocated to relatively healthy, recently listed candidates.

These implications are discussed in light of recent institutional reforms to transplant

center evaluations in the U.S. system.

The remainder of the paper proceeds as follows. It begins in the next section by briefly

introducing the kidney transplant allocation system. It then displays the descriptive

patterns of transplant rates and survival which form the basis for the analysis of selection

mechanisms. Section 3 introduces the dynamic causal setting, describes and identifies

regime and selection effect, and describes the estimation approach. Section 4 describes

the data and Section 5 discusses results.

2 Kidney Transplant Allocation System

In the United States, the allocation of deceased donor kidneys is designed, coordinated,

and administered by the Organ Procurement and Transplantation Network (OPTN). A

person becomes eligible to register on the kidney transplant waitlist and begin accru-

ing time once their kidney function falls below 20mL/min.6 Upon entry, OPTN collects

detailed information on the candidate’s health, immunological profile, and other charac-

teristics relevant for kidney compatibility.

When a potential kidney becomes available, OPTN gathers extensive biological in-

formation on the kidney and the donor’s medical history. Through its automated UNet

system, OPTN calculates a priority order for all compatible candidates. The offer process

aims to balance equity and efficiency, assigning priority based on a strict set of criteria.

Unlike some other organs (e.g., livers or hearts), priority is not given to those in most

urgent need.

Prior to December 2014, the main prioritization criteria were blood and tissue type

compatibility, the candidate’s age, waitlist duration, and geographic proximity to the

center holding the deceased donated kidney (Smith et al., 2012).

6More precisely, when the Glomerular Filtration Rate (GFR) is 20 or below.
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This allocation system was criticized for leading to excessive kidney discards, lost

graft-years,7 high re-transplant rates, and inequities in access for minority patients. In

response, a new allocation policy was implemented in December 2014. Key changes in-

cluded awarding additional points to highly sensitized patients (those with high antibody

levels) and prioritizing healthier candidates for the longest-lasting kidneys. This latter

prioritization is guided by an Estimated Post-Transplant Survival (EPTS) score, which

depends on age, diabetes status, dialysis status and duration, and whether they previ-

ously received a transplant.8 Under the new system, less emphasis is placed on waitlist

time and geographic proximity.9

In terms of ABO blood type prioritisation, B and O blood type candidates are pri-

oritised for identical blood type kidneys unless perfect zero-antigen tissue compatibility

exists with AB (or A for O donors) blood types (Israni et al., 2014). This policy, un-

changed by the 2014 reform, aims to compensate for the lower supply of B and O kidneys.

Crucially for this paper, the UNet algorithm determines kidney offers based on observed

variables, all health-related components of which are available in the data.

There also exists some discretion on the part of candidates and their physicians con-

cerning which kidney they are willing to accept. Many kidneys are automatically filtered

out based on pre-specified criteria regarding donor age, health, and kidney function.

These acceptance criteria are recorded in the data. Even after passing these filters, ad-

ditional offers are frequently rejected (Gordon et al., 2020). Using data from January

1, 2010 to December 31, 2013, Agarwal et al. (2018) show that among kidneys passing

initial screens, only 0.9% of offers are accepted, and just 70% of those are eventually

transplanted.10 The low acceptance rate is largely due to highly undesirable kidneys be-

ing offered to thousands of patients.11 Rejections have no impact on future offers. As a

result, nearly 25% of kidneys are ultimately discarded.12

3 Evaluation Framework

This section first presents descriptive patterns in transplant and survival outcomes that

motivate the analysis of selection mechanisms. It then introduces the evaluation design

7For example, candidates with shorter life expectancy might receive kidneys capable of lasting signif-
icantly longer.

8More specifically, candidates in the top 20% of EPTS scores are prioritized for kidneys from donors
in the top 20% of the Kidney Donor Profile Index (KDPI).

9In 2021, geographic criteria were further refined to assign points on a linearly decreasing scale (with
notches) based on distance between the candidate’s transplant center and the donor hospital (Potluri
and Bloom, 2022).

10This discrepancy arises primarily from final crossmatch screenings, which identify immunological
incompatibilities likely to cause graft failure.

11Factors influencing kidney quality include donor health, age, gender, anatomy, and infectious disease
history. See Danovitch (2012) for an overview.

12There is also considerable variation in acceptance behavior across the roughly 250 transplant centers
(Wey et al., 2017).
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using the framework of Abbring and Van den Berg (2005), adapting it to the kidney

transplant setting. A final subsection outlines a simple estimation strategy.

3.1 AB vs. O Transplant Rates and Survival Probabilities

(a) Transplant Hazard (b) Transplant Probability

(c) Survival (d) Pre-Transplant Survival

Figure 1: Survival of candidates on the kidney transplant waitlist
Includes candidates entering waitlist after 01 June 2002. Based on selected sample of Scientific Registry of Transplant
Recipients data described in Appendix A.
Observations: NO = 170, 463, NAB = 13, 393.

Figure 1 presents the central patterns under study using administrative data from the

Organ Procurement and Transplantation Network (OPTN).13 Figure 1a shows the trans-

plant hazard from deceased donors for AB blood types – universal recipients – and O

blood types, who can only receive from O donors.14 Due to compatibility constraints, AB

candidates face a consistently higher transplant hazard during the first four years on the

waitlist, resulting in a transplant probability (Figure 1b) that is roughly twice as high as

that of O candidates over the first five years.

Despite the large differences in transplant probabilities, and relatively steep declines

in survival over time, Figure 1c reveals a striking and previously undocumented fact:

13Data from the OPTN/Scientific Registry of Transplant Recipients (SRTR) include socio-economic
and medical histories of all waitlist candidates and donors.

14Earlier economic interest focused on kidney exchange programs for living donors (Roth et al., 2004;
Agarwal et al., 2019), but these represent a minority; over 70% of kidney transplants are from deceased
donors.
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overall survival rates for AB and O candidates are nearly identical for the first five years,

diverging only modestly thereafter. This raises the question of whether transplants have

limited effects on survival, or whether selection into transplantation is shaping outcomes.

Figure 1d reveals a further striking pattern. It plots the probability of survival for

AB-types and O-types after censoring the duration to death at the moment a candidate

receives a kidney transplant. Here, we observe a clear divergence: AB candidates, who

have a higher transplant rate, exhibit lower survival prior to transplant compared to O

candidates.

3.2 Regime and Potential Treatment Duration

We now turn to a framework from Abbring and Van den Berg (2005) and explain how

it can be leveraged to draw out insights about positive or negative dynamic selection

into treatment. We follow individuals from entry into the initial state (t = 0), which

corresponds in our setting to waitlist entry. In other settings it could be the moment

of contracting an illness, becoming unemployed, or advertising a new product on the

market. At t = 0, agents are assigned to a regime Z ∈ {0, 1} – e.g., Z = 1 for AB-type

candidates and Z = 0 for O-type candidates – which affects their transplant hazard. Z

is observed by the econometrician and may be partially or fully known to agents.

The regime Z is not a direct treatment assignment but an intention-to-treat variable

that shifts the stochastic propensity of future treatment. We define Sz as the potential

duration to treatment under regime Z = z, and T z,s as the potential duration to death,

for treatment occurring at s. The objects of interest in this study will compare the

probability of survival beyond a fixed horizon τ across regimes. As is standard, we define

T z,∞ as the potential outcome under no treatment. In this context, it corresponds to the

time to death for candidates who remain untreated in regime z.15

In the data, we observe (Z, S, T,X) for cases where T ≥ S, with X representing

covariates measured at baseline.

3.2.1 A strategy to assess pre-transplant and selection effects

Our objective is to assess whether differences in pre-transplant survival across regimes

reflect a selection effect on the timing of treatment. The strategy unfolds in three steps.

Step 1: First, we assume there is a variable which randomly varies the transplant rate

at time 0. In this paper, that amounts to assuming blood types, conditional on a set of

observed variables, are random with respect to potential transplant and survival times.

Formally, we assume, denoting by {T z,s}, {Sz} the sets of all potential variables, that,

({T z,s}, {Sz}) ⊥⊥ Z|X = x

15We focus on survival probabilities rather than expected durations because a large share of survival
times are censored, so the right tail of the exit distribution will be poorly approximated.
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Step 2: If this assumption holds, then we can evaluate the following pre-transplant

value for different time horizons of τ ,

βτ,z′,z,x =
τ∏

t=0

Pr(T > t|S > t, T ≥ t,X = x, Z = z′)−
τ∏

t=0

Pr(T > t|S > t, T ≥ t,X = x, Z = z)

(1)

This is the empirical difference in pre-transplant survival at τ between the high transplant

rate z′ (eg. AB blood group) and the low transplant rate z (eg O blood group) when

conditioning on variables X = x.

A negative value of βτ,z′,z,x indicates that the high-hazard regime z′ has lower pre-

transplant survival than the low-hazard regime z by time τ (as observed in our data; see

Figure 1d). Two distinct mechanisms could produce a negative pre-transplant survival

gap.

� Mechanism 1 (Regime effects on pre-transplant survival):

E[T z′,∞] < E[T z,∞]

This condition implies that individuals assigned to the higher-transplant-rate regime

(z′) would, in the absence of treatment, have lower survival prospects than those in

the lower-transplant-rate regime (z).

� Mechanism 2 (Regime effects on treatment timing):

∂ Pr(Sz′ ≤ s | X = x, Z = z′, U = u)− Pr(Sz ≤ s | X = x, Z = z, U = u)

∂u
> 0

where u ∈ R represents a scalar unobserved health index, with survival probability

increasing in u. This condition captures a regime effect on the timing of treatment.

It implies that the advantage of being in the higher transplant-rate regime (Z = z′)

– in terms of receiving a transplant by time s – is increasing in unobserved health

status u. In other words, healthier candidates are disproportionately more likely to

benefit from faster access to transplants under the higher-rate regime.

The first mechanism is not a selection effect. It represents a direct causal effect of

the transplant regime on survival for candidates who have not yet been treated. In our

context, E[T z′,∞ − T z,∞] < 0 would hold if a higher transplant rate leads to a lower

survival for candidates waiting for a transplant on the waitlist. Such an effect may reflect

moral hazard if candidates adjust their actions based on the anticipated likelihood of

receiving a transplant.

