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Abstract

We study how voluntary participation and treatment protocols affect the interpre-
tation of randomized controlled trials (RCTs) comparing existing medical treatments.
When patients can obtain their preferred treatment outside the trial, those closer to
indifference between treatment strategies are more likely to participate. When treat-
ment is dynamic, protocols governing when patients may switch from their initially
assigned treatment affect both enrollment and potential outcomes. We develop and
estimate a dynamic model of trial participation and treatment choices using aggregate
data on volunteers and eligible non-volunteers from a prostate cancer study. Selection
operates primarily through patients’ preferences over treatment side effects rather than
differences in treatment effectiveness. Under the observed protocol, estimated volun-
teer and population treatment effects are similar for 10-year prostate cancer mortality
but differ for metastasis and 15-year mortality. Alternative switching protocols change
both participation and treatment effects.
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1 Introduction

Randomized controlled trials (RCTs) are traditionally viewed as the gold standard for treat-

ment evaluation. By randomly assigning interventions, RCTs provide strong internal valid-

ity, allowing researchers to estimate treatment effects without confounding from unobserved

characteristics of enrolled participants. In healthcare, RCTs underlie the evidence-based

approach to medicine, in which treatment effects estimated from trial participants are used

to inform clinical practice. However, recent research has questioned whether RCT results

can be generalized to broader populations when treatment effects are heterogeneous and trial

participants are not representative of the patients who may receive the treatment (Heckman,

1992; Basu et al., 2007; Malani, 2008).

We develop a framework that combines patient behavior and outcomes from RCT partic-

ipants and non-participants to recover average treatment effects for the full eligible patient

population. Our starting point is that participation in RCTs is voluntary due to human

subjects concerns, creating the possibility that patients who accept randomization differ

systematically from those who decline. Consequently, an RCT identifies what we term the

volunteer average treatment effect (VATE), which may differ from the average treatment ef-

fect (ATE) in the eligible population when treatment effects are heterogeneous. We address

this selection problem by modeling patients’ decisions to participate in the RCT and their

treatment choices outside the trial.

We apply our framework to comparative-effectiveness RCTs, which evaluate treatments

that are already available to patients outside the trial.1 This setting generates a distinctive

form of selection into randomization. In trials of novel treatments, patients may volunteer

1Examples of well known comparative effectiveness RCTs test local vs. general anaesthesia for lower-
extremity surgery (Johnson et al., 2016), different doses of existing drugs (e.g., statins for primary prevention
(Yebyo et al., 2019)), investigate off-label use of approved drugs (e.g., antipsychotics for dementia (Yunusa
et al., 2019) or schizophrenia (Huhn et al., 2019), drugs for prevention of migraine headaches (Jackson et
al., 2015)), or compare behavioral interventions (e.g., meditation for diet and weight loss (Katterman et al.,
2014), non-pharmacological treatment of depression (Farah et al., 2016), Alcoholics Anonymous for alcohol
use disorder (Kelly et al., 2020), Weight Watchers for weight loss (Thomas et al., 2017)).
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to gain access to a treatment that would otherwise be unavailable, creating selection on

potential gains from participation.2 In comparative-effectiveness trials, by contrast, patients

can obtain their preferred treatment outside the RCT. Patients with strong preferences for

one treatment therefore have relatively little incentive to accept randomization, while those

who are closer to indifferent between treatments are more willing to participate. Indeed, the

protocol for the trial we study explicitly states: “Men should not undergo randomisation

unless they are able to view all treatments as reasonably equivalent” (Hamdy et al., 2016).3

The resulting selection on indifference can make RCT volunteers systematically different

from the patients whose treatment decisions the trial is intended to inform.

Previous research has recognized the potential for voluntary participation and hetero-

geneous treatment effects to limit the external validity of RCTs (Heckman (1992); Basu et

al. (2007); Malani (2008); Sianesi (2017)). Proposed solutions include using instrumental

variables to recover marginal treatment effects and other population parameters (Heckman

and Vytlacil (2001),Heckman and Vytlacil (2005); Basu et al. (2007)), combining experi-

mental and observational data (Athey et al. (2020)), and using variation in experimental

participation incentives or other design features (List (2026). Our approach builds on this

literature by jointly modeling selection into the RCT, treatment choices outside the RCT,

and subsequent treatment decisions when treatments are dynamic. This approach is par-

ticularly useful when the treatment strategies available within the RCT differ from those

pursued outside it, making it necessary to account for both endogenous participation and

differences in the treatment choices permitted under alternative experimental protocols.

Our framework allows patients to differ in their health characteristics, preferences over

treatment side effects, and match with available treatments. Patients decide whether to

accept randomization into an RCT or remain outside the trial, where they can select their

2The second major class of RCT investigates the effectiveness of a new treatment (e.g., a COVID-19
vaccine). In these RCTs, the treatment in at least one arm of the trial is only available to trial participants.
Participants may volunteer in the hope of receiving the experimental drug, implying a preference for the
experimental arm of the RCT rather than indifference.

3We assume that 1) patients and their doctors have a good understanding of the health/medical pro-
cesses that patients experience under each arm of the RCT and that 2) patients and doctors have rational
expectations about sources of uncertainty in treatment. Together, these features of comparative effectiveness
RCTs imply that volunteers for these RCTs must be (close to) indifferent between the trial’s treatment arms,
otherwise they would take their preferred treatment outside of the RCT.
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preferred treatment strategy. When treatment choices are dynamic, patients also consider

the option of switching treatments in response to disease progression.4 Within an RCT, a

protocol may restrict when these switches are permitted. The participation decision therefore

depends on both the prospect of random assignment to an initially less desirable treatment

and the restrictions that trial protocols place on subsequent choices. Moreover, the switching

protocol can affect potential treatment outcomes, so that the average treatment effect de-

pends on the protocol as well as the population being evaluated. Our framework distinguishes

the treatment effect among RCT volunteers under the trial protocol from the corresponding

effect in the full eligible population and from effects under alternative protocols, including

unrestricted switching. By modeling these decisions jointly, we can use data on RCT vol-

unteers and non-volunteers to evaluate treatment effects for populations and protocols not

directly observed in the trial.

In the context of our empirical application to prostate cancer treatment, patients choose

between an aggressive treatment strategy (e.g., surgery or radiation) and a minimally ag-

gressive surveillance strategy with the option to switch to more aggressive treatment in the

future. Patients who enroll in an RCT are randomly assigned an initial treatment strategy.

Under surveillance, patients weigh the benefits of switching to an aggressive treatment that

is more likely to cure the disease but also more likely to generate negative side effects. This

choice depends on how patients weigh the trade-off between curative effectiveness and side

effects, which can vary with unobserved characteristics (preferences and patient match to

treatment) as well as observable characteristics such as age and indicators of disease sever-

ity. The patient’s willingness to switch ultimately affects the risks of metastasis and cancer

mortality. To capture these choices, we specify a dynamic model of patient behavior. Pa-

tients outside the RCT choose freely between treatment strategies and, if they begin with

surveillance, choose when and whether to switch to aggressive treatment. Patients com-

pare the value of these unconstrained choices with participation in the RCT, which includes

randomization and a protocol that may restrict when patients can switch treatments.

4Chan and Hamilton (2006) also develop a dynamic model of patient decisions within an RCT, empha-
sizing learning about treatment effectiveness and privately observed side effects as determinants of experi-
mental attrition. Unlike their analysis, our framework focuses on selection into the RCT and the effects of
treatment-switching protocols on participation and outcomes.
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The empirical model links observed RCT participation, initial treatment choices, and

the timing of treatment switching to patients’ mortality and metastasis outcomes. These

moments, together with calibrated inputs on the utility effects of treatment side effects,

inform the model’s parameters describing disease progression, treatment effectiveness, and

the distributions of patients’ preferences and treatment-match values. With the estimated

parameters, we can simulate treatment choices and potential outcomes for volunteers and

non-volunteers under the same treatment protocol, as well as evaluate outcomes under al-

ternative protocols.

We apply our method to published RCT and observational data on prostate cancer

treatment. Our main data source is the Prostate Testing for Cancer and Treatment (ProtecT)

study, which followed about 2,600 newly diagnosed UK prostate cancer patients eligible for

the study. The centerpiece of ProtecT is an RCT that randomized about 1,600 men across

surveillance and active treatment arms (Hamdy et al., 2016). In the RCT, some patients

assigned to surveillance subsequently receive active treatment as their disease progresses.

The key outcomes are mortality and metastasis related to the patient’s prostate cancer. In

addition to the men randomized across treatments in the RCT, approximately 1,000 eligible

men declined randomization and instead selected their own treatment strategies. These

men comprise the ProtecT Choice sample, our main source of observational data. Because

Choice participants faced the same enrollment decision as RCT volunteers, their treatment

choices and outcomes provide particularly useful information about selection into the trial

and differences between patients who accept and decline randomization.

We estimate the empirical model by matching observed moments on RCT participation,

treatment choices, and health outcomes to simulated patient histories. The estimated model

closely matches the share of eligible patients who participate in the RCT (62.0% in the data

and 62.3% in the model), as well as important patterns in cancer mortality and metastasis.

The model captures treatment switching relatively well, especially in the early years following

diagnosis. Our estimates reveal substantial selection on patients’ aversion to treatment side

effects. Patients who decline randomization and choose immediate treatment tend to have

relatively low aversion to side effects, while those who decline and choose surveillance tend

to have high aversion. By contrast, selection on patients’ match with treatment is relatively
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limited, and volunteers and non-volunteers have similar observed characteristics such as age

and initial disease severity. Thus, the model identifies unobserved preferences over treatment

side effects as the key source of selection into the RCT.

Using the estimated model, we compare the volunteer average treatment effect (VATE)

to the corresponding average treatment effect (ATE) for the eligible patient population

under the same RCT protocol. We focus on the effects of surveillance relative to immediate

treatment on prostate-cancer mortality and metastasis. Under the ProtecT protocol, the

estimated VATE and ATE for 10-year prostate-cancer mortality are approximately equal.

There are differences, however, across other outcomes and time horizons. At 15 years, the

estimated mortality effect for the full eligible population exceeds the effect among RCT

volunteers. Similarly, the VATE understates the population effect on metastasis at both 10

and 15 years. These results are driven by the strong distaste for treatment side effects by

many individuals who opt-out of treatment, generating greater rates of disease progression

and illness than among RCT volunteers, who are more likely to switch to active treatment

when permitted by the experimental protocol.

