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1. Introduction

Abstract. Problem Definition: Shared decision-making (SDM) processes, in which
doctors and patients work together to choose among treatment options, have gained
increasing support from clinicians and governments. Despite the recognized benefits and
limitations of these processes, clear guidelines on when and how to implement them are
lacking.

Methodology/Results: We develop a stylized analytical model to derive a set of results
characterizing when and how to personalize the treatment decision-making process
between doctors and patients, taking into account the bounded rationality of doctors and
patients. For example, we find that personalizing treatment to account for individual
patient preferences is beneficial when treatments have a large expected medical differ-
ence across patient types relative to the degree of patient decision error. We also find
that the benefits of personalizing treatment to account for individual medical prognoses
depends on the degree of patient decision participation. With patient participation, prog-
nosis personalization can even be detrimental when patients strongly prefer one treat-
ment over the other.

Managerial implications: Challenging common medical belief that advocates for uni-
form increases in personalization, we show that limitations in medical prognoses accu-
racy and human cognition imply the existence of trade-offs between personalization
and standardization on multiple dimensions within doctor-patient SDM processes. Our
results prescribe whether and how to target personalization efforts based on environ-

mental factors, doctor, and patient characteristics.

Key words: shared decision-making, treatment personalization, standardization,

bounded rationality

Healthcare systems are increasingly moving toward patient-centered care, which emphasizes tailor-

ing treatment plans to individual patient needs and preferences through personalization (Breen et al.

2010). This approach involves personalizing treatments based on two key dimensions: medical prog-

noses and patient preferences. The former refers to informing patients about their personalized med-
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ical prognosis regarding risks and outcome predictions, while the latter refers to integrating patients’
lifestyle and risk preferences into treatment decisions by actively involving them in the medical
decision-making process (Rogowski et al. 2015). This approach is often referred to as shared decision-
making (SDM) in the healthcare literature. For example, Coulter and Collins (2011) define SDM as
“a process in which clinicians and patients work together to select tests, treatments, management or
support packages, based on clinical evidence and the patient’s informed preferences”. This collabo-
rative model ensures that treatment decisions align with each patient’s unique needs and preferences
(Daack-Hirsch and Campbell 2014, Bagshaw et al. 2021).

In contrast, standardized medicine (SM) refers to the systematic application of evidence-based pro-
tocols and guidelines to ensure uniformity in healthcare delivery, adopting a one-size-fits-all approach.
These protocols, typically developed through randomized clinical trials (RCTs), focus on the “aver-
age patient” rather than the individual patient (Romana 2006, de Leon 2012). Proponents of SDM
criticize SM for neglecting the individual patient, calling it a “doctor-centered” approach (Sweeney
et al. 1998) that overemphasizes the disease and neglects the subjective needs and desires of the
patient (Haines et al. 2019, Spatz et al. 2017, JM 2018). Such criticisms have driven initiatives like the
United Kingdom’s National Health Service (NHS)’s motto, “no decision about me without me,” and
the acknowledgement that SDM is appropriate in most healthcare situations that involve preference-
sensitive decisions (NHS England and NHS Improvement 2019). The U.S. Patient Protection and
Affordable Care Act similarly promotes SDM (ACA 2010). In 2011, 58 experts from 18 countries
published the Salzburg Statement on Shared Decision Making, calling for clinicians and patients to
use SDM (Salzburg Global Seminar 2011).

Although many experts advocate SDM, doctors often cite challenges in its implementation and
are sometimes reluctant to use it (Légaré and Witteman 2013). One major barrier is patients’ lack of
information literacy. For example, a medical oncologist observed, “Sometimes I feel like if we lay all
the options out there sometimes it confuses them and they are not really making a good decision in
the end” (Zeuner et al. 2015). Another noted, “the main thing that stands in my way [of using SDM] is
the patient’s inability to understand risk.” (Schoenfeld et al. 2019). Additionally, doctors often report
confusion or uncertainty about when SDM should be applied (Baghus et al. 2022, van der Horst et al.
2022, Barker et al. 2019). The use of SDM varies greatly among doctors, even within the same hos-
pital network. While one doctor might routinely involve patients in every decision, stating, “Clinical
practice is about patient education and shared decision making,” another might base decisions solely

on evidence, saying, “I have a manual that I rely on” (Alameddine et al. 2020). Moreover, factors such
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as experience, confidence, and awareness of their limitations also influence how frequently SDM is
implemented (Simmons et al. 2016, Schoenfeld et al. 2018, 2019, Waddell et al. 2021).

In this paper, we develop a stylized analytical model to derive guidelines for when and how systems
should design doctor-patient shared decision making processes. We explicitly incorporate both the
potential benefits claimed by its advocates and the real-world challenges that hinder its use. These
challenges include the cognitive limitations and behavioral tendencies experienced by both doctors
and patients. Specifically, we ask the following research questions: (1) How do patient cognitive limi-
tations affect the optimal personalized medical prognoses communication? (2) Under what conditions
should systems have doctors personalize medical diagnoses?, and (3) Under what conditions should
systems personalize treatment decisions based on patient preferences?

To address these questions, we consider a doctor-patient decision process with two possible treat-
ments. We develop a stylized model in which patients differ in both their medical prognoses under
each treatment and their preferences for these medical prognoses. Doctors have private information
about patients’ medical prognoses, and patients have private information about their preferences about
medical prognoses. Our model incorporates the concept of bounded rationality, acknowledging that
doctors have noisy signals about patient prognoses and that patients may make errors when they try

to apply their preferences to the prognoses that they are given.

No patient participation  Patient participation

Standardized medical prognoses | Standardized Medicine (SM) Patient Choice (PC)

Personalized medical prognoses | Personalized Medicine (PM) Coproduction (CP)

Table 1 Prognosis-to-treatment decision-making processes.

We use our model to compare the performances of the four types of decision-making processes
described in Table 1. These processes vary based on the degree of personalization across two key
dimensions. In medical prognosis personalization, the doctor provides patients with tailored informa-
tion about their specific risks and predicted outcomes. In patient participation, the doctor integrates
patients’ personal lifestyles, values, and risk preferences into medical decision-making by allowing
them to actively participate in the decision-making process.

We now outline the structure of the paper and preview our main results. We review the related
literature in §2 and introduce our model in §3. In §4, we establish how doctors should respond to
cognitive limitations under PM and CP. When providing personalized medical prognosis information,
doctors combine prior knowledge with private, yet potentially noisy, signals of patient prognoses. A

key performance issue here is whether doctors have the metacognition to make adjustments to account
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for their noisy signals (i.e., by using Bayesian weights). Specifically, under PM, we find that doctors
should place Bayesian weights on the priors to account for their random errors accurately. However,
with patient errors introduced under CP, Bayesian weights are no longer optimal. In these cases,
depending on the strength of the patient’s treatment preferences, doctors should adjust the weight on
priors—either increasing or decreasing it relative to the Bayesian weight.

In §5, we identify when clinical guidelines for SDM should advise doctors to personalize medical
prognoses. Without patient participation, the decision to switch from SM to PM depends heavily on
how well calibrated doctors in accounting for their noisy prognoses signals (i.e., how Bayesian they
are). Specifically, we find that switching from SM to PM is always beneficial for Bayesian doctors or
those who rely less (relative to Bayesian doctors) on noisy private information. However, it could be
detrimental for doctors who weigh this private information more heavily than their Bayesian coun-
terparts. On the other hand, with patient participation, the decision to switch from PC to CP depends
on the strength of patient preferences, rather than whether the doctor is Bayesian. More specifically,
when patients have weak preferences between treatments, we show that it is always beneficial to
switch from PC to CP. However, when patients have strong preferences for a particular treatment,
switching from PC to CP could be detrimental. Interestingly, in such cases, prognosis personalization
may lead to a utility loss even for Bayesian doctors. This is because when boundedly rational patients
with strong preferences are involved in decision-making, Bayesian weights are no longer optimal. In
particular, Bayesian doctors “overweight” the signal relative to the optimal weight, which worsens the
performance of prognosis personalization.