The second mechanism, by contrast, reflects a selection effect in the timing of treat-

ment rather than a causal regime effect on untreated survival. In this case, E[βτ,z′,z,x] < 0

can hold even if T z′,∞ = T z,∞. This form of selection can arise either from the behaviour
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of transplant centres or from the choices of candidates. If transplant centres are the

primary agents allocating kidneys, the condition for Mechanism 2 holds when the dis-

tribution of transplants is more heavily skewed toward healthier candidates in the high

transplant-rate regime than in the low one. From the perspective of candidate choice, the

same condition would hold if healthier individuals are less likely to postpone accepting

a transplant in the high-rate regime than in the low-rate regime, relative to less healthy

candidates. Although delaying transplant is risky, it may be optimal for sicker candidates

if they expect to receive a higher-quality kidney in the future. Appendix F presents a

simple one-period stylised model to build intuition for these survival dynamics.

Step 3: The third step tests for Mechanism 2, selection effects, on a restricted subset

of candidates. If kidneys are allocated proportionally with respect to underlying health

across the high and low transplant-rate regimes, then post-transplant survival for candi-

dates treated at period t = 1 should be similar across regimes. If it is not, this suggests

that selection effects are already at work early in the waitlist process. This compari-

son, however, loses validity for t > 1 if selection or Mechanism 1 effects occur at t = 1,

since selective transplantation and/or survival alters the composition of the remaining

not-yet-treated candidates across regimes. Nonetheless, as we show in the results section,

descriptive comparisons of the characteristics of transplanted candidates over time can

still shed light on the evolving nature of selection when it is present. This final step

provides qualitative insight into the presence of selection in the initial periods on the

waitlist. This last step can on it’s own speak qualitatively to the question of whether

selection is present, at least in initial periods on the waitlist. It does not, however, yield

a formally interpretable causal parameter for the selection effect.

3.2.2 Interpreting Regime and Selection Effects

While the previous steps clarify the direction of selection effects, when present, they do

not directly relate βτ,z′,z,x to a quantifiable causal estimand. This subsection provides

identification results and guidance on interpreting the pre-transplant effect.

We begin by considering the case in which Mechanism 1 (regime effects on survival)

operates in isolation, with the selection effect Mechanism 2 (regime effects on treatment

timing) absent. Suppose, in addition, that we observe all variables relevant to transplant

allocation. Under the sequential unconfoundedness assumption,

{T z,s} ⊥⊥ 1(S = s) | S ≥ t, T ≥ t, Z = z,

the pre-transplant survival difference βτ,z′,z,x identifies the causal effect of regime assign-

ment on untreated survival:

βτ,z′,z,x = Pr(T 1,∞ > τ | X = x)− Pr(T 0,∞ > τ | X = x).
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This result follows from Robins’ G-computation formula (Robins, 1986).16

Next, consider the case where Mechanism 2 operates and Mechanism 1 is absent.

The causal interpretation of βτ,z′,z,x is then more subtle and best understood period by

period. For τ = 0, we can write:

β0,z′,z,x = Pr(T > 0 | S > 0, T ≥ 0, X = x, Z = z′)− Pr(T > 0 | S > 0, T ≥ 0, X = x, Z = z)

= Pr(T∞ > 0 | Sz′ ̸= 0, X = x)− Pr(T∞ > 0 | Sz ̸= 0, X = x),

using the fact that T z′,∞ = T z,∞ = T∞ under the assumption of no regime effects on

pre-transplant survival. This difference reflects the difference in survival across regimes

among candidates who are not selected for transplant at t = 0.

We can gain sharper identification under an additional monotonicity assumption in

treatment timing: Sz′ ≤ Sz. Under this condition, any candidate who receives a trans-

plant in period 0 under the low-transplant regime (Z = z) also receives a transplant in

that period under the high-transplant regime (Z = z′). Thus, the observed difference iso-

lates candidates who are treated early under Z = z′ but not under Z = z. The survival

difference then reflects selection in transplant timing. This monotonicity assumption

is plausible if transplant centers are the primary decision-makers and transplant offers

increase mechanically with regime Z. It may be less tenable if differences arise from

candidate-side optimization over unobserved health states.

The interpretation for general τ > 0 follows analogously:

βτ,z′,z,x =

τ∏
t=0

Pr(T∞ > t|Sz′ ̸= t, T∞ ≥ t,X = x, Z = z′)

−
τ∏

t=0

Pr(T∞ > t|Sz′ ̸= t, T∞ ≥ t,X = x, Z = z)

(2)

An alternative measure of pre-transplant effects may have considered,

βτ,z′,z,x = Pr(T > τ |S > τ,X = x, Z = z′)− Pr(T > τ |S > τ, Z = z) (3)

However, this alternative is problematic in two respects. If Mechanism 1 is present

without Mechanism 2, this measure will not recover the causal regime effect on pre-

transplant survival. This is because the sequential unconfoundedness assumption on

treatment {T z,s} ⊥⊥ 1(S = s) | S ≥ t, T ≥ t, Z = z asserts that transplant is se-

quentially random conditional on survival. The latter measure requires a far stronger

assumption of randomness of transplants unconditional on survival to identify the causal

pre-transplant regime effect on survival. If Mechanism 2 is present without Mechanism 1,

this measure ignores accumulated information about survival prior to τ , thereby conflat-

ing selection dynamics over time. As we demonstrate empirically, this can substantially

exaggerate selection effects when they are present.

16This interpretation also requires standard SUTVA and support conditions.
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3.2.3 Unconfoundedness and the Role of Covariates in Assessing Selection

The empirical analysis in this study rests on the assumption that ({T z,s}, {Sz}) ⊥⊥ Z |
X = x. With respect to its plausibility, it is known that ABO blood types are associ-

ated with certain disease processes, including vascular conditions and malignancies (Wu

et al., 2008; Sun et al., 2015; Abegaz, 2021), as well as with a limited set of infectious

diseases (Cooling, 2015). However, there is little evidence that genetic variation in ABO

blood groups systematically predicts mortality. Nevertheless, because ABO distributions

differ by race and may correlate with other demographic or medical characteristics, we

empirically assess the robustness of this assumption.

The analysis proceeds in three stages. We first estimate specifications without any

covariates, then add the official OPTN variables used in prioritizing waitlist candidates,

and finally include the most comprehensive set of demographic, health, and geographic

controls permitted by data availability. This sequential approach allows us to examine

the sensitivity of the pre-transplant estimates of βτ,z′,z,x to different sets of observable

variables. We also report results disaggregated by race, sex, and education. In a com-

plementary step, we leverage all four ABO blood types to illustrate the ordinal empirical

relationship between transplant rates and pre-transplant survival outcomes.

The procedure of presenting results with an increasing set of conditioning variables is

also important when qualifying the analysis of selection. Given a sufficiently rich set of

observed covariates, one might argue that selection can always be explained in terms of

observables. Accordingly, all discussion of selection on unobservables in this paper should

be understood as conditional on the covariates included in each specification.

3.3 Estimation Approach

We estimate βτ,z′,z,x using several approaches that involve trade-offs specific to our set-

ting. The primary estimator is based on a semi-parametric continuous-time proportional

hazards model with competing risks.17 Because survival and treatment processes are

jointly determined, we model their hazards as:

θTt (x, z, s) = λT
t (z,1(s ≤ t)) exp(x′βT )

θSt (x, z) = λS
t (z) exp(x

′βS)

where θTt and θSt denote the instantaneous hazards of death and treatment, respectively.

Duration dependence functions λT
t and λS

t are specified as piecewise constant baseline

hazards, varying by regime z and whether treatment has occurred by time t.18

17A continuous-time specification is preferred primarily for computational reasons. When identifying
assumptions are plausible and time intervals are short, continuous and discrete-time duration models
typically yield similar estimates (Kastoryano and van der Klaauw, 2022). The latter also offer non-
parametric discrete-time estimators adaptable to our setting and discuss relevant trade-offs.

18We use one-year intervals for the piecewise segments. This choice is guided by the patterns observed
in Figure A1b (Appendix C) and ensures sufficient flexibility while maintaining computational tractabil-
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Estimation proceeds by Maximum Likelihood, where all survival durations are right-

censored at the time of transplant. The resulting estimator yields individual-level pre-

dicted hazards, which we use to compute the pre-transplant survival functions in βτ,z′,z,x

of the form
∏τ

t=1 Pr(T > t | S > t, T ≥ t, Z = z):

∑
{i}

ŵi(s) exp(−
∫ τ

1

θ̂Tt (xi, z, S > τ)dt) =
∑
{i}

ŵi(s) exp(−
∫ τ

1

λ̂T
t (zi, 0) exp(x

′
iβ̂

T )dt)

where the weights ŵi(s) reflect the estimated distribution of treatment times:

ŵi(s) =
θ̂Ss (xi, 1) exp(−

∫ s

0
θ̂Sτ (xi, 1)dτ)∑

{i} θ̂
S
s (xi, 1) exp(−

∫ s

0
θ̂Sτ (xi, 1)dτ)

We compute standard errors for βτ,z′,z,x using the delta method.19

As a calibration check on the estimator, we show throughout the results that our esti-

mates of βτ,z′,z,x without including any covariates are similar in magnitude to differences

in Kaplan-Meier survivor functions after censoring survival at the moment of transplant

(e.g. as in Figure 1d). As is well know, the drawback of this estimator is that it faces

computational limitations when the covariate space is high dimensional.

To address this, we also consider alternative estimators better suited to non-linearities

and high-dimensional covariate spaces. Specifically, we explore non-parametric (nearest-

neighbor matching) and machine learning approaches, including double/debiased ML,

Cox-Lasso, random survival forests, and deep learning models for survival analysis. The

non-parametric estimator yields results similar to the baseline model. The machine learn-

ing approaches do not perform particularly well in our setting, with results mimicking the

upward bias from a simple, and mis-specified, OLS estimation on pre-transplant survival.

The main reason for the poor performance is that current ML models are not well-suited

to accommodate competing risks and random right censoring, or not designed for causal

inference.

4 Data

This study uses data from the Scientific Registry of Transplant Recipients (SRTR). The

SRTR data system includes data on all donor, wait-listed candidates, and transplant re-

cipients in the U.S., submitted by the members of the Organ Procurement and Transplan-

tation Network (OPTN). The Health Resources and Services Administration (HRSA),

U.S. Department of Health and Human Services provides oversight to the activities of

the OPTN and SRTR contractors.

ity. We report results only up to five years, as estimation becomes less stable at longer durations due to
the small number of AB candidates treated after year five.