We also use the estimated model to evaluate counterfactual RCT designs that vary the

severity threshold at which patients initially assigned to surveillance may switch to active

treatment. These changes affect both the treatment outcomes that would be observed in

the RCT and the composition of patients willing to participate. Patients with relatively low

aversion to treatment side effects become more willing to enroll when the protocol permits

earlier switches to active treatment. In contrast, patients with high aversion to side effects

remain relatively unlikely to volunteer, even under less restrictive protocols, because they

do not value the option to switch earlier and still prefer to avoid potential randomization to

immediate active treatment. Thus, relaxing switching restrictions can increase participation

among some patient types without eliminating selection into the RCT. The counterfactual

results also show that differences between the ATE and VATE depend on the protocol,

with particularly notable differences for longer-term cancer mortality and metastasis. These

findings highlight the importance of considering how RCT design affects both the potential

outcomes under the treatments being compared and the composition of the experimental

sample.
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2 From VATE to ATE

2.1 Setting

Consider a population of individuals who have just been diagnosed with a disease. The

framework is general and can apply to either lethal or non-lethal diseases, mild or serious.

Diagnosis occurs between ages a and ā; we use a0 to denote a patient’s age at diagnosis.

Time is discrete. After diagnosis, the patient makes choices about its treatment. There are

two treatment options available: advanced treatment (A), which involves relatively invasive

medical intervention, and basic treatment (B), which is less invasive and, in some cases,

may be limited to monitoring. Let Yi denote a health outcome of interest, for example 10-

year survival. We define Yi,A and Yi,B as the corresponding potential outcomes associated

with, respectively, treatment choices A and B. Because individual treatment choices are

endogenous, observational analysis of treatment choices and outcomes is in general insuffi-

cient to identify treatment effects. Indeed, it is typically necessary to conduct an RCT to

convincingly estimate the effectiveness of A vs B in the diagnosed population.

In a comparative effectiveness trial, the estimand of interest is typically the Average

Treatment Effect of treatment B relative to treatment A, on outcome Y , for the full pop-

ulation of newly diagnosed patients: ATE = E[Yi,B − Yi,A]. That is the effect on outcome

Y of treating everyone with B instead of A. In general though, the RCT identifies only the

Volunteer Average Treatment Effect (VATE) = E[Yi,B−Yi,A|S = 1], where S is an indicator

for voluntary enrollment into the RCT that equals one for those who accept the invitation

to join the RCT and zero for those who decline it.

At diagnosis, patients are characterized by their age, a0; the severity of their disease, ωa0 ;

their preferences, α, over treatment side effects that they could experience under treatment

A and/or B; and their match value to treatments A and/or B, ϕ = (ϕA, ϕB). The α and

ϕ are the key sources of patient unobserved heterogeneity in the model. They are observed

by the patient and his doctor but are not necessarily available in the RCT or observational

data. Let f(a0, ωa0 , α, ϕ) represent the joint density of these characteristics in the population

of newly diagnosed patients.

In this paper, we focus on two aspects of treatment effects and experimental design.
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First, we study the estimation challenges that arise from the patients’ characteristics (α, ϕ),

which we treat as unobservable to the researcher. While the ATE provides the treatment

effect over the full population’s distribution of (α, ϕ), VATE only integrates it over the

conditional distribution of these unobservables among those who join the RCT. Differences

in patients’ observable characteristics, (a0, ωa0), which can also affect RCT participation,

are more straightforward to address through approaches such as reweighting volunteers’

characteristics to resemble the full population.

Second, we focus on treatments where A, B, or both are dynamic, in the sense that

duration in a treatment may matter for outcomes, and patients may have the opportunity

to switch between treatments after treatment begins. We return briefly to the case of static

treatments below. When at least one dynamic treatment is involved, RCTs typically will

establish a protocol ω that specifies if and when a patient is allowed to switch into another

treatment given the initial treatment assignment randomized in the RCT. We use the proto-

col notation ω to suggest a connection between disease progression and patient opportunities

to switch treatments, but other types of protocols are also possible, e.g. duration or a num-

ber of doses with the initial treatment assignment. If this protocol was not in place, the RCT

would be less informative as patients could immediately switch to their preferred treatment,

re-instating the endogeneity in treatment choices prevailing outside the RCT. Therefore,

when treatments are dynamic note that we must take into account the protocol ω.

In general then, potential outcomes under some or all of the treatments could be affected

by this protocol and we denote them (Yi,B(ω), Yi,A(ω)). Therefore, the estimands must be

indexed by the protocol as well. The RCT identifies a VATE under that specific protocol ω:

VATE(ω) = E[Yi,B(ω)− Yi,A(ω)|S = 1]. This could be different from VATEs under different

protocols ω′, or the VATE in the absence of a protocol, ω = 0. Similarly, one must then

consider ATE(ω) = E[Yi,B(ω)− Yi,A(ω)]. But the protocol ω implemented in the RCT may

or may not be the one of policy interest. Therefore, one must not only overcome the selected

population problem but also the fact that the potential outcomes are themselves affected by

an RCT switching protocol that might not be the same as envisioned in the target policy

environment. For example, researchers may want to set a relatively restrictive ω to achieve

some informational objectives in the RCT, while practitioners may consider less restrictive
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treatment strategies for patients with additional concerns (e.g., risk attitudes) beyond the

RCT’s scope.

ATE(ω) is a weighted average of the average treatment effect among volunteers VATE(ω)

and the one among non-volunteers, nVATE(ω), weighted by the share of volunteers in the

diagnosed population Pr(S = 1|ω):

ATE(ω) = Pr(S = 1|ω)VATE(ω) + (1− Pr(S = 1|ω))nVATE(ω)

While Pr(S = 1|ω) is easily identified by the patient population response to the RCT invi-

tation, and VATE(ω) is directly identified by the RCT, nVATE(ω) is not identified, absent

a model of selection into RCTs. This is the case even if one has access to data on treatment

choices and outcomes among non-volunteers who declined the invitation to join the RCT.

Again, there are typically two problems: first, the data from non-volunteers involves endoge-

nous treatment choices, as these were freely decided by patients, rather than randomized.

Second, regardless of whether the ultimate estimand of interest is ATE(0) or ATE(ω) for

ω > 0, the (endogenous) choices freely made outside an RCT are typically not restricted by

RCT-like protocols such as ω. Therefore, at best, they could only identify nVATE(0) rather

than the needed nVATE(ω).

Given these identification problems, a model of selection into RCTs is necessary to char-

acterize how selection on (α, ϕ) generates differences between the VATE and ATE and, in

particular, to recover treatment effects for patients who do not volunteer for the RCT. When

treatment choices are dynamic, nesting this selection decision within a dynamic model pro-

vides additional structure for understanding the sources of selection. In particular, the model

allows us to distinguish selection arising from patients’ preferences over initial treatment as-

signments from selection arising from the possibility that the RCT protocol will constrain

future treatment switching. The dynamic structure also allows us to decompose differences in

potential outcomes between patients inside and outside the RCT into differences due to the

composition of patients who select into the RCT and differences generated by the treatment

paths available under the RCT protocol.

Using data on treatment choices and outcomes by RCT volunteers and non-volunteers
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it is possible to identify a structural model that can serve as the basis for recovering the

ATE. The model features selection into the RCT, treatment choice outside of the RCT and,

for dynamic treatments with switching option, also the treatment choices in the RCT after

initial randomization, if and when the switching protocol conditions are eventually satisfied

by the patient. With that estimated model in hand, one can then identify the nVATE(ω)

and thus ATE(ω). The model can then be used to evaluate the relevant non-volunteer

population through the two alternative treatment policy functions and estimated disease

evolution process using the model. Similarly, one can directly use the model to obtain

estimates of other, perhaps more policy-relevant estimands such as ATE(ω′) for ω′ 6= ω or

ATE(0).

2.2 RCT enrollment decision

Newly diagnosed patients are offered the opportunity to enroll in an RCT (“rct”) that will

test the health effects of initial assignment to B versus A. In the RCT, patients who accept

the invitation and join the trial are randomized to A with known probability pA and are

assigned to treatment arm B with probability pB = 1 − pA. We summarize the patient’s

initial observed state variables at age a0 with the vector χa0 = {a0, ωa0}. This initial state

vector contains the patient’s age at diagnosis (a0) and the severity of the disease at the time

of diagnosis (ωa0).

To decide whether to enroll in the RCT, newly diagnosed patients in the population

f(χa0 , α, ϕ) compare the value of accepting and declining RCT participation. We assume

that, in addition to the possible values under assignment to A or B given RCT participa-

tion captured in VA(χa0 , rct) and VB(χa0 , rct), each enrolled patient receives an additional

utility shock, ε. This shock represents an additional benefit that the patient receives from

interacting with medical staff at the time of enrollment, for example due to a patient’s feel-

ing of obligation to help his physician recruit patients into the RCT.5 Each patient draws a

value of ε ∈ R from fε and observes its value prior to the RCT enrollment choice. In the

5The patient receives no extra medical attention or care within the RCT relative to outside of it. If so,
this could affect a patients beliefs about how ω is monitored or whether mortality risks are different within
the RCT.
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next subsections we discuss in more detail the value functions (VA, VB) both in and out of

the RCT, which we take as given here.

After observing his realization of ε, the patient can compute the value of enrolling in the

RCT with protocol ω:

V (χa0 , ε, rct, ω) = pAVA(χa0 , rct, ω) + (1− pA)VB(χa0 , rct, ω) + ε. (1)

The value of declining the RCT offer, V (χa0 ; out), is the value of remaining free to choose

the best course of action at any time, avoiding randomization of initial treatment and when

dynamic treatments are involved, unconstrained by any decision protocol in any subsequent

decision-making period.

V (χa0 ; out) = max{VA(χa0 ; out), VB(χa0 ; out)} (2)

A patient will then enroll in the RCT if and only if the value of joining the RCT exceeds

the value of staying out of it:

S = 1 ⇐⇒ V (χa0 , ε; rct, ω) ≥ V (χa0 ; out). (3)

To better understand the selection issues in enrolling patients in the RCT, consider a

comparison of V (χa0 , ε; rct, ω) and V (χa0 ; out) for a patient who draws ε = 0. For such

a patient, enrollment is at most equally worthwhile to declining the invitation and only

if he is indifferent between treatments A and B in period a0. Indeed, if the patient was

not indifferent, he would prefer to choose A or B and receive the associated value with

certainty rather than facing randomization between the preferred option and the alternative.