In §6, we establish when clinical guidelines for SDM should advise doctors to allow patient par-
ticipation. We show that it is beneficial to allow patient participation (i.e., switch from SM to PC, or
from PM to CP) when the mean difference in treatment effects between heterogeneous patient types
is sufficiently large relative to patient error.

In §7, we synthesize the insights from the previous sections to provide guidance on the optimal
design of prognosis-to-treatment decision-making processes, identifying when SM, PM, PC, or CP
is superior. The decision tree in Figure 2 in §7 summarizes these findings. We conclude in §8 with a

discussion of managerial insights, limitations, and directions for future research.

2. Related Literature
Patient Preference and Prognosis Personalization in the Medical Literature: The medical literature
largely supports personalizing treatment based on both medical prognoses and patient preferences

(Braddock III et al. 1999, Oshima Lee and Emanuel 2013, Veroff et al. 2013, Daack-Hirsch and
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Campbell 2014, Shay and Lafata 2015). However, some studies cite patients’ lack of health literacy as
a significant barrier to effective SDM and advise caution when involving patients with low health lit-
eracy in SDM (McCaffery et al. 2010, Shippee et al. 2015, Palumbo and Manna 2018). Unfortunately,
there are no clear guidelines on how to operationalize SDM—specifically, on when to personalize
treatments to account for medical prognoses and/or patient preferences (van Veenendaal et al. 2018,
Barker et al. 2019, Baghus et al. 2022, van der Horst et al. 2022), leaving such decisions highly
dependent on clinician judgment.

While the existing literature primarily focuses on a dichotomy between standardized medicine (no
personalization) and coproduction (full personalization), this paper offers a more nuanced perspec-
tive. In particular, in addition to standardized medicine and coproduction, we explore intermediate
processes—personalized medicine and patient choice—that allow for personalizing treatment based
on either medical prognoses or patient preferences. In doing so, we contribute to this stream of
literature by providing guidelines for when full personalization (coproduction), no personalization
(standardized medicine), or partial personalization (personalized medicine or patient choice) is most
appropriate.

Finally, while the medical literature frequently cites patients’ lack of health literacy as a barrier to
SDM, it often overlooks doctors’ limitations (McCaffery et al. 2010, Shippee et al. 2015, Palumbo
and Manna 2018). A key contribution of this paper is to consider not only patient errors but also doc-
tor errors when developing guidelines for personalizing treatment to account for individual medical
prognoses and patient preferences.

Patient Preference and Prognosis Personalization in the Healthcare Operations Management
Literature: Patient participation in care decisions and the incorporation of patient preferences have
been modeled in the healthcare operations management literature. For example, Ahn and Hornberger
(1996) consider incorporating patient preferences for health states into the allocation process for
cadaveric kidney transplants, while Batun et al. (2018) consider incorporating patient preferences
for risk into liver acceptance decisions for patients with end-stage liver disease. Ayvaci et al. (2018)
develop a modeling framework that incorporates patient risk preferences into diagnostic decisions
following mammography screening. In optimizing decisions about whether and when to perform
biopsies for patients on active surveillance for prostate cancer, Li et al. (2023) allow the weighting of
reward criteria to vary according to patient preferences.

In addition to treatment personalization based on patient preferences, a growing body of research
focuses on tailoring treatment plans to individual patient prognoses and risk profiles. For example,

Ibrahim et al. (2016) design a partially observable Markov decision process (POMDP) to customize
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anticoagulation therapy based on the patient’s individual response and sensitivity to treatment, with
the goal of minimizing stroke risk. Zargoush et al. (2018) determine the optimal sequence of antihy-
pertensive treatments by considering individual risk factors such as age, gender, and smoking habits.
Chen et al. (2021) introduce a decision support system to customize radiation treatment plans based
on predicted individual outcomes. Hajjar and Alagoz (2023) develop a framework for personalized
screening decisions that take into account patients’ comorbidities such as diabetes and hypertension.

All of these papers assume that decision-makers are perfectly rational, whereas we allow for doctors
and patients to be boundedly rational.

Co-production in the Service Operations Management Literature: Co-production in service sys-
tems refers to customers playing an active role in the creation of the final output. This concept has
received considerable attention in the service operations management literature (Fuchs et al. 1968,
Sampson and Froehle 2006), with many studies analyzing its implications using analytical models.
For example, Xue and Field (2008) consider a co-production process with information stickiness in
consulting services, focusing on work allocation between consultant and client and pricing decisions.
Roels (2014) identifies the optimal design of a co-production process between a customer and a ser-
vice provider by investigating how much interaction is needed. They find that as a task becomes less
standardized, it is optimal to increase the interaction between the customer and the service provider.
Daw et al. (2020) develop new stochastic models for service co-production in contact centers by
incorporating dynamic factors that depend on the mechanics of the interaction, such as the number of
words written by each party. Some studies have examined the optimal contract design for service co-
production. For example, Rahmani et al. (2017) consider a knowledge-intensive project that requires
the involvement of both the client and the vendor. They provide several insights into the optimal
contract design when the client cannot monitor and verify the vendor’s efforts.

Bounded Rationality in Behavioral Operations Management and Judgment and Decision Mak-
ing: Several papers in behavioral operations management consider the role of bounded rationality
in the design of operational systems (Simon 1957). For example, researchers have examined how
bounded rationality impacts the optimal design of supply chain contracts (Ho and Zhang 2008, Kalka-
nci et al. 2011, Su 2008), queues (Huang et al. 2013), auctions (Davis et al. 2014) and forecasting
processes (Kremer et al. 2016, Tong and Feiler 2017, Ibrahim et al. 2021) in the presence of human
random error. Similarly, this paper examines the role of random errors of doctors and patients on the

design of SDM.
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3. Model Setting
In this section, we introduce our modeling framework. In §3.1, we describe the utility functions of the
patients. In §3.2, we present the four different prognosis-to-treatment decision-making processes we

consider in the paper. In §3.3, we model the cognitive limitations of both doctors and patients.

3.1. Patients’ Utility Functions

A doctor and a patient need to decide between two treatments: A and B. These treatments differ in
their risks and benefits along two key dimensions, = and y. We consider two types of patients, called
type-1 and type-2, who differ in the weight they place on each dimension. The utility of treatment ¢

for a type-: patient is given by:
Uip = wi X; + (1 — w;) Y. (1)

Here, X; and Y; represent the medical responses of patients to treatment ¢, indicating the true medical
prognosis along the = and y dimensions, respectively. The parameter w; € [0, 1] captures the impor-
tance of the = dimension for a type-: patient.

We make the following distributional assumptions for analytical purposes: X; and Y; are normally
distributed with means px; and py, and variances 0%, and o%,, respectively.! For algebraic conve-
nience, we assume that 0% , = 0% 5 = 0% /2 and 0% , = 0% 5 = 0% /2, though our results hold without

this condition. An arriving patient is a type-1 patient with probability p and a type-2 patient with

probability 1 — p. Hence, the weight on the x dimension for the average patient is
w = pwy + (1 — p)w,. 2)
The utility difference between treatments A and B for the average type-1 and type-2 patient are:
Apy =wi(pxa — pxp) + (1 —wi)(pya — pys), 3)
Apg = wa(pxa — pxp) + (1 —w2)(pya — piyp). 4)

Let |Apuq| and |Aps| measure the absolute difference in utility between treatment A and treatment B
for the average type-1 and type-2 patient, respectively. As these values increase, the average patient’s
utility for a given treatment becomes more distinct. As they approach zero, patients become more
neutral toward the two treatments.