19Replication materials and estimation code are available at www.skastoryano.com.
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The dataset contains detailed information on candidate characteristics, waitlist entry

dates, transplant dates, and dates of death. The baseline sample includes all candidates

who entered the waitlist between June 1, 2002, and December 1, 2014 – the implemen-

tation month of the revised kidney allocation system. I exclude candidates listed for

multiple-organ transplants and those under 18 years of age, both of whom follow distinct

allocation rules. I also exclude candidates who received a living donor kidney, as they

bypass the standard allocation process based on factors that are typically unobserved.20

The analysis further restricts to first waitlist spells, excluding individuals who re-enter

due to graft failure or renewed kidney failure, and removes rare blood type subgroups

and immune-sensitized candidates with an initial cPRA score above zero, who face excep-

tional allocation rules. Appendix A documents the data cleaning process and the share

of observations excluded at each stage.

The main decomposition analysis uses a time unit of two months. The outcome of

interest, T , is the duration from waitlist entry to death, if observed. Death dates are

obtained from Social Security records (Massie et al., 2014).

The assignment variable Z is the biological randomization to blood type AB or O.

I focus on these two groups to identify pre-transplant survival differences. As shown

in Figure A2a (Appendix C), AB candidates – universal recipients – have the highest

transplant hazard in the first three years on the waitlist. In contrast, candidates with O

and B blood types have the lowest transplant probabilities, while A types fall in between.

The main specification controls for all OPTN-relevant health variables used in allo-

cation and additional health-related covariates with low rates of missingness. Prior to

the 2014 reform, only age was relevant for deceased donor offers in the selected sample.

Post-reform, only the Estimated Post-Transplant Survival (EPTS) score enters into offer

prioritization.21 Covariates measured at t = 0 include age, diabetes status, dialysis status,

prior non-kidney transplant, sex, race, and primary diagnosis.22 We also include, in some

specifications, a set of additional health-related variables that require caution. These vari-

ables could, in principle, be imbalanced across blood groups, but they are also updated

over time, which raises concerns. Including them could lead to bad control problems if

the updating over time is not independent from the transplant and survival outcomes.

These variables include indicators for whether a candidate would accept a kidney from a

hepatitis B– or C–positive donor, BMI, and a history of malignant tumours.23

20This exclusion may be endogenous to blood type if the likelihood of securing a living donor varies
by blood group. I return to this point in the results section.

21EPTS is computed as: EPTS = 0.047 ·max(Age−25, 0)−0.015 ·Diabetes ·max(Age−25, 0)+0.398 ·
Prior Transplant−0.237 ·Diabetes ·Prior Transplant+0.315 · log(Years on Dialysis+1)−0.099 ·Diabetes ·
log(Years on Dialysis + 1) + 0.130 · 1{Years on Dialysis = 0} − 0.348 · Diabetes · 1{Years on Dialysis =
0}+ 1.262 ·Diabetes.

22This mirrors the covariates in (Wolfe et al., 2008), excluding those with high missingness: Time on
Dialysis (26.5%) and Albumin (13.2%). Matching and machine learning models also include transplant
center location.

23The model does not include other relevant variables which present a large fraction of missing values:
hypertension (26% missing), creatinine measure of candidate (33% missing). We also exclude a variable
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I report results separately for candidates entering before and after the December 2014

reform, since priority rankings were redefined at that time.24 Most robustness checks

focus on the pre-reform sample, which allows for longer-term outcome evaluation and a

larger sample of AB candidates. Summary statistics by blood type are shown in Appendix

B, Table A1. Pre-reform, the average candidate is 52 years old, 62% male, with 75% on

dialysis and 35% diabetic at entry. While blood types are generally balanced on health

indicators, there are marked racial differences: the B blood type group has a higher share

of Black candidates, and AB/B groups include more Asian candidates. Some imbalance

in education also exists and is addressed in robustness analyses.

5 Results

This section presents the main empirical findings. We begin by assessing whether pre-

transplant survival varies systematically across blood types, and hence across transplant

rates. In the process, we also discuss the plausibility of our regime unconfoundedness

assumption. We then estimate the survival effect of receiving a transplant early and

examine how the characteristics of transplanted patients evolve over time. Next, we

consider overall differences in survival between blood types with different transplant rates.

Finally, we discuss which agents may be driving the observed patterns, drawing on existing

literature.

5.1 Pre-transplant effects and observed variables

We first examine how much of the pre-transplant survival differences shown in Figure 1d

can be attributed to selection on observed characteristics. Figure 2a displays the pre-

transplant effect βτ,AB,O,x – the difference in survival at horizons 1 through 5 years –

without covariates. Figure 2b adds allocation-relevant covariates (age brackets) to the

model. In both specifications, candidates with AB blood type exhibit lower pre-transplant

survival.

The estimates in Figure 2b suggest that, after five years, AB-type candidates have a

survival probability 5 percentage points lower than O-type candidates. Given baseline

survival rates (Figure A1b), this corresponds to a 25% higher risk of pre-transplant death

among AB-type candidates, attributable to unobserved selection. Figure 2c includes

additional health and demographic covariates from Appendix Table A1; the estimated

effect remains sizable. Figure 2d shows that the effect persists post-2014 reform.25 This

result is consistent with the agent based structural model in Agarwal et al. (2021) showing

indicating a patient’s functional status since a patient’s latest measured activity level is unlikely to be
independent of the kidney acceptance decision and death.

24Pre-reform candidates are censored at the date of reform.
25Figure A1 of Appendix C presents the transplant hazard and pre-transplant survival for the sample

entering the waitlist before and after the December 2014 reform. Although the transplant hazard for AB
types is slightly muted in initial months on the waitlist after 2015, the general patterns are similar.
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(a) No covariates (b) Offer Covariates

(c) All Covariates (d) Post-2015

Figure 2: Pre-transplant difference in survival effect βτ,z′,z,x
Includes candidates entering waitlist after 01 June 2002. Based on selected sample of Scientific Registry of Transplant
Recipients data described in Appendix A.
(a) includes no covariates, (b) includes offer covariates: age bracket dummies, (c-d) includes all variables presented in
Appendix Table A1. Observations (a-c): NO:no−Tr = 93, 922, NO:Tr = 35, 989, NAB:no−Tr = 5125, NAB:Tr = 5032.
Observations (d): NO:no−Tr = 43, 338, NO:Tr = 11, 698, NAB:no−Tr = 2241, NAB:Tr = 2176.

the new system only modestly improves patient welfare and discard rates relative to the

pre-2014 mechanism. Hereafter, all modelled pre-transplant effects include all covariates.

Appendix D considers additional estimation approaches. Figure A5a uses propensity

score matching – with exact matching on race – and including transplant center fixed

effects prior to hazard estimation, yielding similar results. Figures A5b and A5c report

double/debiased ML estimates with and without inverse probability of censoring weights

(IPCW).26 These estimates are larger and more efficient than those from our main esti-

mator, but they closely mirror results from a simple OLS model that does not account

for censoring or competing risks. This suggests that they may fail to appropriately adjust

for the structure of the data. For this reason, we focus the remainder of the analysis on

the joint proportional hazards model which is better suited to the empirical setting.27

26As yet, to the author’s knowledge, there is no standard approach for double/debiased ML causal
estimation which accommodates competing-risk survival settings with right censoring. Our adapted
double/debiased ML model is described in the footnote to Figure 2 but not accompanied by theoretical
results. It is a double/debiased ML model where each observation is weighted by an inverse probability
of censoring weighting function estimated by neural nets to account for the random right censoring of
the outcome and censored outcomes at the moment of transplant (competing-risk censoring).

27Appendix D Table A2 also presents results from machine learning approaches designed for survival
models - Cox-lasso, random survival forest, deep learning for survival models. The results from these

15



Taken together, Figures 2a–2d document substantial pre-transplant survival differ-

ences that cannot be explained by observed variables. Appendix Figure A4 shows these

effects are primarily driven by White and male candidates, with weaker or null effects for

minorities and women. The results also hold when including living donor transplants.

5.1.1 Transplant rates and pre-transplant survival across blood types

As discussed in previous sections. Three explanations are consistent with these results.

The first is that blood-type groups are not random with respect to pre-transplant survival

and that our main unconfoundedness assumption is violated. The second is that there is

a regime effect on pre-transplant survival (Mechanism 1) and the third is that there is a

regime effect on the timing of transplant (Mechanism 2), which we also refer to as the

selection effect.

To offer further counter-evidence to the first explanation, that blood types are not

random, Figure 3 examines transplant rates and pre-transplant survival across all ABO

types for White candidates.28 A clear ordinal pattern emerges: the higher the transplant

probability, the lower the pre-transplant survival. Figures 3c and 3d confirm this with

modelled pre-transplant effects.

These patterns are consistent with the interpretation that regime effects – either

Mechanism 1 or Mechanism 2 – are driving the observed differences. As we discuss

in the next sections, the most plausible explanation, supported by existing literature, is

that transplant centers preferentially allocate kidneys to healthier candidates under high-

transplant regimes. This leads to negative selection among the remaining candidates on

the waitlist in those regimes. If this is indeed the dominant mechanism, we can also

offer a setting-specific, quantitatively interpretable result. From Figure 1a, we estimate

that AB blood type candidates face, on average, a transplant rate 2.5 times higher than

O blood type candidates over the first five years on the waitlist. Combined with the

observed 25 percent difference in pre-transplant survival, this suggests that a 1% increase

in the transplant rate corresponds to a 0.1% increase in transplants among candidates

who would have otherwise survived five years without receiving a kidney.

models do not perform well in the current setting and produce unrealistic effects. This is likely because
the are not designed for causal evaluation in survival models with random and competing risk right
censoring.

28Appendix Figure A2 presents corresponding hazard and overall survival.
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(a) Transplant Probability (b) Pre-Transplant Survival

(c) Pre-Transplant: O vs. B (d) Pre-Transplant: O vs. A

Figure 3: Treatment probability and Pre-transplant survival effects βτ,z′,z,x for A and B
blood type candidates
Includes candidates entering waitlist after 01 June 2002, durations truncated at 01 December 2014. Based on selected
sample of Scientific Registry of Transplant Recipients data described in Appendix A.
Covariates include all variables presented in Appendix Table A1. Observations: NO = 71, 075, NAB = 4764, NB = 14, 887,
NA = 50, 149.

5.2 Selection and the Effect of a Transplant on Survival

The previous section provided evidence of differences in pre-transplant survival across

blood types, which persist even after adjusting for variables related to waitlist prioritiza-

tion, as well as baseline health, demographic, and geographic characteristics. To distin-

guish regime effects on pre-transplant survival from selection effects related to treatment

timing, we now restrict attention to candidates who received a transplant within the first

three months of waitlist entry.