This indifference between A and B implies that enrolled patients must have a knife’s edge

combination of (a0, ω0, α, ϕ) values, and therefore, are not representative of the full patient

population.

In addition to indifference between A and B outside of the RCT, a patient with ε = 0

willing to enroll in the RCT must have Vd(χa0 ; rct, ω) = Vd(χa0 ; out) for any treatment

d ∈ {A,B} for which the RCT specifies a switching protocol ω to switch treatment away

11



from d. This condition holds when the RCT’s protocol restrictions on switching have no

impact on preferred treatment choices at any future value of ωa. If the condition fails to

hold, then even a patient with VA(χa0 , out) = VB(χa0 , out) will prefer either non-RCT option

to randomization between RCT treatment arms. Indeed, a patient may not exist that can

satisfy all of the conditions for participation in the RCT when ε = 0. By including the utility

shock ε in our model, we ensure that some patients, with sufficiently large ε and VA(χa0 , out)

close to VB(χa0 , out), are willing to participate in the RCT while preserving the key selection

issues that affect voluntary RCT enrollment.

2.3 Dynamic Treatment Choices Inside and Outside the RCT

When treatment is dynamic, patients can switch treatments sequentially so they must con-

sider treatment sequences. Among these settings, it is possible that one of the treatment

choices, say “A”, might be absorbing or static, in that no further treatment choices are

possible after making treatment choice A. Unless initially choosing or being assigned to A,

treatment choice becomes an optimal stopping problem, with the patient choosing when (if

ever) to switch from B to A. For yet other diseases, the patient may sequentially combine

treatments A and B in spells of various lengths as he or she sees fit.

When dynamics are involved, we denote a patient’s treatment choice at any age a by

da. A patient makes his first treatment decision during the period of diagnosis, a0. The

disease’s state evolves and is still captured by the biomarker, ωa, that measures disease

progression. A patient’s value of ω now evolves according to a controlled stochastic process

fω
(
ωa+1|ωa, da;ϕ

)
.

Patients diagnosed at age a0 can die at any age between a0 + 1 and ā, whether from the

disease of interest or from other causes. If a patient survives to ā, he dies during the next

period with probability one. Let Ha be a survival indicator for an individual patient at age

a, with Ha = 1 if the patient is alive and zero otherwise. Despite its dynamics, the model

remains one focused on treatment choice, so the model begins at age a0 and we abstract

away from the periods leading up to diagnosis.

In this dynamic case, we summarize the patient’s state variables at age a with the vector

χa = {a, ωa, ωaA , da−1, aA, Ha}. The state vector contains the patient’s age (a), the current
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severity of the disease (ωa), the patient’s treatment choice during the previous period (da−1),

the age at which the current treatment was taken for those who ever took active treatment

(aA if on treatment A or aB if on treatment B), the disease’s severity when the patient

chose the current treatment (ωaA or ωaB), and the survival indicator (Ha). Patient age

increases by one unit for each period the patient survives, and ωa evolves according to

fω
(
ωa+1|χa, da, ϕ

)
. Survival from a to a + 1 depends on the avoidance of mortality due to

the disease (for potentially lethal diseases) and due to other causes; the survival probability

is fH
(
Ha+1|a, ωa+1, da, ada , ωada , ϕ

)
. We include ϕ in fH to highlight the role of treatment

effectiveness heterogeneity in determining disease-related mortality.

Each period that the patient is alive, he receives flow utility equal to u(da, χa, α) ≥ 0.

The patient receives flow utility equal to zero when he is not alive. A patient with a greater

value of α has a greater distaste from treatment side effects, which reduce the flow utility

from being alive. Treatment side effects could be temporary or permanent and occur after

either one or both treatments. Outside of an RCT (“out”), a patient chooses a sequence of

da values to maximize the expected value of lifetime utility:

V (χa, out) = max
{da(χa)}a=ā

a=a0

{
E

[
ā∑

a=a0

δa−a0u(da, χa, α)

∣∣∣∣∣χa0

]}
. (4)

E[·] is with respect to the transitions in the state variables, including the survival transition.

δ discounts future periods’ utility.

The recursive, dynamic programming representation of the patient’s problem outside the

RCT is:

V (χa, out) = max
d

{
u(d, χa, α) + δE[V (χa+1, out)|χa, da = d]

}
(5)

The alternative-specific value functions for d ∈ {A,B} are:

Vd(χa, out) = u(d, χa, α) + δE[V (χa+1, out)|χa, da = d] (6)

The patient’s value from choosing between A and B is:

V (χa, out) = max
d

{
Vd(χa, out)

}
.
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Next we discuss a patient’s choices, utility and value function within the RCT. In the

RCT the initial treatment decision at the time of diagnosis a0 is randomized. In cases where

dynamic treatment choices are possible, a patient’s ability to switch away from the initially

assigned treatment during periods after a0, will typically be constrained by an RCT protocol.

Certain conditions must be met for the patients assigned to either A or B to consider

switching to the alternative treatment (B or A). Thus, behavior in the RCT is a constrained

version of the patient’s problem outside the RCT. The RCT in general specifies threshold

conditions, ω, that the patient’s history of biomarker values, ωa = (ωa0 , ωa0+1, . . . , ωa), must

satisfy in order for the patient to consider switching treatment. Let 1ω{ωa} be an indicator

function that reports whether a patient with ωa satisfies the threshold condition. A simple

example of 1ω{·} would be a comparison of the current ωa to a scalar threshold. We write

p̄ω = Pr(1ω{ωa+1}|ωa) as the probability that the disease marker evolves between a and a+1

in a way that satisfies the RCT’s protocol condition(s) for unconstrained decision-making

during time period a+ 1.

A patient enrolled in the RCT who is assigned to treatment d receives that treatment

in period a0. As outside the RCT, the patient immediately experiences any side effects

associated with treatment d. If d is absorbing, the patient makes no further treatment

choices, and the value of the assignment is the expected present discounted value of remaining

lifetime utility under that treatment.

If the patient is assigned to a non-absorbing treatment d at age a0, starting in period

a0 + 1 his value solves the following constrained dynamic optimization problem:

Vd(χa0+1, rct;ω) = max
{da(χa)}a=ā

a=a0+1

{
E

[
ā∑

a=a0+1

δa−a0u(da, χa, α)

∣∣∣∣∣χa0+1, da0 = d

]}

subject to da(χa) = d if 1ω{ωa} = 0.

If the patient’s ω history does not satisfy the threshold condition (1ω{ωa} = 0), he must

remain in treatment d during the current period. If 1ω{ωa} = 1, he may choose between

switching or continuing with the current treatment. In recursive form, at any age a, the value
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of continuing in non-absorbing treatment d in the RCT (either by choice or by protocol) is:

Vd(χa, rct;ω) = u(d, χa, α)

+ δ
{
p̄ωE[max

d′
{Vd′(χa+1, rct;ω)}|χa, da = d, 1ω{ωa+1} = 1]

+ (1− p̄ω)E[Vd(χa+1, rct;ω)|χa, da = d, 1ω{ωa+1} = 0]
}
.

(7)

This expression has three parts. First, the patient receives u(d, χa, α), the flow utility as-

sociated with treatment d at age a. Second, in the next period with probability p̄ω, the

patient’s disease history ωa+1 allows him to make an unconstrained choice between treat-

ments d′ ∈ (A,B). Third, in the next period with probability (1 − p̄ω), the patient will be

constrained by the RCT protocol to continue with treatment d. The term Vd(χa, rct;ω) also

captures the value of being assigned to arm d during period a0, when a patient enrolled in

the RCT is randomized between treatments A and B.

While this generic framework applies to all comparative effectiveness RCTs with dynamic

treatments, in analyzing a particular medical setting, specific choices will need to be made

to parameterize the model. In the application below, we adapt this framework to a case

study on prostate cancer.

2.4 Static Treatments and Selection into an RCT

In some cases two treatment courses are mutually exclusive in the sense that pursuing either

one permanently precludes the other. In this setting treatment choice is effectively modeled

as static. When both A and B are static or “single shot” treatments, no choices are made

inside the RCT. Patients who choose to volunteer for the RCT simply comply with their

randomly assigned treatment and observe how their disease unfolds over time given that

set treatment. Given a set of treatment procedures (e.g., dosage levels), the patient’s value

from assignment to A or B is the expected discounted value of lifetime utility under that

treatment. Similarly, the patient outside of the RCT compares the value from each available

treatment and chooses the option with the greatest present value.6

6The treatment procedures are analogous to some aspects of the dynamic protocol ω, in that they can
capture how different the general treatments A and B are from each other.
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When static treatment procedures are appropriately similar within and outside the RCT,

researchers have several potential avenues to estimate an ATE. These options follow from the

opportunity to specify the static problem as a Generalized Roy Model with an additional

selection decision governing RCT participation. Patients’ selection choices may differ in

both their potential health outcomes under the two treatments and their preferences over

treatment attributes, such as side effects. If microdata are available on RCT participation,

randomized treatment assignments and outcomes for volunteers, and treatment choices and

outcomes for non-volunteers, one can estimate the structural parameters of the selection

model via maximum likelihood and identify the ATE. Alternatively, a method-of-moments

estimator can be used when only aggregate statistics are available: the means and variances of

outcomes under treatments A and B for volunteers and non-volunteers, the shares choosing

A and B outside the RCT, and the share of patients in the population who accept the

invitation to participate in the RCT. The treatment choices and outcomes of non-volunteers

are therefore informative about the distribution of unobserved heterogeneity (α, ϕ) that

jointly shapes treatment choice and selection into the RCT. This has the practical advantage

of allowing researchers to revisit studies for which the underlying microdata are no longer

available. Even if most studies do not follow or collect data from those who decline to join

the RCT, one can supplement data on volunteers with data from a cohort of diagnosed

patients who were not invited to participate in the RCT.

In a recent paper, List (2026) considers related issues of how selection into a static-

treatment experiment may provide biased estimates of a treatment effect in a target popula-

tion. List (2026) discusses several approaches to address the bias, including randomization

of participation in the experiment, variation in incentives to participate that can serve as an

instrumental variable, and sensitivity analysis potentially based on observable data.7 While

some of these alternative approaches are appealing in the static case, a structural model

becomes particularly useful when treatment practices inside and outside the experiment dif-

fer and treatment involves non-trivial dynamic sequences. By modeling selection, treatment

7While List (2026) points to Andrews and Oster (2019) as a possible approach based on observables to
gauge the importance of selection on unobservables, selection on observables may be uninformative about
selection on (α,ϕ). If available, one could then model both selection into or out of the RCT and treatment
choice, extending the non-parametric Roy model framework of Heckman and Vytlacil (2005) to include an
additional selection step.
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choice, and subsequent treatment dynamics jointly, the model can be used to evaluate coun-

terfactual treatment procedures that may differ from those observed either inside or outside

the experiment.