Without loss of generality, we make the following assumptions:

"We will discuss the necessity of assuming a normal distribution for X; and Y; in Section 3.3.
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» Type-1 patients place a higher weight on the x dimension than type-2 patients, i.e., wy > ws.

» For the average patient, treatment A is “better” on the x dimension, while treatment B is “better”
on the y dimension, i.e., fix4 > pixp and py 4 < py .

* Treatment A is better for the average type-1 patient, while treatment B is better for the average
type-2 patient, i.e., Auq > 0 and Apy < 0.

* Treatment B is better for the overall average patient, i.e., w(puxa—pxp)+ (1 —w)(ya—pyp) <O0.
In general, doctors are considered experts in making medical prognoses, while patients are experts

in their preferences (Ng and Lee 2021, p.4). Therefore, we assume that patients know their type (type-

1 or type-2), but doctors do not. Conversely, we assume that doctors observe the realizations of X,

and Y, for a given patient, but patients do not. The following two examples help conceptualize this

utility model.

Example 1 Consider two treatment options for lung cancer: radiation (treatment A) and surgical
removal (treatment B). Radiation may offer a lower survival time but is usually easier and less painful.
Let X, and Xp denote the ease of treatments A and B, respectively, with px, — puxp > 0 since
radiation is generally easier. Similarly, let Y, and Yp represents the natural logarithm of survival
time under treatments A and B, respectively, with py 4 — py g < 0 since surgical removal is generally
associated with longer survival. Lastly, wy and ws capture the importance placed on ease of treatment

(relative to survival time) by type-1 and type-2 patients, respectively.

Example 2 Consider two drug options for depression: Venlafaxine (Treatment A) and Mirtazapine
(Treatment B).? Venlafaxine generally leads to less weight gain than Mirtazapine but is harder to dis-
continue. Here, X o and X g denote the ease of keeping the weight constant, with jix a1 — puxp > 0. Y,
and Yp denote the ease of discontinuing the drugs, with i1y 4 — py g < 0. Finally, w, and w, represent
the importance placed on the ease of keeping the weight constant versus ease of discontinuation by

type-1 and type-2 patients, respectively.

3.2. Prognosis-to-Treatment Decision-Making Processes

Under a prognosis-to-treatment decision-making process, given the medical prognoses X, = #; and
Y, = 1y developed by the doctor, and the patient’s perceived preferences (w;), the decision maker—
who may be either the doctor or the patient, depending on the process—solves the following opti-

mization problem to select a treatment for a patient of type-i:

Uit (Wi, %0, 51). 5
tef?jljé} t(w Ty yt) (5)

*Mayo Clinic’s decision aid for this choice is available at https://depressiondecisionaid.mayoclinic.org/app/depression.



: Designing Shared Decision-Making under Bounded Rationality
Article submitted to 9

Here, Uit(wi, T4, 1) represents the utility of a type-i patient under treatment ¢, as perceived by the

decision maker. The exact expression of this utility function will be provided below as we introduce

our four prognosis-to-treatment decision-making processes.

» Standardized Medicine (SM): The doctor selects a treatment based on average patient prognoses
and weights without involving patients in the decision-making. Hence, letting w; = w, Z; = px¢

and ¢; = py, in (5), the utility of treatment ¢ perceived by the doctor under SM is equal to:

Use(@, pxe, prye) = @pixe + (1 — @) iy, (6)

Since we assume w(pxa — pxp) + (1 —@)(pya — py ) < 0, SM is equivalent to always choosing
treatment B in our model.

* Personalized Medicine (PM): The doctor makes personalized predictions about the prognoses for

each treatment, X, = #, and Y, = i, and decides based on the average patient weights.? Letting

w; = w in (5), the utility of treatment ¢ perceived by the doctor under PM is equal to:

Uin(@, &1, 1) = 0, + (1 — @) (7)

» Patient Choice (PC): The doctor provides average prognosis values (ux; and py4) to the patient;
who then makes a decision based on their preferences (w;). However, while merging their prefer-
ences with the medical prognoses, the patient adds a random error ;; due to their misinterpretation
of the information shared by the doctor.* Letting w; = w;, #; = pux¢ and 9, = py, in (5), a type-i

patient perceives the utility of treatment ¢ under PC to be

Uit(wi, pxes fye) = Withxe + (1 —w;i) iy + i ()

* Coproduction (CP): Both the doctor and the patient participate in decision-making. The doctor
provides personalized medical prognosis predictions, X,=#;and Y, = Ui, and the patient decides
based on their preferences (w;).? Similar to PC, the patient under CP adds a random error +y;; while
deciding between the two treatments. Letting w; = w; in (5), a type-: patient perceives the utility of

treatment ¢ under CP to be:

A

Uit(wi, &4, Gr) = Wiy + (1 — wi) Ye + Yie- 9

? The personalized medical prognosis predictions, X, and Y}, will be introduced precisely in (11) in Section 3.3.

* The details about patient random error term ~;; will be introduced precisely in Section 3.3.



¢ Designing Shared Decision-Making under Bounded Rationality
10 Article submitted to

The optimization problem in (5) specifies which treatment is selected for a given patient under a
prognosis-to-treatment process. To compare the performances of SM, PM, PC, and CP, we calculate
the expected utilities of these four processes by averaging the actual utilities of the selected treatments
across the entire patient population. Throughout the paper, we use EUM, EUTM, EUTC and EUCT
to represent the expected utilities of SM, PM, PC, and CP, respectively. See Appendix A for the exact
expressions of EUM  EUPM  EUPC and EUCT.

3.3. Doctor and Patient Informational and Cognitive Limitations
In practice, neither doctors nor patients are perfectly rational decision makers. Doctors face imperfect
information and their judgments about a patient’s prognosis may contain random errors (Gigerenzer
and Muir Gray 2011, Kahneman et al. 2016). Patients, too, may struggle to interpret medical infor-
mation and combine it with their personal preferences, often due to limitations like illiteracy and
innumeracy (Williams et al. 2002).

We begin by describing how doctors develop personalized prognosis predictions under PM and CP.

Doctors observe noisy signals S;* and S} about the prognosis on the = and y dimensions, given by:
SX=X,+&% SV =v,+&, (10

where £X’s and £ ’s are identically normally distributed random variables with mean zero and vari-
ances 037 +/2 and O'S,Y /2, respectively. Here, 04 x and o4y capture sources of doctor prognoses errors
including imperfect information as well as inconsistencies in doctor’s judgments. The normal distri-
bution assumption for the errors as well as the prior beliefs (i.e., true medical prognoses X; and Y;
in this paper) is common in behavioral operations management and information-updating literature
(Grossman and Stiglitz 1976, 1980, Morris and Shin 2002, Allen et al. 2006, Feiler and Tong 2022).
We assume that EtX ’s and StY ’s are independent across treatments, dimensions, and patient, and also
independent of X,’s and Y;’s.

The doctor’s predictions for each prognosis dimension, X, and Y}, are then weighted combinations:
Xe=MxSE 4+ (1= Auxe, Vo= S + (L= Av)uye, (1D

where Ax, Ay € [0,1] indicate the doctor’s weight on the signal. Here, the assumption of a normal
distribution for the true medical prognoses (X; and Y;) and doctor errors (EtX and EtY ) ensures that
the predicted prognoses (X; and Y}) fall between the signals and the priors (ux; and py¢). This prop-
erty extends to any symmetric and quasiconcave probability density functions for the true medical
prognoses and doctor errors (Chambers and Healy 2012). Consequently, we believe that our insights

remain valid whenever X;, Y;, &~ and &Y follow symmetric and quasiconcave probability densities.
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We now turn to describing our model under PC or CP. Under PC, the doctor shares average progno-
sis values (Xt = lx; and ?} = py+), while under CP, the doctor shares personalized prognosis predic-
tions in (11). The patient’s perceived utility Uzt() is defined for PC and CP in (8) and (9), respectively.
Here, v;; represents type-: patient’s random error, assumed to be identically normally distributed with
mean zero and variance o7, ,/2, where 0,1 and 0}, capture levels of patient irrationality. We assume
that ;;’s are independent across treatments and patients, and from X;’s, Y;’s, StX ’s, and 82/ ’S.