In general, if transplant centers act as primary decision-makers and prioritize healthier

candidates, then higher transplant rates could affect post-transplant survival in opposing

ways. On one hand, a timing effect may dominate: at any given waitlist duration, higher

transplant rates for AB candidates could lead to earlier transplantation of relatively

healthier individuals, increasing survival in the AB group relative to the O group. On

the other hand, a composition effect may also be present: if transplant centers adopt a

top-down strategy by first selecting high-health candidates and then moving to lower-

health ones, then the transplanted AB group may eventually include a larger share of
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medium- or low-health individuals than the O group, potentially lowering AB survival.

To further confirm the timing effect is more important than the composition effect, we

compare post-transplant survival for AB and O candidates who received a kidney within

the first three months on the waitlist. Specifically, we examine various parametric and

non-parametric causal specifications of the following,

Yi = f(1(bloodi = AB), Xi, ui) (4)

Figure 4a reports results for White candidates – the largest racially homogeneous

group – transplanted within the first three months. We present (i) an unadjusted regres-

sion of survival on blood type, (ii) a linear regression controlling for OPTN baseline pri-

oritization variables, (iii) a double/debiased ML specification using all candidate health

variables, as well as education, functional ability, and location indicators, and (iv) an

expanded double/debiased ML specification including donor and donor-recipient match

variables from Table A1 of Appendix B.

All specifications yield similar results: higher transplant rates for early-transplanted

AB candidates are associated with significantly greater survival over the first 4–5 years

post-transplant.29 Supporting evidence comes from Figures 4c and 4d. Figure 4c shows

that AB candidates transplanted within the first three months have significantly higher

functional ability – a proxy for health30 – than O candidates. However, this difference

largely disappears beyond three months.

Figure 4d plots the time trend in average functional ability for AB and O trans-

plant recipients, and is also informative. If transplant centers had adopted a top-down

strategy – prioritizing healthier candidates first but then moving on to transplant less

healthy candidates – we would expect functional ability to decline over waitlist time,

particularly for AB candidates. Yet, Figure 4c shows that, despite remaining longer on

the waitlist, functional ability at the time of transplant remains roughly constant or even

slightly increasing beyond three months.31 Figure 4e further shows that age among trans-

plant recipients also declines with time on the waitlist, suggesting persistent emphasis on

healthier candidates (younger age as a proxy).

From Figures 4a, 4c, 4d and 4e we conclude that a timing effect dominates, with

healthier AB candidates more likely to receive transplants, particularly in early periods

on the waitlist. From the perspective of transplant centers as the main decision-makers,

the evidence suggests they do not follow a strict top-down allocation model and do not

proportionally expand transplants across the full health distribution as transplant rates

29The results are robust to narrowing the sample to transplants within the first month, as shown in
Figure A6a in Appendix E. Similar patterns appear post-2015 (Figure A6c), though with smaller samples
and slightly delayed effects due to a slightly offset transplant hazard rate for the post-2015 sample.

30This constructed measure ranges from 1 to 3: 1. poor health and functional ability, 2: medium
health and functional ability, 3: high health and functional ability.

31Fluctuations after 48 months stem from small sample sizes and are not significantly different by
blood type.

18



(a) Survival for transplanted in months 1-3 (b) Overall Survival

(c) Candidate functional ability (d) Candidate functional ability

(e) Candidate age (f) Mismatch HLA-All

Figure 4: Difference in survival between AB and O blood types over time
Includes candidates entering waitlist after 01 June 2002, durations truncated at 01 December 2014. Based on selected
sample of Scientific Registry of Transplant Recipients data described in Appendix A.
(without cov) includes no covariates, (with base cov) includes offer covariates: age bracket dummies, (double/debiased
ML cand) includes all candidate variables presented in Appendix Table A1, (double/debiased ML cand-don) includes all
candidate, donor, and candidate-donor match variables presented in Appendix Table A1. Observations (left): NO:treated =
2406, NAB:treated = 577. Observations (right): NO = 71, 075, NAB = 4764.

rise. Instead, there is a tendency to prioritize healthier, newly listed candidates. This

pattern is harder to reconcile with patient-driven decision-making. For example, if low-

health AB candidates disproportionately defer early offers, the AB group should show a

sharper functional ability decline over time, which is not observed in Figure 4d. In the

next section we further inspect the plausibility of candidate decisions driving the regime

effect for Mechanism 1 or 2. In short, for candidate decisions to explain the patterns

observed in this section, candidates would need to form precise beliefs about offer rates

and survival risks and act on them immediately upon entering the waitlist – yet cease

to do so after three months. This assumption appears less credible than arguments

consistent with transplant-center selection.
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Finally, we note that survival differences shown in Figure 4a are not materially affected

by controlling for donor or donor-recipient match variables.32 This could imply that

kidney quality differences do not play a major role, or that the AB transplant rate

increase does not yield substantially better organ quality.33 Figure A7 in Appendix E

shows AB recipients have unexpectedly higher HLA mismatches than O recipients.34

However, these mismatch differences are highly correlated with missingness.35 Hence,

we cannot conclusively assess the role of kidney quality. A more reliable insight comes

from average mismatch trends (Figure 4f), which increase over time. Alongside stable

functional ability and declining age, this suggests that later transplants favor healthier

candidates with rarer tissue profiles.

5.3 Overall Survival

In the final part of our analysis, we examine overall differences in survival between AB

and O blood group candidates. Figure 4b presents estimates under various covariate

specifications. The survival trajectories of the two groups are similar for the first three

years following waitlist entry. Thereafter, AB candidates exhibit higher survival, peaking

at approximately 4 percentage points above the O group around year 7. This difference

gradually declines, stabilizing at roughly 1 percentage points by year 12. In relative

terms, AB candidates have about a 11% higher survival probability after 7 years, and 2%

after 12 years.

To quantify these differences, we use the approximated difference in transplant rate

for AB vs O candidates – approximately 2.5 times higher over the first five years on the

waitlist (as shown in Figure 1a). These values imply that a 1% increase in the transplant

rate over this period is associated with a 0.04% increase in survival at 7 years, and 0.008%

at 12 years.

At first glance, these effects may appear small, particularly considering that roughly

50% of AB candidates receive a transplant within five years. However, this modest

impact can be consistent with a prioritization of healthier candidates for transplantation,

as discussed in earlier sections. For such individuals, a delay of a few months may

32Figure A6b in Appendix E shows similar survival patterns when further restricting the analysis to
candidates with the highest observed functional ability, underlying the selection on unobserved variables.

33In principle, because there are more kidney offers in the AB-blood type regime, the expected value
of the chosen maximum quality kidney may be higher for AB types than for O types with similar
characteristics. A simple proof of this result is provided in Appendix H. Whether this is the case in
practice is unclear. The argument relies on the assumption that candidates and/or clinicians occasionally
make joint decisions across multiple kidney offers. According to Agarwal et al. (2021), candidates receive
an average of 17–18 offers per month. If the transplant hazard trends in Figure 1a approximate offer
rates, then offer volumes are slightly higher in the early months. Since offers often arrive a few days in
advance, it is possible that decisions are occasionally made simultaneously over several options. All else
equal, this could enhance survival in the AB group.

34HLA mismatches at loci A, B, and DR are critical for graft compatibility and survival. Lower
mismatches reduce the risk of immune rejection and improve graft survival.

35Over 15% of mismatch values are missing among transplant recipients, with similar correlations
across other blood types.
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have minimal consequences for survival. Conversely, candidates in poorer health gain

fewer life-years from transplantation, given both their higher risk of graft failure and the

likelihood of receiving lower-quality kidneys through assortative matching. Consequently,

the survival gains from earlier transplantation are likely concentrated among candidates

in the middle of the health distribution. If relatively few of these intermediate candidates

are induced to receive a transplant under the high-transplant regime, then overall survival

differences between AB and O blood groups may remain modest.

5.4 Explaining Positive Selection of Transplanted Candidates

Drawing on existing literature and simulations from a choice-theoretic search model, we

offer two explanations for the regime affecting the timing of transplant (Mechanism 2:

selection) and one consistent with a regime effect on pre-transplant survival (Mechanism

1).

5.4.1 Transplant Center Incentives

A first explanation of selection effects is that transplant centers act as the primary

decision-makers and selectively allocate kidneys to relatively healthier candidates. Several

institutional features of the U.S. kidney waitlist system support the idea that transplant

probability increases with unobserved candidate health.

One key disincentive is financial: transplants for lower-health candidates are more

costly both in absolute terms and after Medicare compensation (Axelrod et al., 2017,

2018). These higher costs are not reflected in the performance evaluations of transplant

centers.36

Moreover, until July 2023, the Organ Procurement and Transplantation Network

(OPTN) evaluated transplant centers based solely on 1-year post-transplant risk-adjusted

survival of transplanted candidates. This narrow metric has faced strong criticism for

encouraging centers to avoid high-risk transplants.37

Institutional incentives may also reinforce each other. If transplant centers are re-

luctant to accept marginal kidneys, Organ Procurement Organizations (OPOs) – which

retrieve and distribute organs – face lower incentives to recover these kidneys. As dis-

cussed by Chan and Roth (2024) and Kimberly et al. (2018), this feedback loop further

reduces kidney availability for lower-health candidates.

Even beyond institutional constraints, transplant centers may be optimizing a utili-

tarian metric such as life-years-from-transplant (LYFT), which tends to favor healthier

candidates (Agarwal et al., 2020).

36See Appendix I for discussion of the risk-adjusted evaluation model and its potential limitations.
37See Chan and Roth (2024) and Chandraker et al. (2019) for extensive critiques of the 1-year survival

metric. Empirically, Stith and Hirth (2016) documents a decline in transplants to sicker patients following
its implementation.
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5.4.2 Candidate Behavior in Response to Higher Transplant Rates

A second explanation for selection effects relates to differential candidate behavior. As

discussed in Appendix J, if candidates face a higher kidney offer rate, lower-health indi-

viduals may become more selective in accepting transplants, particularly if they are more

likely to be offered sub-optimal kidneys.38 In contrast, higher-health individuals may be

more willing to accept early offers. This behavioral asymmetry results in relatively more

high-health candidates being transplanted early in high-transplant-rate regimes (e.g.,

blood type AB), and relatively more low-health candidates remaining on the waitlist.

5.4.3 Negative Perceived Effect of Transplant

We can also formulate a behavioral, agent-based argument in support of regime effects

on pre-transplant survival (Mechanism 1), which may operate alongside the selection

mechanisms discussed above. Specifically, transplants may be perceived as high-risk by

both patients and providers. Such perceptions could explain the pre-transplant survival

patterns observed in Figure 1d.