3 Application: prostate cancer

Prostate cancer is the most common type of cancer among men, with over 330,000 estimated

new cases annually in the U.S. and 50,000 new cases annually in the U.K. (Siegel et al., 2026;

NHS England Digital, n.d.). Prostate cancer is the second leading cause of cancer death

among males, with over 36,000 estimated deaths in the U.S. in 2026 (Siegel et al., 2026).

Prostate cancer treatment options can be grouped into watchful waiting strategies (i.e., ob-

servation or active surveillance) and treatment. Watchful waiting strategies monitor the

progression of the disease; active surveillance uses more tests at more regular intervals than

observation alone (i.e., annual digital rectal exams, biannual prostate-specific antigen [PSA]

tests, annual prostate biopsies or multiparametric magnetic resonance imaging). Treatment

strategies include radical prostatectomy, radiation therapy including external beam radiation

and brachytherapy, cryotherapy, androgen deprivation therapy, and chemotherapy. Treat-

ment often leads to serious side effects, including sexual dysfunction, urinary incontinence,

and bowel symptoms (Chen et al., 2009; Litwin et al., 1995). Because most men are diag-

nosed with lower risk prostate cancer and prostate cancer is relatively slow-growing (Epstein

et al., 2012), active surveillance can spare men side effects while preserving the option of

treatment if the disease progresses.

However, active surveillance comes with a higher risk of metastasis and a slightly higher

risk of mortality. The first trial comparing watchful waiting to prostatectomy found lower

overall mortality (relative risk [RR] = 0.74, 95% confidence interval [CI]: 0.62 - 0.87) and

prostate cancer mortality (RR = 0.55, 95% CI: 0.41 - 0.74) in the prostatectomy arm vs

the watchful waiting arm at 23 years of follow up (Bill-Axelson et al., 2018). Two more

recent trials, including ProtecT, found no differences in overall survival at 10 years between

active surveillance and active treatment among men with low- and intermediate-risk prostate

cancer (Wilt et al., 2012; Hamdy et al., 2016). Although mortality was similar between
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active surveillance and treatment in the ProtecT trial at 15 years, men assigned to active

surveillance were twice as likely to develop metastatic disease compared to those assigned to

treatment (Neal et al., 2020; Hamdy et al., 2023).

Based on these and other trials, national guidelines have shifted to advocating active

surveillance (Loeb et al., 2018; Carroll and Mohler, 2018). Current National Comprehensive

Cancer Network (NCCN) treatment guidelines prefer active surveillance for men with low-

and very low-risk tumors. Active surveillance is also a first-line option for men with favorable

intermediate risk. By 2015, more than 40% of US men with low-risk cancer, and 10% of men

with intermediate-risk cancer, initially chose active surveillance (Mahal et al., 2019).

In summary, prostate cancer is amenable to dynamic economic modeling due to its rel-

atively slow growth rate that provides time to assess treatment options; similar expected

survival across treatment options that highlights the role of preferences in decision-making;

and a clear trade-off between active treatment, which gives more certainty regarding metas-

tasis and survival at the cost of more side effects, and active surveillance, which avoids side

effects and preserves the option value of taking aggressive treatment if the cancer worsens.

4 Data

4.1 Disease states, treatment choices, and health outcomes

Our main data were statistics publicly reported from the UK’s ProtecT study (Hamdy et

al., 2016; Neal et al., 2020; Hamdy et al., 2023). Between 1999 and 2009, ProtecT recruited

men for an RCT studying prostate cancer treatment. Men eligible for ProtecT had PSA

levels that did not suggest immediate treatment (i.e., below 20), were between ages 50 and

69 years, had Gleason scores of 6 to 10, and had no spread of the cancer beyond the prostate

(i.e., localized cancer).

Of the 2,664 eligible men, ProtecT enrolled 1,643 men who agreed to randomization and

were assigned to active surveillance [N=545] or immediate treatment (radical prostatectomy

[N=553] or radiotherapy [N=545]). The men in the active surveillance arm had their PSA

measured every 3 months in the first year and every 6 to 12 months thereafter. Unlike two
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earlier trials (Bill-Axelson et al., 2018; Wilt et al., 2012), ProtecT included a protocol for

men in the active surveillance arm to consider transitions to treatment when certain triggers

based on changes in PSA levels were met. 8 After 10 years, 55% of men originally assigned

to active surveillance in the trial received some form of treatment (Hamdy et al., 2016).

Adherence to original assignment was incomplete. Within nine months, 482 of the 545

men assigned to active monitoring, 391 of the 553 assigned to prostatectomy, and 405 of the

545 assigned to radiotherapy had begun their assigned protocols. The original assignment

counts are useful for understanding the experimental design, but they do not determine

the initial treatment frequencies used in our empirical model. Because the model does not

separately represent initial non-adherence, we define initial treatment using the treatment-

received classifications in Neal et al. (2020). Under this alternative classification, 1,607 ran-

domized men are classified as receiving active monitoring [N=628], prostatectomy [N=488],

or radiotherapy [N=491].

We supplemented the ProtecT RCT data with statistics from the ProtecT “Choice”

sample, which followed men who met the eligibility criteria but opted out of randomization

(N=958).9 Men in the ProtecT Choice sample selected active surveillance (N=507), rad-

ical prostatectomy (N=262), or radiotherapy (N=189). Choice Sample patients in active

surveillance had no restrictions on when they could switch to surgery or radiotherapy. Nev-

ertheless, relative to the RCT, a comparable proportion of patients who initially chose active

surveillance switched to treatment in the Choice sample.

We gathered statistics on ProtecT samples from Hamdy et al. (2016), Neal et al. (2020),

and Hamdy et al. (2023). Patients who elected randomization (RCT sample) were similar

to patients who declined randomization (Choice sample) in terms of age, initial PSA levels,

and Gleason scores (Neal et al., 2020, Table 1). This suggests that selection into the RCT

based on these observable characteristics was minor.

Regarding treatment choices, we use the treatment-received classifications and subsequent

switching statistics reported by Neal et al. (2020). For patients in the RCT, we use the

8Specifically, a PSA value of 20+ or an increase of 50% or more in a year triggered a review by the
provider team. To keep the state space manageable, we model the trial protocol as an absolute threshold
(e.g., when PSA rises above 20).

9The remaining 63 eligible men did not participate in the trial or “Choice” sample.
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reported numbers at risk and cumulative numbers receiving radical treatment over time.

Let t represent years since the second PSA test following diagnosis, which is the starting

point used by Neal et al. (2020). For the 628 RCT patients classified as initially receiving

active surveillance, they report these statistics at t ∈ {2, 4, 6, 8, 10}. After adjusting the

reported risk sets for attrition, the cumulative probability of switching to treatment reaches

48% after ten years. This is similar to the path followed by patients who initially received

active surveillance in the Choice cohort, for whom the corresponding ten-year probability is

44% (Neal et al., 2020, Figure 1).

For health outcomes, we use the treatment-received incidence rates reported by Neal et al.

(2020). Among RCT patients initially receiving active surveillance, the ten-year metastatic-

disease rate is 6.0 per 1,000 person-years, compared with 2.7 per 1,000 person-years for those

receiving treatment. The corresponding rates are 6.1 and 2.5 per 1,000 person-years in the

Choice cohort. Prostate-cancer mortality is also higher under active surveillance: 1.8 versus

0.64 per 1,000 person-years in the RCT cohort and 2.2 versus 0.89 per 1,000 person-years in

the Choice cohort (Neal et al., 2020, Table 2). We derive non-cancer mortality by subtracting

prostate-cancer mortality from all-cause mortality. Five-year RCT prostate-cancer survival

comes from Hamdy et al. (2016), while the 15-year RCT metastasis and mortality statistics

come from Hamdy et al. (2023).

In our econometric analysis, we match published aggregate moments from ProtecT trial

to corresponding predictions from our empirical model. In Appendix Table 3, we provide

a complete list of the ProtecT moments we use in estimation. The values in the ‘Data’

column of Appendix Table 3 come directly from or are derived from the published studies

described above. Because the studies report outcomes in different formats and over different

horizons, we adjust the published statistics to account for trial attrition, combine surgery and

radiotherapy into treatment A, convert annual event rates into cumulative 10- and 15-year

risks, and align baseline age and PSA measures with the model’s scale. Appendix Section B

provides additional details.
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4.2 Calibrated values for patient preferences

We make assumptions on how patients’ per-period utility, denoted u, varies by age, treatment

side effects, and disease progression. We draw on the literature measuring health-related

quality of life to select calibrated values that affect u. We review the calibrated components

and their sources here, and in Section 5 we describe in full how they affect u.

A patient’s utility varies with his age (a, measured in quarters) following Kind et al.

(1999) on UK population norms. A patient with local prostate cancer and no treatment side

effects receives normalize quarterly utility equal to:

Q(a) = 1− 0.001× (a− 80). (8)

A patient around age 50 has Q(200) ≈ 0.88, with utility falling linearly to Q(a) ≈ 0.72. We

set the per-quarter discount value δ equal to 0.98.

When a patient receives treatment (A) for his prostate cancer, he may experience side

effects for some number of quarters (q) following treatment. We construct a time profile of

treatment side effects for ProtecT patients, L(q), using the EPIC scale (Lane et al., 2022)

and scaled to quality adjusted life years (QALYs) with the Patient-Oriented Prostate Utility

Scale (PORPUS-U) provided by Zamora et al. (2021). In period q following treatment, a

patient’s side effect impact is proportional to L(q) ∈ [0, 1]. At the time of treatment (q = 0),

L = 0.039, and the impact of side effects peaks at L = 1 in q = 4. The proportional

impact of side effects declines to L = 0.64 by q = 24, and remains approximately constant

thereafter. See the appendix for additional information on how we construct L(q). While

we assume that all patients experience the same time path of treatment side effects, patients

post-treatment utility is additionally scaled by individual preference parameters, described

below.