The probability that a type-: patient selects treatment A is given by:

o o wilia —ip) + (1 —w) (a7
Pi(wiaxtayt):P'y(UA<wi7xA’yA)ZUB(wierayB)):CI)( (Z4=2p) +( )94 yB)),

Op,i

(12)

where ®(.) is the standard normal cumulative distribution function.

4. How Should Doctors Optimally Account for Cognitive Limitations?

We begin by examining how doctors can address their informational and cognitive limitations—both
in assessing patients medically and in their ability to effectively communicate and apply patient pref-
erences into SDM. To do so, it is helpful to define the parameters Ax and Ay from (11), relative to

Bayesian benchmarks:

_ bayes _ bayes
)‘X_ad)‘X s )\y—Oéd)\Y s (13)
bayes __ O'g( bayes __ o’%, . . . .
where 7" = P and Ay’ = Troly represent Bayesian weights on prognosis signals for

dimensions x and y, respectively. Here, oy = 1 reflects a doctor using Bayesian weights, while oy > 1
or og < 1 indicates placing more or less weight on the signals than the Bayesian benchmark.

In models using standardized medical prognoses (SM and PC), doctors do not personalize medical
prognoses. Thus, we focus on how doctors should handle random errors when personalizing medical
prognoses under PM and CP. Optimal weighting, denoted by «];, maximizes the expected utilities

EUFM and EUCF. The following proposition characterizes o,

Proposition 1 (a) Under PM, o;= 1. (b) Under CP, ;> 1 if |Ap| and |Aps| are small; oy < 1 if

they are large.

Under PM where doctors subject treatment decisions only to their own errors, Proposition 1(a)
shows that doctors should mitigate their own prognosis noise by placing the Bayesian weight (ag = 1)

on the priors. However, under CP, Proposition 1(b) shows that doctors should adjust weight depending
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on patient preferences. Specifically, they should reduce weight on priors if patients have weak pref-
erences between treatments (small |Ayq| and |Apus|) and increase it if preferences are strong (large
|Apa| and [Apz]).

The reasoning behind this is that patients with bounded rationality are more likely to choose the
wrong treatment when treatment utilities, based on the medical prognoses provided, are similar.
Therefore, prognosis values that create a clear difference between the utilities of the two treatments
help reduce the likelihood that patients will make the wrong choice. Thus, the doctor’s optimal weight-
ing of priors (ux: and py¢) and signals depends on whether the treatment utilities derived from the
priors are close or far apart. The terms Ay and Ay, in (3) and (4) represent the utility differences
between treatment A and B for type-1 and type-2 patients, respectively, based on the priors. Thus,
(i) when patients have weak preferences (small Ay, | and |Aps|), the treatment utilities calculated
using the priors are similar, and (ii) when patients have strong preferences (large |Au| and [Aps|),
the treatment utilities calculated using the priors are already significantly different. To ensure a sig-
nificant difference in the utilities of the two treatments, in case (i), it is beneficial to deviate from the
priors by placing less weight on them than the Bayesian weight, while in case (ii), it is beneficial to
adhere closely to the priors by placing more weight on them than the Bayesian weight.

In the remainder of the paper, we acknowledge that doctors are not able to place the optimal weight
on the signals. In Section 5, we will show that neglecting these errors in prognosis-sharing signifi-

cantly affects the conditions under which prognosis personalization is beneficial.

5. When Should Clinical Guidelines Advise Personalized Prognoses?

In this section, we analyze when clinical guidelines should encourage doctors to personalize medical
prognoses. Personalization holds promise because it can improve patient outcomes by accounting for
individual treatment responses. However, because doctors’ prognosis predictions are inherently noisy
and may not fully account for patients’ decision errors, personalizing medical prognoses also risks
exacerbating the effects of patients’ cognitive limitations.

To balance these factors, we assess the net effect of prognosis personalization by focusing on two
aspects: doctor accuracy and patient prognosis heterogeneity. To quantify the level of prognosis het-
erogeneity relative to doctor error, we introduce two metrics, rx and ry, defined as follows:

o5 oy
R +XU§7X S e e +YU§’Y. (14)
These ratios, which we call “prognosis personalization ratios” for the dimensions z and y, increase in
prognosis heterogeneity and decrease in doctor error. In this section, we consider two types of settings:
settings without patient participation and settings with patient participation. Table 2 summarizes our

key findings, which we discuss in detail in Sections 5.1 and 5.2.
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Patient participation Conditions Personalize medical prognoses? Corresponding result
Doctors with oy = 1 (Bayesian) Yes Prop. 2
No Doctors with ay < 1 Yes Prop. 3a
Doctors with aig > 1 Yes if rx and ry high; No if low Prop. 3b
Small |Ag;| and |Aps| Yes Prop. 4
ves Large |Apuq| and |Aps] Yes if rx and ry high; No if low  Prop. 5a and 5b

Table2 Summary of Section 5 findings.

5.1. Medical Prognoses Personalization without Patient Participation (PM vs SM)

In this subsection, we consider settings in which patients do not participate in decision-making, and
so their errors do not affect treatment decisions. Our goal is to determine when PM outperforms SM.
This comparison depends on the doctor’s weighting of signals relative to the Bayesian benchmark.

Therefore, we divide our analysis into two cases: Bayesian and non-Bayesian doctors.

5.1.1. Bayesian Doctors. We start by comparing the expected utilities of PM and SM for

Bayesian doctors (ag = 1).
Proposition 2 If oy =1, then EU™™M > EUM  and EU™ increases with rx and Ty

Proposition 2 establishes that, in settings without patient participation and with Bayesian doctors,
PM outperforms SM. Proposition 2 further shows that when prognosis personalization ratios (rx and
ry) are high, i.e., when medical prognosis heterogeneity (ox, oy) is high relative to doctor error
(04,x, 04y), it becomes most valuable to advise doctors to switch from SM to PM. The rationale is
as follows. As discussed at the beginning of Section 5, switching from SM to PM has two oppos-
ing effects: it can enhance patient utility by addressing heterogeneity in patient responses, but it also
exposes treatment decisions to human cognitive limitations due to doctors’ noisy prognoses predic-
tions. As such, to ensure that PM outperforms SM, it becomes crucial for doctors under PM to adjust
their weighting of priors to account for their own noise. Bayesian doctors under PM are able to do so

because they place the optimal weight on priors as per Proposition 1(a).

5.1.2. Non-Bayesian Doctors. For non-Bayesian doctors, we explore whether PM still outper-

forms SM, given that these doctors do not optimally weight signals as Bayesian doctors do.

Proposition 3 Let doctors be non-Bayesian. Then:

(a) If ag < 1, then EUPM > EUM | and EUT™ increases with rx and ry-.

(b) If aq > 1, for a fixed ry (rx), there exists a constant 1x (1y) such that EUTM > EUSM if and
only if rx > x (ry > 1y ). Furthermore, EUT™ increases with rx and vy if and only if rx and ry

are sufficiently large, and it decreases otherwise.
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Proposition 3(a) establishes that for doctors with oy < 1, PM continues to yield higher expected
utility than SM. The rationale is as follows. As noted earlier, prognosis personalization (i) offers the
benefit of tailoring treatments to individual medical outcomes, but (ii) also increases decision errors
due to doctors’ imprecise predictions. Indeed, the second (negative) effect can dominate the first only
if the doctor under PM places more weight on the signal than the optimal weight. However, under
PM, doctors with oy < 1 underweight the signals relative to the optimal weight as per Proposition
1(a), thereby preventing the negative effect from becoming dominant. Furthermore, Proposition 3(a)
suggests that the value of switching from SM to PM increases with higher prognosis personalization
ratios (rx and ry). As these ratios increase—indicating increased prognosis heterogeneity (ox and
oy) or reduced doctor error (04 x and o4y )—the need for prognosis personalization becomes more
pronounced.