To illustrate the logic, we simulate a standard dynamic discrete choice search model

(Mortensen, 1986), augmented to include transplant effects. The model and results

are discussed in Online Appendix G.39 Figure 5b shows that the empirical pattern of

pre-transplant survival cannot be replicated when transplants reduce the risk of life-

threatening shocks. However, when transplants are modeled as increasing this risk, the

simulated pre-transplant survival patterns match those observed in the data.

5.4.4 Weighing the Evidence Across Mechanisms

Ultimately, we cannot fully rule out any of the proposed mechanisms. However, the

results in Section 5.2 provide strong evidence in favor of selection effects driven by trans-

plant center incentives, while alternative explanations remain largely speculative. In

particular, both the regime-based pre-transplant survival mechanism and the hypothesis

that candidates endogenously select their treatment timing rely on tenuous assumptions

about information acquisition and decision-making. To explain why differences in the

38Candidates must be informed by law if they are being offered certain sub-optimal kidneys (OPTN
Final rule 121.11(b)(iV)). Because the new kidney allocation system after 2014 prioritizes longer potential
life candidates, unhealthier candidates are more likely to be offered, and therefore informed, of these sub-
optimal kidneys. If we assume that being informed about an offer of a sub-optimal kidney leads to higher
rejection independent of underlying health and offered kidney quality, then we would expect a higher
rejection rate from low-health individuals. While this argument seems like a strong explanation for the
results, it is worth recalling that pre-transplant differences in survival are already present prior to the
implementation of the aforementioned policy in 2014.

39Briefly, the agent (candidate or provider) maximizes expected survival and accepts a transplant if
its quality exceeds a candidate-specific reservation threshold. Candidates exit the model upon receiving
a severe health shock. We further assume the reservation threshold is invariant to the offer rate, ruling
out Mechanism 2. Under these assumptions, survival patterns consistent with our data only emerge if
the transplant is (perceived as) risky.
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(a) Treatment Probability (b) Pre-Treatment Survival

(c) Treatment Probability (d) Pre-Treatment Survival

Figure 5: Simulations with (a-b) positive and (c-d) negative treatment effects
Data generating process and simulation details presented in Appendix G. Observations (a-b): NZ=1:no−Tr = 1657,
NZ=1:Tr = 822, NZ=0:no−Tr = 738, NZ=0:Tr = 1783. Observations (c-d): NZ=1:no−Tr = 1919, NZ=1:Tr = 560,
NZ=0:no−Tr = 1488, NZ=0:Tr = 1033.

health of transplanted candidates emerge within the first three months on the waitlist,

but not thereafter, one must assume that candidates immediately perceive and respond to

differences in transplant rates. This would require candidates to form and act on precise

beliefs about offer rates and survival risks early and sharply in their waitlist experience,

but not beyond three months.

6 Conclusion

This paper proposed a set of steps to evaluate pre-treatment regime and selection effects in

a particular dynamic causal setting. While the application here focuses on the U.S. kidney

transplant system, the proposed procedure is broadly applicable to waitlist environments

in health, education, labor, and finance.

Leveraging variation in transplant rates induced by blood-type compatibility, we doc-

ument substantial pre-transplant survival differences consistent with selection effects.

These findings suggest that increases in transplant rates do not uniformly expand ac-

cess across the health distribution of candidates. Instead, they disproportionately benefit

higher-health individuals, leading to a positive selection of the transplanted pool. Despite
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this, we find only modest differences in overall survival between groups with higher and

lower transplant rates, a result likely driven by limited life-year gains from transplant

among both the healthiest and least healthy candidates.

Our results have implications for recent policy reforms aimed at reducing organ discard

rates and expanding access for lower-health candidates. Since July 2023, transplant

center performance metrics have incorporated a risk-adjusted offer-to-acceptance score,

and as of July 2024, an additional score based on pre-transplant mortality rates among

waitlisted candidates. These changes aim to reduce waste and incentivize broader access

to transplantation, especially for sicker patients.40

If transplant centers are the principal agents behind the observed selection patterns,

these policy changes may have unintended consequences. In particular, shifting eval-

uation criteria toward offer acceptance and waitlist mortality could induce centers to

modify their selection at the point of waitlist entry – screening out higher-risk patients

to maintain favorable metrics. The extent of such strategic behavior will depend on the

balance of financial incentives tied to waitlist management, transplantation activity, and

reputational performance. As such, future research and policy oversight should account

for how performance metrics interact with institutional selection dynamics in multi-agent

environments like transplantation.

40See discussion by the Membership and Professional Standards Committee here and formal informa-
tion here.
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APPENDIX

A Data selection and description

Main analysis data selection:

The initial data contains 1,010,051 observations. I remove candidates with no activa-

tion date (954,406), and select only people set to receive a kidney transplant (894,372)

removing people who are not receiving their first kidney transplant (663,826). I then

select for the initial analysis only candidates entering the waitlist between June 1st 2002

and December 1st 2014 (462,107). Among these, I only keep candidates who are over

18 (447,783). I further remove candidates with unusual A1, A2, A1B, A2B blood types

(443,047). In the AB vs. O blood types analysis, I also remove the A and B blood types

(162,500). I drop candidates with a positive cPRA (153,290) and drop candidates who

received a transplant from a living donor (129,722).

Variable definition in descriptive statistics Table A1:

All candidate characteristics White: Race-White, Asian: Race-Asian, Black: Race-

Black, Other: Race-Other Non-White, Age: Candidate age at listing, Prevtrans: Received

previous transplant (other than kidney transplant), Diabetes: Had Diabetes upon enter-

ing the waitlist, Dialysis: On Dialysis upon entering the waitlist, Dialysistime: Time on

Dialysis upon entering the waitlist, Diagpoly: primary diagnoses: polycystic, Diaghype:

primary diagnoses: hypertension, Diagglom: primary diagnoses: glomerular, Diagother:

primary diagnoses: other Female: Female, BMI: BMI, , Prevmalig: Any previous Malig-

nancy, AcptHepB: Will accept an Hepatitis B Core Antibody Positive Donor?, AcptHCV+:

Will accept an HCV Positive donor?, Functional: three point constructed functional

ability scale with 1 lowest and three highest, EducHSless: Attained high school or less,

EducCOLsome: obtained some college education, EducCOLdeg: obtained a college degree.

Donor and match characteristics: MismatchA: HLA-A mismatches, MismatchB: HLA-

B mismatches, MismatchDR: HLA-DR mismatches, donorshare: donor part of shared

organ scheme, donorage: donor age, donorweight: donor weight, donoranox: cause of death:

anoxia, donorcere: cause of death: cerebrovascular accident, donorhead: cause of death:

head trauma, donortumo: cause of death: central nervous system tumor, donorother: cause

of death: other/unknown.

B Descriptive Statistics
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Table A1: Descriptive Statistics

Pre-reform Post-reform White cand. Wh. tr. mths 1-3

O AB B A O AB O AB O AB

White 0.62 0.54 0.44 0.7 0.66 0.58
(0.49) (0.5) (0.5) (0.46) (0.47) (0.49)

Asian 0.05 0.12 0.13 0.05 0.07 0.14
(0.22) (0.32) (0.33) (0.22) (0.25) (0.35)

Black 0.3 0.33 0.41 0.23 0.25 0.26
(0.46) (0.47) (0.49) (0.42) (0.43) (0.44)

Other 0.02 0.01 0.02 0.02 0.02 0.02
(0.15) (0.12) (0.12) (0.14) (0.16) (0.15)

Age 51.93 52.49 52.09 52.58 53.08 53.9 52.62 53.48 49.77 51.96
(12.99) (12.97) (12.77) (12.96) (13.28 ) (12.91 ) (13.18) (13.11) (14.2) (13.85)

Prevtrans 0.02 0.02 0.02 0.02 0.02 0.03 0.02 0.03 0.03 0.04
(0.13) (0.14) (0.12) (0.15) (0.15) (0.18) (0.15) (0.17) (0.18) (0.19)

Diabetes 0.37 0.39 0.38 0.37 0.41 0.42 0.37 0.36 0.25 0.31
(0.48) (0.49) (0.49) (0.48) (0.49) (0.49) (0.48) (0.48) (0.43) (0.46)

Dialysis 0.75 0.72 0.76 0.72 0.57 0.54 0.71 0.65 0.62 0.63
(0.43) (0.45) (0.43) (0.45) (0.5) (0.5) (0.46) (0.48) (0.48) (0.48)

Dialysistime 290.42 317.55 295.97 285.49 0* 0* 250.09 254.53 286.5 311.03
(649.8) (608.62) (647.79) (610.38) (0) (0) (587.17) (493.71) (664.07) (549.49)

Diagpoly 0.07 0.07 0.06 0.08 0.08 0.08 0.09 0.1 0.09 0.11
(0.25) (0.26) (0.23) (0.27) (0.27) (0.26) (0.29) (0.31) (0.29) (0.31)

Diaghype 0.23 0.22 0.25 0.2 0.19 0.18 0.16 0.15 0.13 0.14
(0.42) (0.42) (0.43) (0.4) (0.39) (0.39) (0.37) (0.36) (0.33) (0.34)

Diagglom 0.1 0.1 0.1 0.1 0.11 0.13 0.1 0.1 0.15 0.13
(0.29) (0.3) (0.3) (0.3) (0.32) (0.33) (0.3) (0.31) (0.36) (0.34)

Diagother 0.61 0.61 0.6 0.62 0.62 0.62 0.64 0.64 0.63 0.62
(0.49) (0.49) (0.49) (0.49) (0.49) (0.49) (0.48) (0.48) (0.48) (0.48)

Female 0.38 0.37 0.38 0.37 0.36 0.35 0.36 0.35 0.37 0.35
(0.49) (0.48) (0.48) (0.48) (0.48) (0.48) (0.48) (0.48) (0.48) (0.48)

BMI 28.64 28.61 28.57 28.7 29.26 29.06 28.5 28.64 27.62 28.05
(5.71) (5.8) (5.78) (5.72) (5.55) (5.59) (5.56) (5.68) (5.43) (5.56)

Prevmalig 0.06 0.06 0.05 0.07 0.09 0.09 0.07 0.08 0.07 0.07
(0.23) (0.24) (0.22) (0.25) (0.28) (0.29) (0.25) (0.27) (0.25) (0.25)

AcptHepB 0.56 0.55 0.58 0.54 0.66 0.64 0.55 0.52 0.46 0.45
(0.5) (0.5) (0.49) (0.5) (0.47) (0.48) (0.5) (0.5) (0.5) (0.5)