If the patient’s prostate cancer becomes metastatic, we assume that his per-period utility

is reduced due to the impact of treatments beyond the prostate (e.g. chemotherapy) and

the adverse health impacts of more severe cancer. Specifically, we decrement utility by the

factor γ = 0.4 for individuals with metastatic cancer. This value is consistent with studies

by Kim et al. (2022), Torvinen et al. (2013), and Magnus et al. (2019). Once a patient enters
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metastasis, we assume that any treatment-related side effects are eliminated, i.e. L(q) = 0.

5 Empirical model

We adapt Section 2’s theoretical framework to the details of prostate cancer, its treatment,

and the ProtecT trial. Specifically, we make parametric assumptions for model components

that we estimate with ProtecT’s publicly available data, and we draw on the calibrated

values described in Section 4.2.

To fit the prostate cancer setting, we make a set of additional assumptions on the state

vector and its evolution. We add to the state vector an indicator Ma for whether a patient’s

prostate cancer is local (Ma = 0) or has metastasized (Ma = 1). We also track the patient’s

age at metastasis, aM , for patients whose cancer has become metastatic. The patient’s

disease state, ω, is a scalar which evolves differently for patients following surveillance (B)

versus those who have received treatment (A); we provide additional detail below. Finally,

we assume that a patient cannot die from prostate cancer if his disease is local.

5.1 Patient utility

Each patient in our model is diagnosed with prostate cancer, may have received treatment

for it, and the cancer could be local or metastatic. A patient’s flow utility depends his

current choice, da, his state vector χa, and his distaste for treatment side effects, α. Flow

utility is u(da,Ma, χa, α) ≥ 0, with u(·) ∈ (0, 1] when the patient is alive and u(·) = 0 when

the patient is dead.

We construct a live patient’s flow utility from calibrated values analogous to a “QALY,”

or quality-adjusted life year. If a patient of age a is alive, has local (Ma = 0) cancer, and

has not received treatment (aA = ∅), he receives the flow utility u(B,Ma = 0, χa, α) = Q(a),

where Q is the function described in Section 4.2.

If the patient has received treatment during the current or previous period and his cancer

is still local to his prostate, his flow utility is impacted by his disutility from treatment’s side

effects. We assume that patients’ side-effect taste values are drawn from N(µα, σ
2
α), with

µα and σα as parameters to be estimated. Greater values of α are associated with greater
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reductions in utility following treatment. The patient’s flow utility is:

u(A,Ma = 0, χa, α) = Q(a) [1− Λ(α)L(q)] .

In this expression, Λ(α) is the logistic CDF, so α’s impact enters u as a (0, 1) scaling factor.

L(q) ∈ [0, 1] is the normalized post-treatment side-effect loss profile, where q = a − aA + 1

denotes quarters since treatment initiation.

If the patient’s cancer progresses from local to metastatic (Ma = 1), he receives appro-

priate medical treatment outside of our model. In all periods after the onset of metastatic

cancer, the patient’s flow utility is scaled-down by γ = 0.4. We assume that side effects from

patients’ treatment of localized prostate cancer are not relevant for utility under metastasis,

so

u(da,Ma = 1, χa, α) = γQ(a)

In addition to the flow utility components described above, if the patient enrolls in the

RCT he receives the payoff shock εi in the enrollment period, i.e. at age a0. We assume

that the taste shock from participation is ε = exp(ε̃), where ε̃ ∼ N(µε, 1). We estimate the

parameter µε.

5.2 Local disease progression

We assume that the biomarker of local prostate cancer’s disease severity, ωa, tracks PSA

scores in integer values from ωmin = 3 to ωmax = 30. In the ProtecT trial, the minimum

PSA score is 3, and we assume that PSA growth beyond 30 has no additional impact on

disease progression and its associated health risks. In the absence of treatment, ωa evolves

according to Pr
(
ωa+1|ωa

)
; see below for our assumptions on ωa following treatment. Under

da = B, we assume that the disease’s severity either remains unchanged between periods or

increases by the growth increment ∆ω up to the cap ωmax. In total, the growth process is:

ωa+1 =

ωa with prob. exp(−κωa)

min{ωa + ∆ω;ωmax} with prob. 1− exp(−κωa),
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where ∆ω
a is drawn from a discrete approximation to the exponential distribution as in Rust

(1996, p. 659). We let J = ωmax−ωmin and j ∈ {1, 2, . . . , J}. The cumulative probability of

all possible growth steps (∆ω
a ) is:

CJ(ωa) =

∫ J+0.5

0

λω exp(−λωy)dy,

and we use CJ(ωa) as a normalizing factor so these probabilities sum to one. We calculate

the probabilities of individual growth steps as:

Pr(∆ω
a ) =



1
CJ (ωa)

0.5∫
0

λω exp(−λωy)dy ∆ω
a = 0

1
CJ (ωa)

j+0.5∫
j−0.5

λω exp(−λωy)dy ∆ω
a = 1, ...., J − 1

1
CJ (ωa)

J+0.5∫
J−0.5

λω exp(−λωy)dy ∆ω
a = J.

The underlying continuous exponential density of the increment ∆ω is characterized by

f(∆ω
a |ωa) = λω exp

(
− λω∆ω

a

)
.

We specify λω = exp(λω1 +λω2ωa), which allows disease progression to advance more quickly

as ωa grows when λω2 < 0. We estimate the parameters λω1 and λω2 . Consistent with the cap

discussed above, if a realization of ∆ω
a implies ωa+1 would be above ωmax, we set ωa+1 = ωmax.

5.3 Cancer metastasis risk and treatment match value

A patient’s ω value has a central role in determining whether his cancer progresses from

local to metastatic. If a patient with local cancer is monitoring his disease (da = B) at age

a, his probability of transitioning to metastasis between age a and a+ 1 is

πm(χa, da = B) = Λ
[
λm1 + λm2 ωa

]
. (9)

We estimate the parameters λm1 and λm2 . If a patient’s cancer becomes metastatic, he makes

no additional choices in our model.
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If the patient receives treatment for his local prostate cancer, the likelihood of metastasis

depends on his match value (ϕ) to treatment. Patients’ values of ϕ are distributed N(µϕ, σ
2
ϕ)

in the population, and they are known to the patient prior to the decision to participate in

the RCT or undergo any treatment. ϕ is a source of permanent heterogeneity unobserved

by the econometrician. We estimate the parameters µϕ and σ2
ϕ. A patient with match value

ϕ has a probability Λ(ϕ) that his treatment outcome (o) is a success. The uncertainty of

treatment success is resolved permanently at the time of treatment.

Consider a patient with the current age a who received treatment at age aA < a, when

his PSA score was ωaA . If this patient’s treatment was a success, his probability of transition

from local to metastatic cancer between periods a and a+ 1 is:

πm(a, aA, ωaA , da = A, o = success) = Λ
[
λm1 + λm2

( ωaA
1 + a− aA

)]
.

In this function, the probability of metastasis falls rapidly in the periods after treatment.

On the other hand, if treatment is unsuccessful (with probability [1−Λ(ϕ)]), the patient’s

metastasis risk rises weakly over time. We specify that the unsuccessfully-treated patient’s

risk of metastasis between a and a + 1 is a convex combination of two factors. The first

factor is his metastasis risk due to his PSA at the time of treatment:

p0(ωaA) = Λ
(
λm1 + λm2 ωaA

)
.

p0 has the same form as the patient’s metastasis risk under monitoring, but with ω fixed at

its level when the patient received treatment. The second factor is the expected value of his

metastasis transition probability at age a if he had remained untreated at age aA when his

PSA score was ωaA :

p1(a, ωaA) = Eω

[
Λ
(
λm1 + λm2 ω

)
|a > aA, ωaA

]
.

The expectation Eω[·] is taken over paths of ω following the stochastic process Pr
(
ωa+1|ωa

)
,

described above. p1 captures metastasis risk on a counterfactual path in which the patient

had not received treatment at aA. The total metastasis risk due to failed treatment weighs
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the factors p0 and p1 by ρ ∈ [0, 1]:

πm(a, aA, ωaA , da = A, o = failure) = (1− ρ)× p0(ωaA) + ρ× p1(a, ωaA),

where ρ is a parameter to be estimated.

We model the patient’s survival from a to a + 1 as a two-step process. As argued by

Honoré and Lleras-Muney (2006), it is important to allow for competing mortality risks

when modeling cancer survival. In the first step, the patient faces non-cancer death risk as

a function of age. The probability of dying from a non-prostate cancer source of mortality

from a to a+ 1 is given by:

πnca+1(a) = Λ
(
λnc1 + λnc2 a

)
. (10)

In this expression, we estimate the parameters λnc1 and λnc2 . In the second step, the patient

faces death risk due to prostate cancer. For patients whose cancer remains local, this prob-

ability is zero, i.e. πc(χa) = 0. For patients with metastatic disease, the probability of a

cancer-related death is:

πc(χa) = Λ
[
λc1 + λc2(a− aM)

]
, (11)

where aM is the age at metastasis. λnc1 and λnc2 are parameters to be estimated.

5.4 Value functions

We bring together our modeling framework and the assumptions above to construct the

patient’s value from treatment, surveillance, and metastasis. We continue with the notation

of Section 2 for the value of treatment (A), monitoring (B), and the option to choose between

them inside and outside the RCT. We provide some additional detail here to describe how

the particular processes and risks of prostate cancer affect these expressions.

If the patient elects to take treatment at age a, he makes no additional choices in the

model. The value of treatment is:

VA(χa) = Λ(ϕ)VA(χa, o = success) + [1− Λ(ϕ)]VA(χa, o = failure), (12)

26



where

VA(χa, o) = u(A,Ma = 0, χa, α)

+ δ[1− πnc(a)]
{
πm(χa, da = A, o)× VM(a+ 1, aM = a+ 1)

+ [1− πm(χa, da = A, o)]× VA(χa+1, o)
}
.

In this expression for VA, VM is the value from entering metastasis:

VM(a, aM) = u(A,Ma = 1, χa, α) + δ[1− πnc(a)]× [1− πc(χa)]× VM(a+ 1, aM). (13)

For a patient who chooses to monitor his prostate cancer outside of the RCT, his value

function is:

VB(χa, out) = u(B,Ma = 0, χa, α) + δ[1− πnca+1]

×

{
πm(ωa, da = B)× VM(a+ 1, aM = a+ 1)

+ [1− πm(ωa, da = B)]×
(∑
ωa+1

Pr(ωa+1|ωa)V (χa+1, out)
)}

V (χa+1, out) is the value of choosing between A and B at age a+ 1 outside of the RCT and

conditional on cancer remaining local (Ma+1 = 0). The value of choosing monitoring in the

RCT is similar to its value outside, but with the difference that free choice between B and

A occurs only when ωa ≥ ω.