On the other hand, since under PM, doctors with a; > 1 place excessive weights on the signals
relative to the optimal weight, as established by Proposition 1(a), the risk of decision errors may
outweigh the benefits, depending on the level of rx and ry. Specifically, Proposition 3(b) establishes
that the benefits of personalization outweigh the negative effect of decision errors if and only if the
prognosis personalization ratios (rx and ry) are sufficiently low.

Moreover, Proposition 3(b) interestingly shows that for doctors with oy > 1, the expected utility
of PM does not necessarily increase in the prognosis personalization ratios (rx and ry). Due to this
non-monotone behavior of the expected utility under PM, the largest gain from implementing SM
(rather than PM) occurs not at low, but at moderate levels of rx and ry (i.e., when there is moderate
medical prognosis heterogeneity relative to doctor error). This is due to two opposing effects: Higher
ratios (indicating greater prognosis heterogeneity relative to doctor error) increase the need to tailor
treatments to individual medical outcomes. On the other hand, as rx and ry increase—either due
to increased heterogeneity or decreased doctor error—, the weight placed on the noisy signal by the
doctor with a,y > 1 becomes even greater (recall (11) and (13)). Depending on which effect is stronger,
the expected utility of PM may increase or decrease in rx and ry. Proposition 3(b) further confirms,
as expected, that implementing PM (rather than SM) is most beneficial at high 7x and 7y since the

expected utility of PM increases with ry and ry if rx and ry are sufficiently large.

5.2. Medical Prognoses Personalization with Patient Participation (CP vs PC)
In this subsection, we consider settings in which patients participate in decision-making, and so their
errors affect treatment decisions. Here, we ask: When does CP outperform PC?

In contrast to Section 5.1, here, since boundedly rational patients are involved in decision-making,

placing the Bayesian weights on the priors in response to human cognitive limitations is no longer
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optimal as per Proposition 1(b). Hence, it is not obvious whether prognosis personalization is still
beneficial for Bayesian doctors (o = 1) and those with oy < 1. Indeed, in settings with patient par-
ticipation, when to encourage doctors to switch from PC to CP depends on the degree of patient
preference. We start by comparing CP and PC when patients have weak preferences between treat-

ments.

Proposition 4 If | Ay | and |Ap| are small, then EUCY > EUYC, and EUCY increases with rx and

Ty.

Proposition 4 demonstrates that if patients have weak preferences between treatments (small | Az |

and |Ays|), CP outperforms PC. Furthermore, as medical prognosis heterogeneity increases relative
to doctor errors (i.e., as ry and 7y increase), the utility gain from prognosis personalization becomes
larger. This effect is observed even for doctors with iy > 1, in contrast to Section 5.1. The reasons for
this are as follows. First, as detailed in Section 5.1, to ensure that prognosis personalization increases
patient utility, it becomes crucial for doctors not to place too much weight on the signal relative to
the optimal weight. However, for boundedly rational patients with weak preferences, doctors with
ag > 1 actually apply the optimal weight to the signal, as per Proposition 1(b). Second, when patients
have weak preferences between treatments, it becomes less clear a priori which treatment is most
appropriate. In these cases, personalizing medical prognoses by providing patient-specific information

can significantly reduce this uncertainty and improve patient outcomes.

Next, we compare CP and PC when patients have strong preferences between treatments.

Proposition 5 If |Ap;| and |Aps| are large, then:
(a) For sufficiently high rx and ry, EUCP > EUPC, and EUCY increases with rx and ry-.
(b) For sufficiently low rx and vy, EUSY < EUYC, and EUCY decreases with rx and ry-.

(c) The effect of rx and ry on the optimality of CP or PC may not be monotone.

Proposition 5(a) demonstrates that in settings where patients with strong preferences are involved
in decision-making (large |Ayq| and |Aps|), prognosis personalization increases patient utility when
medical prognosis heterogeneity is high relative to doctor errors (i.e., high rx and ry). Further-
more, the utility gain from prognosis personalization tends to become more substantial as rx and ry
increase.

On the other hand, Proposition 5(b) establishes that prognosis personalization can lead to a utility
loss when medical prognosis heterogeneity is low relative to doctor errors (i.e., rx and ry are low).

Proposition 5(b) further confirms that the utility loss from prognosis personalization does not always



¢ Designing Shared Decision-Making under Bounded Rationality
16 Article submitted to

Ty

CP is better
than PC

PC is better
than CP

x

Figure 1 lllustration of Proposition 5(c).

decrease as prognosis heterogeneity becomes larger relative to doctor error (i.e., as 7x and 7y become
larger). These findings hold even for Bayesian doctors and those with o,y < 1, contrary to Section 5.1.
The intuition is as follows. As discussed earlier, although prognosis personalization has the potential
to address the heterogeneous needs of each patient, it can lead to significant utility losses if the doctor
overreacts to the noisy signals by placing too much weight on them compared to the optimal weight.
When boundedly rational patients with strong preferences are involved in decision-making, Bayesian
doctors and even those with oy < 1 “overweight” the signal relative to the optimal weight, as estab-
lished by Proposition 1(b). Thus, it is possible that prognosis personalization may be detrimental even
for Bayesian doctors and those with oy < 1.

Proposition 5(c) shows that the effect of ry and ry on the optimality of prognosis personalization
can be non-monotonic. For example, the optimal policy may switch from CP to PC and then from PC
to CP as rx or ry increase (e.g., see Figure 1). One of the reasons for this is that the expected utility
of CP is not monotone in rx and ry. That is, it decreases in ry and ry if rx and ry are sufficiently
low, while it increases in ry and ry if rx and ry are sufficiently high, as established by Proposition
5(a) and Proposition 5(b). Another reason is that in settings with patient participation, an increase in
rx or ry affects the utilities of type-1 and type-2 patients differently. This is because after learning
their individual prognoses from the doctor, each patient type predicts the utility of each treatment by
(1) applying different weights (w; and w-) to the prognoses, and (ii) incorporating random errors with
different variances (o, ; and 0, 2). As a result of this heterogeneous effect of an increase in rx or ry

on type-1 and type-2 patients, whether CP or PC is optimal does not follow a straightforward pattern.

6. When Should Clinical Guidelines Advise Patient Participation?
In this section, we analyze when clinical guidelines should recommend patient participation in the
decision-making process. Specifically, we address the questions: When does PC outperform SM?, and

when does CP outperform PM?
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Patient participation can improve patient utility by accounting for different preferences. However,
because patients may not fully understand medical prognoses or accurately apply their personal prefer-
ences due to bounded rationality, patient participation also introduces potential decision errors. Thus,
the net impact of patient participation depends on the degree of patient error (0,1 and 0, 2) and the
degree of variation in treatment responses between patient types. We quantify this response variation

with a measure d,,:

dp =Ap —Aps = (w1 - w2)(MXA - ,UXB) + (wz - wl)(MYA - MYB)- (15)

A larger d, indicates stronger preferences for different treatments among patient types. The following
proposition identifies the necessary and sufficient conditions under which patient participation (PC or

CP) yields greater utility than no patient participation (SM or PM).

Proposition 6 (a) For given 0,1 and 0,5, there exists a threshold f(o,1,0,2) such that EUTC >
EUSM if and only if d, > f(0,1,0,2). The threshold f(c,1,0,2) increases with o, and o, 5.

(b) For given 0,1 and 0,5, there exists a threshold g(0,1,0,2) such that EUSY > EUPM if 4, >
9(0p1,0p2).° The threshold g(c,1,0,2) increases with o, 1 and o, 5, provided these values are suffi-

ciently large.