AcptHCV + 0.06 0.05 0.06 0.05 0.29 0.25 0.05 0.04 0.07 0.05
(0.24) (0.21) (0.25) (0.22) (0.45) (0.43) (0.22) (0.19) (0.26) (0.22)

Functional 2.89 2.9 2.9 2.89 2.83 2.84 2.89 2.89 2.81 2.85
(0.33) (0.32) (0.32) (0.33) (0.41) (0.4) (0.34) (0.33) (0.51) (0.43)

EducHSless 0.55 0.49 0.51 0.52 0.44 0.39 0.56 0.49 0.47 0.47
(0.5) (0.5) (0.5) (0.5) (0.5) (0.49) (0.5) (0.5) (0.5) (0.5)

EducCOLsome 0.24 0.26 0.25 0.25 0.26 0.26 0.22 0.24 0.25 0.24
(0.43) (0.44) (0.44) (0.43) (0.44) (0.44) (0.42) (0.43) (0.43) (0.43)

EducCOLdeg 0.21 0.25 0.23 0.23 0.3 0.35 0.22 0.27 0.28 0.29
(0.41) (0.43) (0.42) (0.42) (0.46) (0.48) (0.41) (0.44) (0.45) (0.46)

if ever treated

MismatchA 1.18 1.24 0.99 1.14
(0.73) (0.71) (0.73) (0.72)

MismatchB 1.38 1.47 1.17 1.34
(0.72) (0.68) (0.74) (0.71)

MismatchDR 1.08 1.18 1 1.11
(0.72) (0.7) (0.73) (0.73)

donorshare 0.54 0.5 0.77 0.6
(0.5) (0.5) (0.42) (0.49)

donorage 40.39 39.12 39.61 39.21
(14.95) (14.98) (13.53) (14.31)

donorweight 78.75 78.49 77.45 78.27
(21.64) (21.87) (18.05) (20.63)

donoranox 0.29 0.27 0.19 0.21
(0.45) (0.44) (0.39) (0.41)

donorcere 0.33 0.31 0.34 0.33
(0.47) (0.46) (0.47) (0.47)

donorhead 0.34 0.39 0.44 0.42
(0.48) (0.49) (0.5) (0.49)

donortumo 0 0 0.01 0.01
(0.07) (0.06) (0.07) (0.07)

donorother 0.03 0.03 0.02 0.03
(0.16) (0.16) (0.14) (0.17)

N 142026 11264 42672 93347 58500 4750 88220 6099 6193 937

Final two columns are White candidates and White candidates transplanted in first three months on the waitlist. Means for

each group presented with standard deviations in parenthesis. Normalized differences relative to the O blood-type group

greater or equal to 0.1 are marked in bold. Variable abbreviations described in Appendix section A. *Post-reform data on

Dialysistime only lists the calendar time a person went on dialysis after entering the waitlist.
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C Additional results: dynamic treatment effect anal-

yses

(a) Pre-2015 Transplant Hazard (b) Pre-2015 Pre-Transplant Survival

(c) Post-2015 Transplant Hazard (d) Post-2015 Pre-Transplant Survival

Figure A1: Survival of candidates on the kidney transplant waitlist
Includes candidates entering waitlist after 01 June 2002. Based on selected sample of Scientific Registry of Transplant
Recipients data described in Appendix A.
Observations in pre-reform sample (top frames): NO = 120, 302, NAB = 9420. Observations in post-reform sample (bottom
frames): NO = 50, 126, NAB = 3970.
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(a) Hazard rate for all blood types (b) Survival for all blood types

Figure A2: Hazard and overall survival for different blood types
Includes candidates entering waitlist after 01 June 2002, durations truncated at 01 December 2014. Based on selected sample
of Scientific Registry of Transplant Recipients data described in Appendix A. Observations: NO = 71, 075, NAB = 4764,
NB = 14, 887, NA = 50, 149.

(a) Survival for HS degree or less (b) Effects for HS degree or less

(c) Survival for at least some college (d) Effect for at least some college

Figure A3: Pre-transplant survival and effect βτ,z′,z,x for different subsamples. Includes
candidates entering waitlist after 01 June 2002, durations truncated at 01 December 2014. Based on selected sample of
Scientific Registry of Transplant Recipients data described in Appendix A.
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(a) Survival including living donors (b) Effects including living donors

(c) Survival for white people (d) Effects for white people

(e) Effects for non-white people (f) Survival for non-white people

(g) Survival for males (h) Effects for males

(i) Survival for females (j) Effects for females

Figure A4: Pre-transplant survival and effect βτ,z′,z,x for different subsamples. Includes
candidates entering waitlist after 01 June 2002, durations truncated at 01 December 2014. Based on selected sample of
Scientific Registry of Transplant Recipients data described in Appendix A.
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D Dynamic treatment effect non-parametric and ma-

chine learning robustness checks

(a) NN matching (b) OLS and DDML (c) Weighted DDML

Figure A5: NN matching and Double/debiased ML (without and with IPCW).
Includes candidates entering waitlist between 01 June 2002 and 01 December 2014. Based on selected sample of Scientific
Registry of Transplant Recipients data described in Appendix A. NN matching applies an exact match on race, sex,
diabetes at entry, and dialysis at entry. It then applies a propensity score match on all other candidate variables listed in
A1. OLS and Double/debiased ML estimators in middle figure are unweighted and censor all observations treated before
τ . Double/debiased ML estimators censor all observations treated before τ but are weighted by an inverse probability
of censoring weighting function generated by neural nets to account for the random right censoring of the outcome and
censored outcomes at the moment of transplant (competing risk censoring). Double/debiased ML estimates are sensitive
to the time intervals over which these weights are constructed – 3 month intervals produced erratic results. Standard errors
are not adjusted for the estimation of the weights.
Matching observations: NO: = 9420, NAB: = 9420; Double/debiased ML of survival on 1(blood = AB) depend on the
number of censored observations at the moment of transplant, observations: NO: < 120, 302, NAB: < 9420.

Table A2: Estimates by Specification

Time (mths) No Covariates Cox-Lasso Deep Survival Rdm. Forest Survival

12 -0.005 -0.854 -0.743 -46.096
(0.003) (3.248) (0.000) (0.007)

24 -0.035 -0.795 -0.734 -51.586
(0.005) (3.233) (0.001) (0.005)

36 -0.074 -0.744 -0.715 -56.599
(0.008) (3.203) (0.001) (0.004)

48 -0.101 -0.720 -0.684 -60.211
(0.010) (3.158) (0.001) (0.005)

60 -0.111 -0.726 -0.635 -61.798
(0.011) (3.100) (0.001) (0.007)

72 -0.104 -0.754 -0.580 -61.173
(0.011) (3.035) (0.001) (0.009)

84 -0.091 -0.760 -0.528 -58.865
(0.011) (2.975) (0.001) (0.010)

96 -0.069 -0.773 -0.559 -55.140
(0.010) (2.913) (0.001) (0.011)

108 -0.042 -0.800 -0.423 -50.807
(0.009) (2.853) (0.001) (0.010)

120 -0.021 -0.810 -0.382 -46.351
(0.007) (2.797) (0.002) (0.009)

Includes candidates entering waitlist between 01 June 2002 and 01 December 2014.
Estimations of survival on 1(blood = AB) after censoring survival at the moment of
transplant. All candidate health, demographic and location variables included for ML
estimators. Based on selected sample of Scientific Registry of Transplant Recipients
data described in Appendix A. ML of survival on 1(blood = AB) depend on the number
of censored observations at the moment of transplant observations: NO: < 120,302,
NAB: < 9420.
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E Additional Results: effects on transplanted and

overall

(a) Survival pre-reform for
transplanted in months 1

(b) Survival pre-reform for
transplanted in months 1-3,
high functional ability

(c) Survival post-reform for
transplanted in months 1-6

Figure A6: Difference in survival between AB and O blood types over time
Includes candidates entering waitlist after 01 June 2002, durations truncated at 01 December 2014. Based on selected sam-
ple of Scientific Registry of Transplant Recipients data described in Appendix A. Window of 6 months used in post-reform
analysis to increase sample size.
(without cov) includes no covariates, (with base cov) includes offer covariates: age bracket dummies, (double/debiased
ML cand) includes all candidate variables presented in Appendix Table A1, (double/debiased ML cand-don) includes
all candidate, donor, and candidate-donor match variables presented in Appendix Table A1. Observations (left):
NO:treated = 1402, NAB:treated = 289. Observations (middle): NO:treated = 1560, NAB:treated = 454. Observations
(right): NO:treated = 1283, NAB:treated = 236.
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(a) Mismatch HLA-A (b) Mismatch HLA-A missing

(c) Mismatch HLA-B (d) Mismatch HLA-B missing

(e) Mismatch HLA-DR (f) Mismatch HLA-DR missing

(g) Graft failure (h) Graft failure missing

(i) Candidate functional ability pre-
reform missing

(j) Candidate functional ability post
reform

Figure A7: Difference in observed characteristics of transplanted. Results from a linear
regression of characteristic on the blood the indicator, with the indicator equal to one for
AB blood types. 36



F Regime effects on the treatment timing: simple

example

Here we consider in a simple example how the patterns of Figure 1d can arise when the

regime affects the treatment timing in a one period model. For each blood type, there

are 5 high unobserved health (h) and 5 low unobserved health (l) candidates. In all

scenarios we assume survival is increasing in health by imposing that h-types who receive

a transplant always survive while l-types only survive if they receive a transplant. In the

upper panel, we consider the scenario in which the probability of accepting a kidney is

higher for h-types than for l-types by assuming h-types always accept an offered kidney

while l-types only accept an offered kidney with a 1/3 probability. Further assume that

6 kidneys are randomly offered in the AB-blood type regime but only 2 are offered in

the O-blood type regime. In this setting, for the AB-blood type regime there will be 2

h-types and, in expectation, 4 l-types who do not receive a transplant. Of these only the

h-types survive. As such, the pre-transplant survival rate will be 2/6 in the AB-blood

regime. A similar calculation shows that the pre-transplant survival rate in the O-blood

regime is 4/9. As such, the difference in pre-transplant survival βτ,z′,z,x = −1/9 is lower

in the AB-blood regime as in the empirical results.

A similar exercise is presented in the second panel in which we assume h-types and

l-types have the same 1/3 probability to accept an offered kidney. In this scenario, and

holding all other previous assumptions, the pre-transplant survival remains the same in

the O-type and AB-type regime. In the last panel we consider the case in which h-types

are assumed to have a lower probability of accepting an offered kidney than l-types. This

scenario results in higher pre-transplant survival in the AB-blood regime than in the O-

blood regime. We see that only the first case are compatible with the observed empirical

patterns in the kidney setting and the main results.