6 Estimation

6.1 Model predictions and the econometric objective function

To estimate our model’s parameters, we match empirical moments on disease progression

and treatment choices to predictions of the same outcomes from the empirical model. We

obtain these predictions using simulation methods.

Conditional on a guess of the model’s parameters, θ, we solve our model at every point
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in the state space and then simulate outcomes. In particular, we draw a collection of (α, ϕ)

values and then solve backwards the dynamic programming problem of patients in and out

of the RCT for every initial (a0, α, ω0, ϕ). We then draw values of ε to determine whether

patients participate in the RCT. For patients in the RCT and outside of it, we draw sequences

of ω values and determine the patients’ optimal actions. Where appropriate, we simulate

additional outcomes such as treatment success, transitions to metastasis, and mortality. We

repeat this process many times to generate frequencies of choices and outcomes, conditional

on the guess of θ.

Let zk(θ) for k = {1, 2, ..., K} represent a sequence of predicted moments conditional on

θ. For each predicted moment, zk(θ), we obtain the corresponding empirical frequency, zok

from the data sources we describe in Section 4.1. We take each difference between a predicted

and empirical moment, zk(θ) − zok, and stack the differences into the 1 × K vector Z. We

estimate the model’s parameters by searching over θ values to minimize ZWZ ′, where W is

a K ×K weighting matrix.

We calculate parameter standard errors using the standard asymptotic variance formula

for simulated method of moments, which includes the same weighting matrix W used in

point estimation. The covariance combines sampling uncertainty in the published empirical

moments with finite-simulation uncertainty estimated from independently redrawn model

population. Appendix Section D describes the procedure in detail.

6.2 Parameter estimates

We report parameter estimates and standard errors in Table 1. All the parameters are

statistically significant at conventional thresholds, with the exceptions of the σϕ, which

determines the variance of treatment’s match value, and λc,2 which determines how time

since metastasis affects the probability of death from cancer. The model’s parameters are

difficult to interpret on their own, so we provide some descriptions of what their values imply

and how our models’ predictions match the data.

In Appendix Table 3 we provide a complete list of the predicted moments (zk) at the

parameter estimates and their observed counterparts (zok), and in Figure 1 we compare the

data and outcomes for some key choices and outcomes for patients. In the ProtecT study,
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Table 1: Parameter Estimates

Parameter Estimates

λω,1 −1.557 λω,2 0.038
(0.284) (0.015)

µϕ 2.235 σϕ 0.824
(0.747) (0.569)

λm,1 −7.317 λm,2 0.080
(0.071) (0.011)

µα −4.423 σα 1.595
(0.068) (0.261)

λnc,1 −8.788 λnc,2 0.036
(0.297) (0.004)

λc,1 −4.001 λc,2 0.032
(0.333) (0.040)

µε −1.775
(0.242)

κ 0.021
(0.005)

ρ 0.974
(0.072)
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62.0% of men who were eligible for randomization accepted the offer to participate in the

RCT; at our parameter estimates, our model predicts that 62.3% accept the RCT offer.

ProtecT also featured minimal selection on patients’ initial observable characteristics (a0

and ωa0), and we obtain a close match on this outcome in our empirical estimates. Our

predicted sorting by PSA matches the data well, showing little differences across initial

conditions. Our predictions on patient age directionally match key differences across arms,

e.g., patients outside the RCT who opt for immediate treatment are younger than those who

monitor, but some differences are larger in the predicted values.

In Figure 1 panel (a) we display the empirical and predicted shares of patients initially

assigned to B who switched to A, both in the RCT and in the Choice sample. Our model

follows the data in generating greater cumulative switching in the RCT than in the Choice

data. This feature captures a critical element of patient selection, as the Choice patients

are unconstrained by the RCT protocol in their opportunity to switch, yet they do this

less frequently. This is driven by the strong selection on distaste for side effects, which we

describe further below. See Appendix Figure 8 for a comparison of the ω values at which

patients switch from B to A in the RCT and Choice cohorts. While all RCT participants

are constrained to switch at ω ≥ ω, many Cohort patients switch at lower ω values. Overall,

our model matches the empirical switching frequency well for the Choice data. For the first

four years after diagnosis, the correspondence between the RCT’s empirical switching share

and the model’s prediction is close, but the two measures depart from each other noticeably

in the later years of the RCT.

Cumulative patient transitions into metastasis is affected by how soon patients receive

treatment. In Appendix Table 3, we report that both RCT and Choice patients who receive

A immediately have lower rates of metastasis than patients initially monitoring their prostate

cancer. To further discipline the model on important health outcomes, we use reported data

from Neal et al. (2020) on metastasis and survival for patients inside and outside the RCT;

these moments are not conditioned on an individual’s initial treatment choice. In Figure 1

panel (b) we display overall shares of patients in metastasis in the RCT and Choice samples.

Metastasis incidence was generally higher in the Choice data, and this is matched by our

model predictions.
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The ProtecT data and our estimates show that cancer survival is generally more likely for

patients who receive immediate treatment. This is true for both patients randomly assigned

to A in the RCT and patients in the Choice sample who select A. In Figure 1 panel (c)

we display empirical and model-predicted cancer survival rates, which show that survival is

generally higher among RCT participants than those who opt-out.

In Figure 2 panel (a), we display the estimated α population distribution and the con-

ditional α distributions across RCT and Choice cohorts. The conditional distributions of α

show substantial selection on side effect distaste across arms. Patients who opt-out of the

RCT and take immediate treatment (yellow line) have lower distaste for side effects than

the population average (green dashed line). Similarly, patients who opt-out of the RCT

and take B (purple line) have substantially greater distaste for treatment’s side effects. By

contrast, there is very little systematic separation of cohorts across arms by their ϕ values,

as we display in Figure 2 panel (b). In Appendix Figure 9, we show how the distribution

of ϕ values maps into the distribution of treatment success probabilities, Λ(ϕ), with 25th,

50th, and 75th percentile values of 0.85, 0.90, and 0.94, respectively. In Appendix Figure

10 we illustrate the relationship between individuals values of α and ϕ and their willingness

to switch from B to A. Relative to the RCT population, patients in the Choice cohort who

initially chose B are more likely to switch to A if they have a low distaste for side effects or

a higher expected treatment efficacy.

In Figure 3, we show how patients separate by age, α, and ϕ values across the treatment

and participation options. In this figure, each dot represents an individual patient type for

which we simulated an RCT participation decision and subsequent actions for our estimation

algorithm. The differently shaded dots indicated patients of different ages, and these show

relatively minor differences across cohorts. Differences by ϕ, measured on the vertical axis,

are also minor across cohorts, as would be expected from Figure 2 panel (b). The largest

differences among individuals who vary in their α values, measured on the horizontal axis.

Patients who opt-out of the RCT and defer immediate treatment (bottom right panel) typi-

cally have high values of the distaste from side effects. Those who take treatment right away

after declining the RCT (bottom left panel) tend to have low distaste from side effects. In

Appendix Figure 11 we provide analogous scatterplots by initial ω0, α, and ϕ values.
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Figure 1: Cohort Outcomes Over Time: Data vs. Model
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Figure 2: Distributions of α and ϕ by Cohort
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Figure 3: Simulated Patients by Age, α, and ϕ, Separated by Cohort

(a) RCT-A (b) RCT-B

(c) Choice-A (d) Choice-B
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7 What Information Does the RCT Provide?

We use our estimates to describe the impact of endogenous RCT participation on the infor-

mation generated by the trial. We perform this analysis to characterize selection’s impact

given ProtecT’s protocol (ω = 20) and for alternative values of ω.10 Our key outcomes are

the cancer mortality and metastasis impacts of surveillance (B) versus immediate treatment

(A), as recorded through a volunteers’ average treatment effect (VATE) generated by the

RCT and population’s average treatment effect (ATE). For an outcome y, the treatment

effect is E[Yi,B(ω)− Yi,A(ω)] among a relevant population.

We perform our analysis by running a pair of simulations for each ω we consider, includ-

ing the ProtecT value ω = 20. First, to obtain a counterfactual ATE, which is not impacted

by voluntary selection, we force all simulated individuals to initiate treatment with A, then

initiate treatment with B under ω, and then we calculate the differences in outcomes. Dif-

ferent values of ω may yield different values of the ATE, as the protocol impacts the possible

treatment actions for patients assigned to B. Second, for a specified value of ω we can allow

qualified patients to choose whether to participate in the RCT, and for those who participate

we can record the VATE. In this case, the protocol parameter ω affects the treatment options

in the experiment (as it does for ATE) and the characteristics of patients who agree to par-

ticipate in the RCT. Patients’ preferences over treatment side effects affects both willingness

to switch from B to A in the experiment and willingness to undergo randomization at all,

so selection has impacts on both margins.

In Figure 4, we illustrate the VATE (blue line), ATE (orange line), and difference between

the two (black line) for a range ω values. All outcome measures show worse health outcomes

for patients who initiate into B than A. For the ProtecT protocol, which has ω = 20, we find

no difference in VATE and ATE mortality effects 10 years after diagnosis. After 15 years,

however, the ATE is larger than the VATE, and this difference is greater at lower values of

ω. With lower values of ω, the RCT attracts participants who would like to switch quickly

from B to A, avoiding the negative health consequences of longer waiting for treatment at

greater ω. A lower value of ω has little impact on patients with a high distaste for treatment

10Similar calculations could be done for changes to the assignment probability pA.
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side effects. These patients opt-out of an RCT with low ω because they do not want to be

randomized to A, and this contributes to a relatively large difference between the ATE and

VATE.

Figure 4 also displays differences in metastasis risk. Metastasis is more common than

cancer-related death in the ProtecT study, so the outcome measures are larger and the

patterns relatively distinct in panels (c) and (d) relative to (a) and (b). The volunteer

population has an increased metastasis risk under B than A, but this understates the risk

relative to the ATE.