Proposition 6 shows that PC and CP tend to perform better than SM and PM, respectively, as
patient error levels (0, and o, 2) decrease and treatment response differences (d,) increase. In other
words, patient participation is beneficial when d,, is high relative to patient error. Higher patient error
increases the risk of choosing the wrong treatment, which weakens the performance of PC and CP
relative to SM and PM, respectively. Furthermore, recall that the doctor does not know whether the
patient is type-1 or type-2. As d, increases, the potential benefit of reducing uncertainty about patient

type by involving patients in decision-making increases, thereby improving patient utility.

7. SDM Optimal Design Decision Tree Summary

In Sections 4, 5, and 6, we analyzed (i) how doctors should manage their cognitive limitations, (ii)
when they should personalize medical prognoses, and (iii) when patient participation is beneficial.
This section synthesizes these findings to outline the optimal design of the prognosis-to-treatment
process, identifying the sufficient conditions under which SM, PM, PC, or CP are superior. Figure 2

presents a summary of these findings in a decision tree, which is explained in detail below.

5As long as avg > 0.5 holds, this condition is also necessary for EUYY > EUTM to hold.
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Figure 2  The best design of prognosis-to-treatment processes.

When the mean difference in treatment effects between type-1 and type-2 patients (d,,) is small
relative to patient error (0, ; and 0, 2), Proposition 6 suggests avoiding patient participation (i.e., SM
or PM is superior). In settings without patient participation, Propositions 2 and 3 establish that medical
prognosis personalization (PM) is beneficial as long as doctors do not over-rely on noisy signals (ag <
1). However, if doctors assign more weight to these signals than the Bayesian benchmark (og > 1), it
may be preferable to standardize prognoses (SM) when prognosis personalization ratios (rx and ry)
are low.

On the other hand, when the treatment effect difference (d,) is large relative to patient error (o,
and 0, 1), Proposition 6 demonstrates that patient participation is beneficial (i.e., PC or CP is superior).
In these settings, Propositions 4 and 5 show that medical prognosis personalization (CP) is advanta-
geous when patients have weak preferences between treatments. However, for patients with strong
preferences, it may be better to avoid medical prognosis personalization (PC) when the prognosis
personalization ratios (rx and ry) are low.

So far, we have identified when SM, PM, PC, or CP is the optimal policy. However, it is equally
important to understand when these policies significantly outperform others. The following corollary

provides insight into the conditions under which each approach provides the greatest benefit:

Corollary 1 (a) SM is most valuable when d,, is low relative to o, and 0,5, o,g > 1, and rx and ry
are moderate.

(b) PM is most valuable when d,, is low relative to 0,1 and 0,9, g =1, and rx and ry are high.

(c) PC is most valuable when d,, is high relative to 0,1 and 0,5, g > 1, and rx and ry are moderate.

(d) CP is most valuable when d,, is high relative to 0,1 and oy, 9, oig <1, and rx and ry are high.
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Interestingly, Corollary 1(a) and 1(c) show that policies without medical prognosis personalization
(SM or PC) significantly outperform those with medical prognosis personalization (PM or CP) when
prognosis heterogeneity, relative to the level of doctor errors, is moderate (i.e., moderate rx and 7y
values) rather than low. This is because under SM and PC, expected utility remains constant across
prognosis personalization ratios rx and ry, whereas under PM and CP, it exhibits a non-monotonic
pattern as these ratios vary, as shown in Propositions 3(b), 5(a), and 5(b).

Furthermore, Corollary 1(d) presents a surprising insight: CP performs significantly better than the
other policies not with Bayesian doctors, but rather when doctors place less weight on noisy private
information than the Bayesian weight. This is because a high d,, implies strong patient preferences
(large |Apy| and |Apsl, see (15)), and in such settings, placing less weight on noisy signals than the

Bayesian weight becomes the optimal weighting policy, as per Proposition 1(b).

8. Conclusions
8.1. Managerial Implications

In medical care, treatment personalization has two key dimensions: medical prognoses and patient
preferences. While the existing literature generally supports personalizing both dimensions, this study
presents a more nuanced approach. Beyond SM, which does not allow for personalization, and CP,
which personalizes both dimensions, we introduce intermediate approaches—PM and PC—that allow
for single-dimension personalization, providing valuable guidance on when to avoid, partially imple-
ment, or fully adopt personalization.

Our findings suggest that when (i) prognosis heterogeneity is high relative to doctor error and (ii)
the treatment effect differences are small relative to patient error, personalizing treatment based on
both medical prognoses and patient preferences should be encouraged. However, in contexts where
patient or doctor errors predominates, personalizing treatment to account for only patient preferences
or only medical prognoses may lead to better outcomes than full personalization, challenging the
common view that full personalization is always optimal.

For policymakers who favor full personalization, reducing random errors in patients and doctors is
crucial. Training programs to improve patients’ health literacy can reduce patient-side errors (Mus-
cat et al. 2019). Alternatively, doctors could elicit patient preferences and integrate them into their
decisions, rather than fully shifting decision-making to patients. Additionally, pooling forecasts from
multiple doctors—using the “wisdom of the crowd”—can help (Surowiecki 2005, Sunstein 2006,
Sjoberg 2009, Davis-Stober et al. 2014), as shown by Kattan et al. (2016), who found that averaging

the predictions of as few as five clinicians yielded prediction accuracy comparable to the that of the



¢ Designing Shared Decision-Making under Bounded Rationality
20 Article submitted to

best single clinician. Group activities and team-based care, such as case conferences, expert consulta-
tions, and morning rounds, are traditional methods to leverage the “wisdom of the crowd” (Radcliffe
et al. 2019).

The coproduction framework outlined in this paper has relevance in many other service contexts,
ranging from supply chain management to financial planning. For example, in retail distribution,
retailers and brand manufacturers work together to allocate store resources. Manufacturers provide
demand forecasts that retailers use to make space allocation decisions. Similarly, in financial planning,
consultants offer guidance to individual investors, who then make decisions based on that information.

We believe that the insights developed here can be applied across such diverse service contexts.

8.2. Limitations and Future Directions

This study has several limitations, which can serve as potential directions for future research. First,
our examination of the coproduction process primarily involves the doctor acting as a “technical
expert,” providing patients with relevant information, and allowing patients to make the final treat-
ment decision. However, coproduction can take other forms, such as doctors incorporating patient
preferences directly into treatment choices. Future work could compare these approaches to find the
optimal design for coproduction.

Second, we did not account for the time that personalization requires. In practice, personalization
typically consumes more of a doctor’s time than standardized methods. Future research could explore
the time aspects of personalization and its impact on clinical workflows.

Third, our model considers personalizing prognoses along both the x and y dimensions. Exploring
optimal designs where only one dimension is personalized could reveal useful insights.

Lastly, we assumed a linear utility model with two treatment options. Future work may delve into

scenarios involving a non-linear utility model and offer a broader perspective on personalization.
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APPENDIX

The appendices are organized as follows. In Appendix A, we derive the exact expressions for the expected utilities under
SM, PM, PC, and CP. In Appendix B, we present proofs for the results in the present paper.

Throughout the proofs, ¢(z) and ®(z) denote the probability density function (pdf) and the cumulative distribution
function (cdf) of the standard normal distribution at point z, respectively. f(x;u,o) represents normal pdf with mean p

and standard deviation o at point . Let Apx, Apy, and Ay denote:
Apx = pixa—fixp, Apy =pya—pyp, and Ap=wApx 4 (1 —w)Apy. (16)

Recall that we assume Apx > 0, Apy <0, and Ap < 0. Furthermore, let us define &; and & as:

7 =/ wry + (1 —w;)2ry fori=1,2,and 5 = /w?ryx + (1 — 0)2ry, (17)

where w, rx, and ry are given with (2), and (14), respectively.
Throughout the appendix, EUM, EUFC, EU™  and EUCT represent the expected utility of SM, PC, PM, and CP,
respectively. Finally, Z{ A} denotes the indicator random variable associated with event A that has value 1 if event A

occurs and has value 0 otherwise.