Table A3: Survival Dynamics in Different Acceptance/Offer Scenarios

cand. offered accepted pre-transpl. pre-transpl. βτ,z′,z,x
kidneys kidneys survival survival diff.

∂ Pr(accept kidney|U = u)/∂u > 0

AB
5h 3 3 2h/2h

2/6
-1/9

5l 3 1 0l/4l

O
5h 1 1 4h/4h

4/9
5l 1 0 0l/5l

∂ Pr(accept kidney|U = u)/∂u = 0

AB
5h 3 1 4h/4h

4/8
0

5l 3 1 0l/4l

O
5h 1 0 5h/5h

5/10
5l 1 0 0l/5l

∂ Pr(accept kidney|U = u)/∂u < 0

AB
5h 3 1 4h/4h

4/6
1/9

5l 3 3 0l/2l

O
5h 1 0 5h/5h

5/9
5l 1 1 0l/4l
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G Dynamic discrete choice model of candidate be-

havior

To relate the dynamic treatment effect model to the literature on dynamic discrete choice

models we consider in this appendix a standard job search model. The model is then

extended to include a treatment. I loosely adapt the discussion of the search model to this

paper’s kidney transplant application from the point of view of a candidate, although the

explanations can be slightly adapted to consider choices from the perspective of transplant

centers. For expositional purposes, the model is solved under simplistic assumptions. The

discussion then explains how the dynamic discrete choice model relates to the parameters

in the proportional hazard model in Section 3.3. Thereafter I describe the data generating

process and present simulation results for the estimator.

G.1 Standard dynamic discrete choice model

Consider an agent who enters an initial state at time t = 0 and assume that time is

discrete. In each subsequent period the agent faces the choice of staying within this

state or leaving. Whenever he is in the initial state, the agent derives utility w0. In the

application, t = 0 is the moment a candidate enters the kidney transplant waitlist and

each period the candidate, which we consider as a unit combined of psychological and

biological factors, puts in a certain amount of effort to remain alive. w0 represents the

combined psychological and biological utility of staying alive.

Next, with probability λ the agent receives an offer to leave the state. An offer can

be interpreted as a negative health shock on the body due to kidney failure. The agent

also faces a cost c corresponding to the necessary biological effort to prevent a health

shock, with lower costs corresponding to higher effort. Once the agent receives an offer,

he has to decide immediately whether or not to accept it. An offer is characterized by

its instantaneous utility w drawn from the distribution G(w). Upon accepting an offer,

the agent derives the same instantaneous utility w for each subsequent period. So once a

candidate’s biological constitution receives a health shock beyond what it can fight, they

die and receive the (perceived) utility of death thereafter.

We assume the agent optimization behavior follows a dynamic discrete choice model

which nests search models and optimal stopping models. The agent forms expectations

over future instantaneous utilities. Denoting by ρ the discount rate, the present dis-

counted combined psychological and biological value of remaining alive at the start of

period t, V0,t, can be described by the Bellman equation,

V0,t = w0 − c+ ρλE[max{V1(w), V0,t+1}] + ρ(1− λ)V0,t+1

V1(w) is the discounted value that the agent would acquire by failing to fight off a health

shock, dying as a consequence, and reaping instantaneous biological utility w. The agent
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follows a stationary reservation utility strategy where w∗ is the minimum offer of w re-

quired to induce the agent to exit in the following period. In terms of this study, w∗

represents the utility associated to the limit at which someone’s biological constitution

prefers to stop functioning, rather than exert the continued effort to keep a person alive,

despite the psychological desire to remain alive. For a healthy person with a well func-

tioning immune system, we would expect w∗ to be very high, since only an extreme

negative health shock (large w) would induce someone’s biological functions to give in.

A lower w∗ implies, all else equal, that a person’s health is worse, making lower utilities

from death w more appealing. Under a reservation utility strategy, we can reformulate

the Bellman equation as

V0,t = w0 − c+ ρλ

∫ ∞

w∗
(V1(w)− V0,t+1) dG(w) + ρV0,t+1

We can augment this model to include a treatment prescribed by a regime. Let us

assume that the agent knows that he has been assigned to a certain regime z which allo-

cates future treatment. For simplicity we consider in this section a stochastic assignment

regime where the agent faces the same probability π to receive treatment at each period.

So each regime z is fully characterized by its value of π. This type of randomization can

correspond as in the empirical setting to a randomization set by nature but may also

be a rule imposed by a policymaker. In the empirical setting, it can best be interpreted

as a situation in which agents receive different signals of how likely they are to receive

treatment, and interpret this signal as a constant hazard π to treatment each period.

In principle, we could model π from an additional search process by specifying a search

model of offered kidneys for the accepted kidney. I do not add this layer of complexity

in this model.

In the application, candidates on the waitlist were randomized at birth to have an AB

blood type or a B/O blood type. This blood type, while inconsequential during most peo-

ples’ lives, is an important determinant to the time a candidate must wait until receiving

a kidney transplant, which is the treatment in this setting. From the point of view of

a candidate, their blood type may be the most salient feature determining the duration

until they receive a transplant, but is not the only factor influencing the timing of a kid-

ney transplant. Given the many factors determining the waiting time until a match, the

blood type randomization can be seen as a stochastic treatment assignment mechanism

since it influences the chances of finding a kidney match but does not determine the exact

date a candidate will receive the transplant. Receiving a kidney transplant would likely

reduce the arrival of health shocks (λ), change the effort a candidate needs to put into

their general health upkeep (search costs c), or change the distribution of the (perceived)

utility from death (G(w)).

To simplify the exposition, assume treatment only affects the distribution of the (per-

ceived) utility from death by prescribing a higher mean to Gtr(w) relative to G(w) for an
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agent upon receiving the treatment. Allowing agents to form expectations over treatment

outcomes, the alive value functions before receiving a kidney transplant, V0,t, and after

receiving a kidney transplant, V tr
0,t, are given by,

V0,t = w0 − c+ ρλE[max{V1(w), (1− π)V0,t+1 + πV tr
0,t+1}] + ρ(1− λ)[(1− π)V0,t+1 + πV tr

0,t+1]

V tr
0,t = w0 − c+ ρλE[max{V tr

1 (w), V tr
0,t+1}+ ρ(1− λ)V tr

0,t+1

We can solve this model for the reservation utilities after and before treatment,41

w∗(π) =
(1− ρ)(1− π)

1− ρ+ ρπ
(w0 − c) +

ρλ(1− π)

(1− ρ)(1− ρ+ ρπ)

∫ ∞

w∗
(1−G(w)) dw +

π

1− ρ+ ρπ
wtr∗

wtr∗ = w0 − c+
ρλ

1− ρ

∫ +∞

wtr∗

(
1−Gtr(w)

)
dw

Under the assumption that V tr
0,t > V0,t one can demonstrate that the pre-treatment reser-

vation utility w∗(π) is increasing in π. This means that if agents foresee positive effects of

receiving treatment on the w offer distribution, and are in a regime with higher chances

to receive treatment, then they will remain for longer in the initial state if they are not

yet treated. In terms of the empirical application, this implies that if candidates on the

waitlist foresee a kidney transplant to improve their biological utility of life, and they

have a high probability of rapidly receiving a kidney transplant (AB blood type), then

they will exert more effort each period to stay alive before receiving the transplant. The

empirical findings are not consistent with this prediction. They show that candidates

with a higher probability of receiving a kidney transplant display a higher pre-transplant

mortality. One way to consolidate the empirical results with the biological predictions

of the model is to allow a candidate’s behavior to asymmetrically influence their bio-

logical functions in response to their probability of receiving a future kidney transplant.

In particular, we must assume candidates with a high probability of treatment pay less

attention to their general health, leading to lower survival.

It is worth considering the interpretation of parameters in the model of subsection

3.3 under different treatment assignment mechanisms prescribed by the regime. If the

regime enforces a constant treatment hazard each period and there is full compliance,

then θSt (z) = πS(z). If in addition agents know the regime, do not vary their search

strategy over time, and the expected value of future variables over intermediate shocks

is constant over time, then λT
t (z) will be constant. This constant is then interpreted as

the effect on the exit hazard of a constant treatment hazard regime. This is the setting

considered in the dynamic discrete choice search model above.

41Full derivation of solutions are presented in subsection G.4
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G.2 Data Generating Process

The data generating process for the simulation data follows the dynamic discrete choice

model presented in the above section with the following specifications,

Uno−exit
it = w0it − cit

U exit
it = wit

cit = βc
a · ai + βc

e · ei
wit = βw

a · ai + βw
s · I(s < t) + ξit ξit ∼ N (0, σ2

ξ )

w0it = 0.75 · βw
a · ai

where Uno−exit
it and U exit

it are the instantaneous utilities when the agent chooses to remain

in the initial state or exit. λit follows a Poisson distribution with mean βλ
a · ai + βλ

e · ei.
The treatment outcome for the group under regime Z = 1 is drawn each period from a

binary distribution with probability πZ=1 = Pr(S = s|S ≥ s, Z = 1) = 0.03. The regime

assignment for the Z = 0 group is πZ=0 = Pr(S = s|S ≥ s, Z = 0) = 0.01. I impose that

the treatment takes place before the exit decision in period t.

Using this model I generate the treatment durations, exit durations, and accepted

offers for a population of 5000 agents over 5000 periods. Within this population, ai

and ei assume discrete values in the intervals [1, 6] and [1, 3] respectively. The initial

randomization assigns half of the population to each regime Z = 0 or Z = 1. As in the

discussion above, I choose to focus on a situation where the treatment affects only the

offer distribution G(w; a). The treatment effect is negative and is calibrated to equal

one standard deviation of the offer distribution, σw, with βw
s = 0. The full choice of

parameters for each policy setting is presented below. To estimate the stationary solution

for the accepted offer I simulate expectations of wit over 1000 draws and iterate over the

value function until convergence.

Table A4: Parameter choices in simulations

µw 13.762, µc 0.893, µλ 0.092, ρ 0.995
σw 5.497, σc 0.257, σλ 0.031, σξ 3
βw
a 4, βc

a 0.2, βλ
a 0.5/21, πZ=0 0.01

βw
s 5.497, βc

e 0.1, βλ
e 0.1/21, πZ=1 0.03

G.3 Simulation Results and Discussion

To apply the continuous time methods under study in this paper, it is preferable to have

a large dataset where the unit of time represents a relatively short period. In practice, if

the unit of time is too large it may be challenging to account for dynamic selection and
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for the simultaneity of treatment and exit outcomes within a period. In the estimation,

I treat effort ei as an unobserved characteristic for the researcher, and fully stratify ai.