Figure 4: VATE vs. ATE across Alternative Values of ω
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We take a closer look at the margins of RCT participation in Figure 5, where we display
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a scatterplot of simulated patients by their (α, ϕ) values. For each (α, ϕ) pair, we can

calculate the value from participating in the RCT versus remaining out of it to freely choose

a treatment approach, and we identify the set of patients who would volunteer for the RCT

in at least 75% of cases, based on random draws of their participation payoff value ε. The

solid black line describes the set of patients who meet the 75% participation threshold under

ProtecT’s ω = 20. There is a significant collection of (α, ϕ) pairs outside of the black

boundary with relatively high values of α. These are individuals with a strong enough

distaste for treatment’s side effects that they generally opt-out of RCT participation. We

illustrate the impact of ω on participation by plotting the 75% participation threshold for

values of ω = 16 (red dashed line) and ω = 24 (blue dashed line). With a greater ω, the

collection of participating patients shrinks. The directions of change are intuitive: patients

with lower distaste for side effects or more likely treatment success are less inclined to

volunteer when the protocol reduces access to A. With a reduction in ω, the margins shift

more modestly, with the participation envelope expanding most noticeably at low values of

α. These exercises reveal a significant population of high-α individuals who are outside the

participation envelopes for all ω values we consider. These patients are the least willing to

receive treatment A, and they drive a substantial portion of ATE-VATE differences in the

ProtecT population.
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Figure 5: Impact of ω on RCT Participation
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In Figure 6 we extend the selection analysis of Figure 5 to summarize participation

choices for ω values from 4 to 24. As established in Figure 5, Figure 6 shows that patients

in the highest tercile of α values are the least likely to participate in the RCT. Side-effect

concerns make these patients unlikely to accept randomization. Additionally, Figure 6 shows

that these patients’ participation choices are relatively unaffected by ω; this is due to the

patients’ reluctance to take treatment A, which implies that less restrictive (i.e., lower ω)

counterfactual protocols have little additional value. Patients with α in the lowest tercile are

also less likely to enroll in the RCT than those with intermediate α values. In contrast to

high-α patients, participation by low-α patients is responsive to ω because these individuals

are relatively likely to value the opportunity to switch freely from B to A. Thus, the RCT

becomes more appealing to them when it is less restrictive.
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Figure 6: RCT Participation across ω Values by α and ϕ Terciles
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8 Conclusions

This paper studies how voluntary participation affects the interpretation of randomized con-

trolled trials (RCTs) comparing treatments that are also available outside the experiment.

When patients can obtain their preferred treatment without participating in the RCT, those

who agree to randomization tend to be relatively close to indifferent between treatment

strategies. As a result, treatment effects estimated among volunteers may differ from those

for the full eligible population. An additional complication arises when treatment choices are

dynamic and RCT protocols restrict patients’ opportunities to switch treatments. These pro-

tocols affect both the composition of trial participants and the potential outcomes under the

treatments being compared. We develop a framework that jointly models RCT participation,

treatment choices outside the experiment, and subsequent treatment decisions. Combining

experimental and observational data within this framework allows us to estimate population

treatment effects under the observed protocol and evaluate alternative experimental designs.

We apply our framework to prostate cancer treatment using data from the ProtecT study,

which includes both randomized participants and eligible patients who declined randomiza-

tion and selected their own treatment strategies. Our estimates reveal substantial selection

on patients’ preferences over treatment side effects. Patients who decline randomization and

choose immediate treatment tend to have relatively low aversion to side effects, while those
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who decline and choose surveillance tend to have high aversion. In contrast, selection on pa-

tients’ match with treatment is relatively weak, and differences in observable characteristics

between volunteers and non-volunteers are modest. These findings illustrate how patients’

unobserved preferences can generate substantial sorting into RCT participation even when

the experimental sample appears representative along observable dimensions.

Our estimated model allows us to compare treatment effects among RCT volunteers

(VATE) with those for the eligible population (ATE). Under the observed ProtecT protocol,

the estimated VATE and ATE are approximately equal for 10-year prostate-cancer mortality.

However, the ATE exceeds the VATE for 15-year mortality, and the VATE understates the

population effect on metastasis at both horizons. We also consider counterfactual protocols

that change when patients assigned to surveillance may switch to active treatment. Less

restrictive protocols increase participation among patients who value the opportunity to re-

ceive active treatment earlier, but have relatively little effect on participation among those

with high aversion to treatment side effects. Consequently, changes to switching protocols

affect both treatment outcomes and the selection of patients into the RCT. The relation-

ship between VATE and ATE therefore depends on the experimental protocol, the health

outcome, and the horizon over which outcomes are measured.

Our findings have broader implications for the interpretation of RCT results and their

application outside experimental settings. Even when trial participants resemble the eligible

patient population in their observable characteristics, selection on unobserved preferences

can generate differences between volunteer and population treatment effects. When treat-

ment choices are dynamic, experimental protocols introduce an additional consideration by

affecting both the composition of trial participants and the potential outcomes under the

treatments being compared. Data on patients who decline randomization can provide valu-

able information about the preferences and treatment choices underlying selection into an

RCT. Combined with experimental evidence and a model of patient behavior, these data

can help recover population treatment effects and evaluate alternative treatment protocols.

More broadly, our results illustrate how experimental design can affect both the treatment

effects being estimated and the extent of selection into the trial.
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Appendix A Side effect impacts

To reflect the impact of treatment-related side effects on patient utility, we construct the func-

tion L(q) to provide a normalized loss profile, where q ≥ 0 denotes quarters since treatment

initiation. We construct the side-effect loss profile from mapped Patient-Oriented Prostate

Utility Scale (PORPUS-U) trajectories. Let ̂PORPUSA(q) denote the predicted utility path

q quarters after treatment, and let ̂PORPUSB(q) denote predicted utility path under moni-

toring in the same quarter had treatment not taken place. We define the treatment-related

utility loss as L̃(s) = ̂PORPUSB(q) − ̂PORPUSA(q). PORPUS values may range outside of

[0, 1], so we normalize the time path of side effect impacts by its maximum value over q:

L(s) = L(q)

maxq L̃(q)
. We display the function L̃(q) in Figure 7.

Figure 7: Treatment-related loss profile over time, L̃
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Appendix B Reweighting and Moment Construction

B.1 Initial Conditions

Table 2 summarizes the distributions used to simulate age and PSA at diagnosis. The bin

boundaries are calibrated to the 1,607 men in the ProtecT randomized cohort and the 958

men in the Choice cohort reported in Table 1 of Neal et al. (2020). The RCT assignment

probability is treated as a calibrated input rather than an estimation target: each simulated

volunteer is assigned to treatment A with the observed probability,

488 + 491

1, 607
= 0.609.

Table 2: Distributions Used to Simulate Initial Conditions

Bin Probability Randomized cohort Choice cohort

Panel A: Age at diagnosis (years)

1 0.25 50.00–58.40 50.00–58.74

2 0.25 58.50–62.40 58.75–62.74

3 0.25 62.50–66.40 62.75–65.74

4 0.25 66.50–69.90 65.75–69.90

Panel B: PSA at diagnosis (µg/L)

1 0.25 [3.00, 3.66] [3.00, 3.86]

2 0.25 (3.66, 4.63] (3.86, 4.83]

3 0.18 (4.63, 6.00] (4.83, 6.20]

4 0.07 (6.00, 6.75] (6.20, 6.95]

5 0.15 (6.75, 10.00] (6.95, 10.20]

6 0.10 (10.00, 19.90] (10.20, 19.90]

Notes: Initial age and PSA are drawn within the selected interval and rounded to the model’s

discrete age or PSA grid.
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B.2 Construction of the Empirical Moments

The empirical targets are constructed from published ProtecT cohort counts, risk-set tables,

incidence rates, and baseline characteristics. We adjust these inputs for attrition, align the

published treatment groups with the model, and convert reported rates into probabilities at

the model’s evaluation horizons.

Treatment definitions and enrollment. Treatment A combines prostatectomy and ra-

diotherapy, while treatment B denotes active monitoring. When outcomes are reported

separately for prostatectomy and radiotherapy, the treatment-A rate is their simple average.

Switching and cohort-level outcomes. Switching, metastasis, and prostate-cancer sur-

vival curves are reconstructed from the published numbers at risk and cumulative events.

Let nj denote the number at risk at the start of interval j and Cj the cumulative number of

events. We calculate

dj = Cj+1 − Cj,

cj = (nj − nj+1)− dj,

ñj = nj −
cj
2
,

where dj is the number of new events, cj is the inferred number leaving the risk set for

other reasons, and ñj adjusts for such attrition within the interval. The cumulative event

probability is then constructed by multiplying the interval probabilities of remaining event-

free:

F (tj+1) = 1−
j∏
`=1

(
1− d`

ñ`

)
.

We apply this procedure to treatment-B switching at 2, 4, 6, 8, and 10 years and to the

cohort-level metastasis and prostate-cancer survival outcomes reported at three-year inter-

vals.

Arm-specific outcome rates. The published studies report arm-specific all-cause mortal-

ity, prostate-cancer mortality, and metastasis rates per 1,000 person-years. After converting
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these to annual rates, we define

rnc = rall − rpc,

where rnc is the non-cancer mortality rate. The cumulative probability of death from cause

c ∈ {pc, nc} over T years is

Fc(T ) =
rc
rall

(
1− e−Trall

)
,

and prostate-cancer survival is 1−Fpc(T ). Because prostate-cancer death occurs after metas-

tasis in the model, metastasis is constructed with non-cancer death as the competing event:

Fmet(T ) =
rmet

rmet + rnc

[
1− e−T (rmet+rnc)

]
.

These conversions produce the 10-year arm-specific outcome moments for the RCT and

Choice cohorts. The reported five-year RCT prostate-cancer survival proportions enter di-

rectly.

Fifteen-year RCT outcomes. To combine the published 10- and 15-year results, we

recover the average rate over years 10–15 as

r10–15 =
15r0–15 − 10r0–10

5
= 3r0–15 − 2r0–10.

We apply the preceding formulas to this rate over five years and add the resulting increment

to the corresponding 10-year cumulative probability. This produces the 15-year metastasis,

prostate-cancer mortality, and non-cancer mortality moments.