Appendix A: Derivation of the Expected Utilities under SM, PM, PC, and CP

Lemma Al The expected utilities of SM, PC, PM, and CP, denoted by EU°M, EUYC, EUY™, and EUCT, respectively,

are equal to:

EUSM =wpxp+ (1 —0)py s, (18)
EUPM = Apd (i‘;) +5¢ (i’;) +wpxp+ (1 —0)pyp, (19)
EUPC =pEU{° + (1 -p)EU;“ + wuxp + (1 — ) py 5, (20)
EUC? =pEUE? + (1 —p)EUET +wpuxp + (1 — @) py 5. 1)

In (20) and (21), EUF€ and EUFT are equal to:

A
EUPC — Ap® ( “’) 7 22)
Upﬂ'
Au 52 A
EUS? = A, @ — ol + Oz_dUZ o} = i ) (23)
Vo267 + 02, Va3ei+o2, Vaiai+o2,

where Apy, Apo, Ap, 7; and & are given with (16) and (17), respectively, and ®(.) and ¢(.) are cdf and pdf of the

standard normal distribution, respectively.

Proof: Part I: Since under SM, doctors always choose treatment B, the expected utility of SM is equal to:
EUSM = pEXBvYB [leB + (1 — wl>YB] + (1 _p)EXBvYB ['LUQXB + (1 — 'IU2>YB]
=wpxp+ (1 —0)pys, (24)

where the subscripts in the expectations indicate what variable the expectation is taken over. The first term in the first

equality corresponds to the event that the doctor sees a type-1 patient, whereas the second term corresponds to the event
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that the doctor sees a type-2 patient. Furthermore, recalling that uxp and py s denote the expectations of Xp and Yp,
respectively, the second equality follows from (2).

Part II: The expected utility of PM is equal to:

oY
= PEsx sy xo | (01 Xa+ (1= w)Ya) T (X = Xp) + (1= @) (Vs — V) 2 0} (25)
F (0 X+ (1—w))Ye) T{o(Xa — Xp) + (1 — @) (Vs — Vi) < o}} (26)

(1= DB, sy [ (0o Xa (1= 02) V) T{(X 4 — X )+ (1 - 0) (Vs — V) > 0} @7
(102X + (1= w) V) T{0(X = X) + (1= @) (Va — Vi) < 0} (28)

—Esx s xov [(wXA F(1—@)Y) T{w(Xa — Xp) + (1 — @) (Vs — Vi) > 0}
 (0Xp+ (1 — @) Y5) T{o(Xa — Xp) + (1 — @) (Va — Vi) < 0}} : (29)
where the term in (25) corresponds to the event that the doctor sees a type-1 patient and treatment A is selected, the term
in (26) corresponds to the event that the doctor sees a type-1 patient and treatment B is selected, whereas term in (27)
corresponds to the event that the doctor sees a type-2 patient and treatment A is selected, and term in (28) corresponds to
the event that the doctor sees a type-2 patient and treatment B is selected. Furthermore, the second equality follows from

the linearity of expectation and from (2). For algebraic convenience, we will first derive the expression for the expected

utility difference between PM and SM by combining (18) and (29), and then find the exact expression for EU "™ :
EUPI\J _EUS]\/I
—Esx sy eow |[(0(Xa = Xp) + (1= 0)(Ya = V) T{@(Xa = Xp) + (1= @) (V2 — Vi) 2 0}
= @Egsx s¥ x, [(XA - XB)I{w(XA —Xp)+ (1= @) (Va—Vp) > o}]
+(1—D)Esx g7y, [(YA - YB)I{w(XA —Xp)+ (1= @) (V4 —Yp) > o}}

=wEgx sy |Ex, |:(XA - XB)I{IE(XA —Xp)+ Q=) (Ya—V5) > O}

vasf]

+(1—@)Egx 5 :Eyt {(YA Vo) T{@(Xs — X) + (1= )(Vs ~ V) > 0} ‘SﬁX’StY”

— 0B oy [Ex, [(Xa—Xp) | 85,87 T{(X4 = Kn) + (1 - @)V - Vi) 2 0}

+(1—@)Egx gy :]Eyt [(Ya—Y5) | S¥, Y] I{w(XA —Xp)+(1—@)(Vy— V) > OH

= @By sy |(BIXa | SX] ~E[Xn | S5]) Z{@(Xa— Xa) + (1 - 0)(Va — Vo) 2 0}

+(1-0)Esx sy [(EIYa| Y] ~ElYa | S)) T {0(Xa—Xp)+ (- 0)(Va~Ta) 20}, (0)

where the second equality follows from linearity of the expectation, the third equality follows from the
law of iterated expectations, the forth equality follows from the fact that when S;¥ and SY are given,
T {w(X A—Xp)+ (1 —w)(Ya—Y5)> 0} is not random anymore, and the fifth equality follows from the independence
of S and SY . In (30), using (10), (11) and (13), we can write X, —Xpand YV, — Yy as:

2

o
(Sli(A - Sli(B) + (1 - O‘dgx> Apx = Apx +agy/rxZx,

2
ox +04x

N . o2
X
Xy—Xp=aq4—

2
ox +05x
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~ N o2 o2
Yi-Yg=a,————(SY, — SY l—ag————— | Ay =A Ty Z 31
A B adg% +U§7y( kA w5) T ado@ Toly My by + ag\/Ty Ly, 3D
where rx and ry are given with (14), and Apx and Apy are defined in (16), and Zx and Zy are standard normal random

variables. Similarly, E[X 4 | S¥] —E[Xz | S5] and E[Y, | S} ] —E[Ys | S;] are equal to:

2 2
E[X,|SX]—E[X,|SX]= — X (5% _§X +(1—"X)A — Apx +TxZx,
[ A‘ A] [ B‘ B] J§(+03,X( kA kB) U§(+03’X Hx Hx x4x
o? o2
E[Ya|SK]—E[Ys|SE]= ﬁ(sé —Sip)+ (1 - o%—i—yoiy) Apy =Apy + /1y Zy. (32)

Thus, EUPM — EUSM in (30) could be rewritten as:
EU™™ — EUSM
= 0Bz, 7z, [(Apx +VrxZx) T{w(Apx + aay/rx Zx) + (1 = w)(Apy + aay/ry Zy) 2 0}]
+ (1= w)Ezy 2, [((Apy + 1y Zy) T{w(Apx + cay/rx Zx) + (1= 0)(Apy + a/Ty Zy) 2 0}]
=Kz, 7z, [(Apn+0rxZx + (1 —0)\/Tyv Zy) T{Ap+ aq(@0\/rxZx + (1 —w)\/Ty Zy) > 0}]
=E;[(Ap+3Z)IT{Au+ ay5Z > 0}]

:/ooA " (Ap+ac2)p(z)dz

s (28) o (B2) @

40 Qa0

where Ap and & are given with (16) and (17), respectively, Z is a standard normal random variable, and ¢(z) is the pdf of
the standard normal distribution at point z. The first equality follows from substituting the expressions in (31) and (32) for
Xa—Xp, Y4 — Y5, E[X4 | SX] —E[Xp | S, and E[Y, | SX] — E[Y5 | S4] in (30), the second equality follows from
linearity of the expectation and (16), the third equality follows from plugging 7 Z for w./7x Zx + (1 —w)\/ry Zy, which
are equal in distribution, the forth equality follows from the definition of the expectation, and the fifth equality follows
from algebra. Finally, combining (18) and (33), we conclude that the expected utility of PM is given with (19).