The researcher observes individual treatment and exit duration outcomes, ability, w0it,

an indicator Z for the regime assignment, and an indicator if the observation is right

censored. After generating the dynamic discrete choice data I censor all observations

greater than t = 60 (∼ 43.7%) and apply random right censoring to ∼ 6.3% of the

remaining observations. Descriptive survival curves and hazards are presented in Figure

A8 in the case of a positive treatment effect and in Figure A9 in the case of a negative

treatment effect.

(a) Transplant Probability (b) Transplant Hazard

(c) Pre-Transplant Survival (d) Survival

Figure A8: Results from simulation with positive treatment effects
Based on selected sample of Scientific Registry of Transplant Recipients data. Selected sample is described in section 4.
NZ=0:no−Tr = 1013, NZ=0:Tr = 453, NZ=1:no−Tr = 441, NZ=1:Tr = 1093.
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(a) Transplant Probability (b) Transplant Hazard

(c) Pre-Transplant Survival (d) Survival

Figure A9: Results from simulation with negative treatment effects
Based on selected sample of Scientific Registry of Transplant Recipients data. Selected sample is described in section 4.
NZ=0:no−Tr = 1013, NZ=0:Tr = 453, NZ=1:no−Tr = 441, NZ=1:Tr = 1093.

G.4 Reservation utilities in dynamic discrete choice model

Consider the post-treatment Bellman equations from the setting described in section G.

V0,t = w0 − c+ ρλEw[max{V1(w), (1− π)V0,t+1 + πV tr
0,t+1}] + ρ(1− λ)[(1− π)V0,t+1 + πV tr

0,t+1]

V tr
0,t = w0 − c+ ρλEwtr [max{V tr

1 (w), V tr
0,t+1}+ ρ(1− λ)V tr

0,t+1

This second equation can be written as,

V tr
0,t = w0 − c+ ρλ

∫ ∞

wtr∗

(
V1(w

tr)− V tr
0,t+1

)
dGtr(w) + ρV tr

0,t+1

Since all parameters and distributions in the model are time independent, we have a

stationary reservation utility strategy. In a stationary strategy V tr
0,t = V tr

0,t+1 = V tr
0 for all

t > 0 Furthermore, the reservation utility wtr∗ is such that the agent would refuse any

offer below it and accept any offer above it so V1(w) =
w

1−ρ
if w ≥ wtr∗, V tr

0 if wtr < wtr∗,

and V1(w
tr∗) = wtr∗

1−ρ
= V tr

0 if w = wtr∗. It follows that,

V tr
0 = w0 − c+ ρλ

∫ ∞

wtr∗

(
V1(w

tr)− V tr
0

)
dGtr(w) + ρV tr

0

= w0 − c+
ρλ

1− ρ

∫ ∞

wtr∗

(
w − wtr∗) dGtr(w) +

ρwtr∗

1− ρ
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Replacing again V tr
0 = wtr∗

1−ρ
, rearranging this equation and using integration by parts we

obtain the post-treatment reservation utility,

wtr∗ = w0 − c+
ρλ

1− ρ

∫ ∞

wtr∗

(
1−Gtr(w)

)
dw

Note that this reservation utility does not depend on the regime π.

Now consider the reservation utility before treatment with a treatment assignment

policy π. Since the problem is still stationary, the agent will again accept any value of w

higher than his reservation w∗. We can therefore rewrite

Ew[max{V1(w)− (1− π)V0,t+1 − πV tr
0,t+1, 0}] =

∫∞
w∗ w−w∗dG(w) + (1− π)V0,t+1 − πV tr

0,t+1

which results in the same V0 value function,

V0 = w0 − c+
ρλ

1− ρ

∫ ∞

w∗
w − w∗dG(w) + ρ[(1− π)V0 + πV tr

0 ]

Since the agent will accept any value of w higher than his reservation w∗ we know that

V1(w
∗) = V0 =

w∗

1−ρ
which we replace in the above equation and rearrange to get,

w∗ =
1− ρ

1− ρ+ ρπ
(w0 − c) +

ρλ

1− ρ+ ρπ
(

∫ +∞

w∗(π)

w − w∗dG(w)) +
ρπ

1− ρ+ ρπ
wtr∗

We can further show prove that w∗ is increasing in π if V tr
0 > V0:

First we rewrite the previous equation to isolate
∫ +∞
w∗ w − w∗dG(w),∫ +∞

w∗
w − w∗dG(w) =

1− ρ

ρλ
[c− w0 +

1− ρ(1− π)

1− ρ
w∗ − ρλπ + ρ(1− λ)π

1− ρ
wtr∗]

Let us hold w∗ constant in the previous equation. wtr∗ is also constant because it does

not depend on π. If we increase π, the derivative of the right-hand side with respect to

π is
1− ρ

ρλ
[

ρ

1− ρ
w∗ − ρ

1− ρ
wtr∗] ↔ 1− ρ

λ
[(V0 − V tr

0 )]

The last equation is negative when V0−V tr
0 < 0, so when the value of treatment is higher

than that of no-treatment. Therefore,
∫ +∞
w∗ w−w∗dG(w) is decreasing in π. Furthermore,

written as a function of π,with w∗ = w∗(π), it is also decreasing in w∗ which implies that

w∗ increases in π. The agent is more willing to wait for treatment.
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H Accepted kidney quality is increasing with non-

sequential kidney offers

The goal is to prove that the expected accepted kidney quality will be increasing in the

number of kidneys simultaneously offered to candidates (in consultation with clinicians).

We can translate this problem into the following. Say we have an urn with balls labelled

i ∈ 1, ..., 100. There are an infinite amount of balls for each label i. We want to prove that

the expected value of the maximum labelled ball is increasing in the number of draws.

Let Xn be a random variable representing the maximum labelled ball after n draws.

We can express Pr(Xn ≤ k) as the product of the probabilities of each individual draw

being less than or equal to k:

Pr(Xn ≤ k) =
n∏

i=1

Pr(Drawi ≤ k)

Since there are an infinite number of balls for each label, the probability of drawing

a ball with label i or less is i/100 for each individual draw so Pr(Drawi ≤ k) = k
100

.

Substituting this into the expression for Pr(Xn ≤ k), we get

Pr(Xn ≤ k) =

(
k

100

)n

It follows that we can express the probability mass function of Xn as:

Pr(Xn = k) = Pr(Xn ≤ k)− Pr(Xn ≤ k − 1) =

(
k

100

)n

−
(
k − 1

100

)n

The expected value of Xn is then given by:

E[Xn] =
100∑
k=1

k · P (Xn = k) = E[Xn] =
100∑
k=1

k

[(
k

100

)n

−
(
k − 1

100

)n]
From which it follows straightforwardly that E[Xn] is increasing in n since the nth power

terms for larger k dominate those for smaller k. As a result, the expected value of the

maximum labelled ball is increasing in the number of draws. The result can even more

simply be shown in the non-infinite case.
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I SRTR risk adjusted score model

The SRTR risk adjustment models are based on Bayesian methods (Bayesian Methods

for Assessing Transplant Program Performance). In the case of the 1-year post-transplant

survival, the model produces survival predictions using the previous 2.5 years of data and

adjusting for a set of donor and candidate characteristics, as well as their interactions

(Developing Statistical Models to Assess Transplant Outcomes Using National Registries:

The Process in the United States). Given the amount of included variables and the

amount of missing variables, some adjustments are necessary. First, some lower threshold

of national events are imposed (over 25 events), then a chained equation mean matching

algorithm is used to impute values when missing, and last LASSO is used for variable

selection. For the offer-acceptance risk adjustment score, any kidney which was never

accepted does not enter the calculation.

Some questions have been posed concerning these predictive scores. As remarked in

the following official Q&A:How can my program have 0 graft failures, but still be ranked

as a tier 4 program?, some transplant centers with 0 graft failures receive scores of 4

out of 5 in their performance evaluation. SRTR’s explanation for this seeming anomaly

is that it results from transplant centers offering very healthy kidneys to very healthy

candidates. Since the expected graft failure is very low for this combination, transplant

centers receive reduced scores. While the final outcome may be desirable, the fact that

the predictive statistical model itself, which is purely a function of candidate and donor

characteristics, down-ranks transplant centers with perfect 1-year graft records is strange.

J Can candidate selection on kidney quality explain

observed empirical patterns?

In this section we build on the incentive-based explanation set out in G. We consider again

a forward looking agent model as described in the previous section, but assume reservation

survival thresholds are invariant to differences in the kidney offer rate. Instead, the setup

assumes only that candidates’ kidney quality acceptance thresholds change, and allow

this change to be heterogeneous depending on underlying unobserved health. Because

there is uncertainty around what size a health shock a candidate will receive each period,

agents’ (candidate and/or transplant centers) decisions must balance a trade-off. At time

t, a candidate would like to select the kidney at time t or later which ensures the longest

post-transplant longevity while acknowledging that their probability of succumbing to

a negative health shock increases the longer they remain on the waitlist. This optimal

stopping problem is the object of study in Agarwal et al. (2021).

In general, facing a higher kidney offer rate, rational candidates will become more

selective about the quality of the kidney they are willing to accept. This change can be

modelled as a rise in the kidney quality threshold in response to an increase in the kidney
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offer rate. It will also lead to an average decrease in the acceptance to offer ratio. A

priori, however, it is unclear whether the acceptance to offer ratio will decrease more for

higher or lower health candidates. Facing a higher offer rate, higher health candidates

can reliably wait longer for a high quality kidney than lower health candidates. However,

if the marginal returns to a higher quality kidney are larger for lower health candidates,

meaning they will in expectation benefit more from an equal time wait than higher health

candidates, then lower health candidates may have a larger decrease in their acceptance

to offer ratio.

For the empirical patterns in Figure 1 of the introduction to arise in the forward

looking agent model described in this section, the second stated dynamic must be more

prevalent. Facing a higher offer rate, lower health candidates become relatively more

selective about which kidneys to accept compared to higher health candidates.

At first glance, the results in Figure 4a appear to corroborate with the kidney quality

selection hypothesis. More specifically, if the relative acceptance to offer ratio is lower

for poor health candidates in the AB blood group than in the O blood group, then the

distribution of health among candidates accepting a transplant in the first months on

the waitlist should be more skewed towards healthier candidates in the AB-blood type

group. Relatively more healthy candidates receiving a transplant in the AB-blood regime

should in turn lead to higher survival among those transplanted early in the AB-blood

type regime.
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