Appendix C Matched moments and model predictions

Table 3: Predicted and Empirical Moments

Moment No. Description Data Model

Moments regarding RCT enrollment

Continued on next page
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Moment No. Description Data Model

1 Pr(Enrolls in RCT | Eligible) 0.620 0.623

Moments from RCT volunteers under trial restrictions

2 Pr(Switched to A by 24 months after a0) 0.120 0.118

3 Pr(Switched to A by 48 months after a0) 0.253 0.283

4 Pr(Switched to A by 72 months after a0) 0.347 0.458

5 Pr(Switched to A by 96 months after a0) 0.426 0.602

6 Pr(Switched to A by 120 months after a0) 0.481 0.702

7 Pr(Metastasis by 120 months | da0
= B) 0.056 0.056

8 Pr(Metastasis by 120 months | da0 = A) 0.025 0.035

9 Pr(Metastasis by 180 months | da0 = B) 0.099 0.078

10 Pr(Metastasis by 180 months | da0
= A) 0.051 0.056

11 Pr(Survived cancer at 60 months | da0
= B) 0.994 0.995

12 Pr(Survived cancer at 60 months | da0
= A) 1.000 0.997

13 Pr(Survived cancer at 120 months | da0 = B) 0.983 0.979

14 Pr(Survived cancer at 120 months | da0
= A) 0.994 0.988

15 Pr(Survived cancer at 180 months | da0
= B) 0.969 0.958

16 Pr(Survived cancer at 180 months | da0
= A) 0.974 0.973

17 Pr(Dead by non-cancer cause at 120 months | da0 = B) 0.087 0.093

18 Pr(Dead by non-cancer cause at 120 months | da0
= A) 0.097 0.093

19 Pr(Dead by non-cancer cause at 180 months | da0
= B) 0.198 0.197

20 Pr(Dead by non-cancer cause at 180 months | da0
= A) 0.187 0.207

Moments from RCT decliners (Choice cohort)

21 Pr(da0
= A) 0.471 0.490

22 Pr(Switched to A by 24 months after a0) 0.137 0.127

23 Pr(Switched to A by 48 months after a0) 0.259 0.261

24 Pr(Switched to A by 72 months after a0) 0.350 0.377

25 Pr(Switched to A by 96 months after a0) 0.399 0.467

26 Pr(Switched to A by 120 months after a0) 0.443 0.526

27 Pr(Metastasis by 120 months | da0
= B) 0.056 0.063

28 Pr(Metastasis by 120 months | da0 = A) 0.024 0.038

29 Pr(Survived cancer at 120 months | da0
= B) 0.979 0.979

30 Pr(Survived cancer at 120 months | da0
= A) 0.992 0.986

31 Pr(Dead by non-cancer cause at 120 months | da0
= B) 0.092 0.089

Continued on next page
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Moment No. Description Data Model

32 Pr(Dead by non-cancer cause at 120 months | da0
= A) 0.083 0.076

Supplemental moments on metastasis and cancer survival (Neal et al., 2020)

33 Pr(Metastasis by 36 months | RCT) 0.009 0.012

34 Pr(Metastasis by 72 months | RCT) 0.021 0.026

35 Pr(Metastasis by 108 months | RCT) 0.034 0.039

36 Pr(Metastasis by 144 months | RCT) 0.052 0.052

37 Pr(Metastasis by 36 months | CH) 0.014 0.012

38 Pr(Metastasis by 72 months | CH) 0.025 0.028

39 Pr(Metastasis by 108 months | CH) 0.037 0.045

40 Pr(Metastasis by 144 months | CH) 0.053 0.063

41 Pr(Survived cancer at 36 months | RCT) 0.999 0.999

42 Pr(Survived cancer at 72 months | RCT) 0.996 0.994

43 Pr(Survived cancer at 108 months | RCT) 0.993 0.988

44 Pr(Survived cancer at 144 months | RCT) 0.985 0.978

45 Pr(Survived cancer at 36 months | CH) 0.997 0.999

46 Pr(Survived cancer at 72 months | CH) 0.990 0.994

47 Pr(Survived cancer at 108 months | CH) 0.985 0.986

Moments on age and PSA initial conditions

48-50 Initial PSA: RCT, (Q1, Q2, Q3) (4, 5, 7) (4, 5, 7)

51-53 Initial PSA: choice da0
= B, (Q1, Q2, Q3) (4, 5, 7) (4, 4, 6)

54-56 Initial PSA: choice da0
= A, (Q1, Q2, Q3) (4, 5, 7) (4, 6, 8)

57-59 Initial age (in quarters): RCT, (Q1, Q2, Q3) (234, 250, 266) (239, 255, 268)

60-62 Initial age (in quarters): choice da0
= B, (Q1, Q2, Q3) (236, 252, 264) (236, 253, 267)

63-65 Initial age (in quarters): choice da0
= A, (Q1, Q2, Q3) (234, 250, 262) (226, 246, 261)

Appendix D Inference

We calculate standard errors using the standard minimum-distance asymptotic covariance

estimator for simulated method of moments (SMM). This section describes the sampling

covariance of the empirical moments, the finite-simulation covariance, and the numerical

Jacobian used in that calculation. All expressions use the same moment definitions, normal-

izations, and fixed weighting matrix as the point estimation.
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D.1 Covariance of the moment discrepancies

Let zk(θ) for k = {1, 2, ..., K} represent a sequence of predicted moments conditional on

θ, and let zok represent the corresponding empirical frequency. Let u collect the simulation

draws and define the normalized discrepancy for moment k as

gk(θ, u) =
zk(θ, u)− zok

sk
,

where sk is the empirical moment used to normalize that discrepancy. For the age moments,

age is first centered at 200 quarters. Fixed linear contrasts, including the difference between

treatment-arm outcomes, and their covariances are transformed using the same normaliza-

tion. The covariance of the normalized moment vector is

Ω̂ = Ω̂data + Ω̂sim.

Both components describe the covariance of the finite-sample moment vector, so the standard

sandwich estimator does not apply an additional division by sample size.

Because the empirical targets are published summary statistics rather than statistics cal-

culated from common patient-level data, we reconstruct Ω̂data from the information reported

with each target. Enrollment and initial-treatment shares use the binomial variance

V̂ar(p̂) =
p̂(1− p̂)

n
.

For switching, metastasis, and cancer-survival curves, let nj denote the number at risk and

dj the number of events in interval j. We approximate interval censoring and the effective

risk set by

cj = (nj − nj+1)− dj, ñj = nj − 1
2
cj.
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The resulting life-table estimate and Greenwood covariance are

Ŝ(tj) =
∏
`≤j

(
1− d`

ñ`

)
,

Ĉov{Ŝ(ti), Ŝ(tj)} = Ŝ(ti)Ŝ(tj)
∑

`≤min(i,j)

d`
ñ`(ñ` − d`)

.

The same covariance applies to cumulative failure, 1− Ŝ, and preserves dependence among

dates reported on the same curve.

Published cause-specific event rates are treated as Poisson estimators. If Dc events occur

over PY person-years, then

r̂c =
Dc

PY
, V̂ar(r̂c) =

r̂,2c
Dc

.

The rate is converted to a cumulative probability using the same constant-hazard, competing-

risk transformation as the empirical moment,

Fc(t) =
rc

rcomp

(
1− e−trcomp

)
,

where rcomp is the relevant combined hazard. The code averages the surgery and radiotherapy

rates used for treatment A and recovers the rate over years 10–15 from

r10−15 = 3r0−15 − 2r0−10.

A numerical delta method propagates the Poisson rate variances through these transforma-

tions.

The joint covariance of each reported first, second, and third quartile for age and PSA is

estimated using 5,000 pseudo-bootstrap samples. Each bootstrap draws the published group

sample size from a piecewise-uniform distribution that assigns one quarter of its probability

to each interval defined by the reported range and quartiles. Covariance identified within a

common life-table curve or nonlinear rate transformation is retained.

To estimate finite-simulation uncertainty, we independently generate Nsim = 500 com-
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plete model populations at θ̂. Each population contains 1,600 (α, ϕ) types and 30 clones per

type, and all simulated initial conditions and subsequent shocks are redrawn across popula-

tions. Using a full population as the replication unit preserves the dependence among clones

that share type-level heterogeneity. If g(b) is the normalized moment vector from replication

b, then

Ω̂sim =
1

Nsim − 1

Nsim∑
b=1

(
g(b) − ḡ

)(
g(b) − ḡ

)′
.

D.2 Numerical Jacobian and covariance estimator

Let P be the number of estimated parameters and let ej be the jth unit vector. The jth

column of the K × P Jacobian is estimated using a centered finite difference,

Ĝ·j =
g(θ̂ + hjej, u)− g(θ̂ − hjej, u)

2hj
.

The primary step is one percent of the parameter’s scale. The positive and negative evalua-

tions use common random numbers, which removes simulation noise that is unrelated to the

parameter perturbation. The Jacobian and final covariance are expressed in the reported

parameter units. When an unconstrained numerical coordinate is used for a constrained

parameter, the chain rule maps the covariance back to the reported scale.

LetW = diag(w1, . . . , wK), where wk are fixed, block-normalized, moment-specific weights

used in the estimation criterion. In practice, these moments weights are prespecified multi-

pliers that provide additional emphasis on economically important moments.11 Define

Â = Ĝ′WĜ,

B̂ = Ĝ′W Ω̂WĜ.

11For moment number k, as ordered in Table 3, the baseline weights are
(6, 5

11 ,
1
11 ,

12
11 ,

1
11 ,

20
11 ,

2
7 ,

2
7 ,

9
7 ,

3
7 ,

1
15 ,

1
15 ,

1
15 ,

1
15 , 1,

4
3 ,

1
6 ,

1
6 ,

1
6 ,

1
6 ,

24
11 ,

14
11 ,

1
11 ,

15
11 ,

1
11 ,

18
11 ,

5
7 ,

4
7 , 1,

1
3 ,

1
6 ,

1
6 ,

1
14 ,

1
14 ,

1
14 ,

1
14 ,

1
14 ,

1
14 ,

1
14 ,

1
14 ,

1
15 ,

1
15 ,

1
15 ,

1
15 ,

1
15 ,

1
15 ,

1
15 ,

5
9 ,

1
18 ,

1
18 ,

7
9 ,

1
18 ,

1
18 ,

8
9 ,

8
9 ,

8
9 ,

5
9 ,

5
9 ,

5
9 ,

5
9 ,

5
9 ,

5
9 ,

10
9 ,

10
9 ,

10
9 , 2).
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The covariance matrix and parameter standard errors are

V̂θ = Â−1B̂Â−1,

ŜE(θ̂j) =

√
{V̂θ}jj.

The reported inference therefore incorporates both uncertainty in the published targets and

finite model simulation. It conditions on calibrated inputs that are not estimated and does

not incorporate uncertainty from model misspecification.

50



Appendix E Estimation results

Figure 8: Distribution of ω at Switch to A by Cohort
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Figure 9: Patient Success Probabilities
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Figure 10: Patient Characteristics and Differences in Actions under B
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Figure 11: Simulated Patients by ω0, α and ϕ, Separated by Cohort
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