Part I11: The expected utility of PC is equal to:

EUTC =pEy, v, [(leA + (L= w1)Ya) Pr(wi, pxes poye) + (w1 Xp + (1 —wi)Yp) (1 - P (wlaMXtaMYt))}
+(1-p)Ex, v, [(U&XA + (1 —w2)Ya) Po(wa, pixe, prye) + (w2 Xp + (1 —w2)Yp) (1 - P2(w27MXt’,MYz))}
Zp((wlﬂ)m + (1= wi)pya) Pr(wi, pxe, poye) + (wipix s + (1 —wi)py 5) (1= Pr(wy, pixe, HYt)))

+(1 *p)Ext,y,, [(wzﬂxA + (1 —wa) py a) Po(wa, pixe, flye)
+ (wapixp + (1 —ws)pyp) (1 — P2(w2aMXta,UYt))]
:p(wl(:uXA —pixp) + (1 —wi)(pya — NYB))Pl(wlnuthuYt)
+(1-p) (w2(MXA —pixp) + (1 —w2)(pya — NYB))PQ(w%MthuYt)
+wpxp+(1—0)pys

A A
=pAu, @ ( UM1> +(1—p)Ap® ( 0M2> +wpxp+ (1 —w)pys, 34

p,1 p,2
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where P;(w;,Z;,9;) is given with (12). where the second equality follows from (16), the third equality follows from
algebraic manipulations, and the last equality follows from (3), and (4), and substituting the expression in (12) for
Pi(wi, &4, 7).
Part IV: The expected utility of CP is equal to:
EUC" =pEsx 57 x,.v, [(leA + (1= w)Ya) Pr(wy, X, ;)
+ (i Xp+ (1 —wy)Yp) (1 — Pl(wlet; th))}
+ (1 =p)Esx 57 x,.v, [(WQXA + (1= wa)Ya) Py(wa, X, Yy)

+ (s X+ (1—w,)Ys) (1—P2(w27Xt,Yt))]. (35)

For algebraic convenience, we will first derive the expression for the expected utility difference between CP and SM by

combining (18) and (35), and then find the exact expression for EUC T
EUCP . EUS]V[
ZPEsg‘,sz,Xt,Yt [(wl(XA —Xp)+ (1 —w)(Ya—Yp)) P (wlaXuYt)}
+(1=p)Esx 57 x,.v, [(w2(XA — Xp)+(1—w:)(Ya—Ys)) P2(w27Xt,Yt)}

wi (Xa = Xp) + (1 —w)(Va —YB>>

ag

=PEsx sv x,. v [(wl(XA = Xp)+ (1 —w)(Ya—Y5))® <

p,1

)

+a —p)Egg(,s;/,X,,,yt [(w2(XA LX)+ (1= ws) (Ve — Vi) ® <w2(XA - XB) +(1— wz)(ffA - yB))

Op,2

where the second equality follows from plugging the expression in (12) for P;(w;, X, ?}) Following the same steps as
in (30) and (33) (i.e., applying the law of iterated expectations, plugging the expressions in (31) and (32) for X,—Xg,
Vi— Y5, E[X4|SY] —E[Xp | SE], and E[Y, | S¥] — E[Y5 | S4]), we can write EUCY — EUSM as:

EUCP — EUSM — pE,, [(Aul 4 6,2)® (W)] +(1-p)Ey {(AM +5,7) P (W)}
P, P,
Rearranging above expression, we have:
EUCP o EUSM
:p/Oo (Apy+7,2)® (W) d(z)dz+ (1 —p) /oo (Aps +792) <A'u2:0:d022> o(2)dz
—co P, —co P,

U\Va25i o2, ) JaZgit o2, \ \Ja2aitol,

Apiy 0 02 Aps
e B * ) 36
R ( " <\/a§a§ +a§,2> N R agf Ja%o3+ o2, (36)
where the first equality follows from the definition of expectation and the last equality follows from algebra. Finally,

combining (18) and (36), we conclude that the expected utility of PM is given with (21). ]

Appendix B: Proofs of Results
B.1. Proof of Section 4 Results
For the proof of Proposition 1, we first need the following lemma to establish the structure of EUSF given with (23) with

respect to ay.
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Lemma A2 (a) EUFY given with (23) is a quasiconcave function of oy in [1/2, min { ng(d’x , Y;‘“’ H

Y
(b) If |Ap;| < /57 + 02, EUSY increases in oy if ag < 1.
(c)If |Aps| > /67 + 02, EUST decreases in g if ag > 1.

Proof of Lemma A2: (a) The derivative of FUS in (23) with respect to ay is:

OEUSLF o2 252 Apu,
= I {A;ﬁ (fjgz ; ozd>+cr;i]¢ S (37)
Qa (0‘35? +U§,i) 007 + 0, Vool 407,
Let us represent G, (G;, org) by:

G104, 0a) = A (0(05, 00a) — va) + 055, (38)
where 0(7;,04) = % and for notational brevity, we suppress the dependence of G,(5;, ) and 0(G;, ay) on o, ;.
The derivative of G, (7, cvg) with respect to ay is:

8G1(5' Oéd) 2 _ _
P90 %) _ np2 (2905, 00)(1— 0(5:,a4)) — 1 39
o) gt (260101~ 6(01,00) (9)
21 1 1
<A ==(1—-=)—-1)=A2— -1 40
<o (25 (1-5) 1) =2 (5 1), (40)
where the first inequality follows since 6(d;,a4)(1 — 60(G;,4)) is concave in 6(d;,cy) and reaches its

maximum value at 6(7;,cq) = 1/2. Furthermore, we have Ap? (i—l) < 0 for all a; > 1/2. Hence,

5. . 2 403 2 402 . _ .
2G1gi04) < () follows for all o € 1/2,1rn1n{a"0;7d*x,UY Sd.Y H, which means that G,(7;,a4) decreases in
X

dag oy
. G§(+03X o'%«}—o"ziy . cP - . .
ay when a4 € [1/2,min e, . This confirms that EU-" is quasiconcave in o, when ay €
Y
2 2 2
. oxtoax °oytoay
[1/2,m1n{ T T .

(b) The proof is composed of two parts: In part I, we show that EUCT increases in ay for oy € [1/2,1], whereas in part
IT, we show that EUS* increases in ay for o, € [0,1/2].
Part I: Setting g equal to 1 in (37), the derivative of EUST at ay =1 is:
OEUS" oiol, —Ap? Au,
[ a } - b, 3/2[2 K +1}¢ — =) >, 1)
Qg ag=1 ( +o 127 ) o; +0, Vi +0p.

where the inequality follows from |Ap;| < /07 + o ;. Since the derivative of EUFY at ay = 1 is positive by (41) and

2 2 2 2
EUF? is a quasiconcave function of « for ay € [1 /2, min { 7x ;’ X UY?; d.Y H by part (a) of this lemma, we have:
X Y
OREUCP
3 > 0< G1(05,0q) >0 forall oy €[1/2,1]. 42)
(6%

From (42), it directly follows that EUSY increases in ay if oy € [1/2,1].
aEU

Part II: Recalling (37) and (38) from part (a), we need to show that for oy € [0,1/2],

>0<:>G1(0'“Old) > 0.

aGl(Uq ag) a2 Gl(al ag)

Noting that is given with (39),

526'1(0'2-,0401) —A 229(6’“Oéd)(1—9(5'“06d))
903 Hi a2

By (43), %@“ad) >0 forall 0(5;,aq) < 3 & g < \/g_f , and %”;a‘” < 0 for all 8(G;, ag)

is equal to:

(—40(7;,q) + 1). (43)

have two cases:
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Case 1: = 2 . We have W > 0 for all ay € [0,1/2], which implies that %;ad) increases in a4 for oy €
d

[0,1/2]. Smce %’d’ad) < 0at ay =1/2 by (39) and (40), we have %’d"”) < 0for all oy € [0,1/2], which means that

G1(7;, aq) decreases in ay for ay € [0,1/2]. Since G1(7;,aq) > 0 at ag = 1/2 by (42), we conclude that G, (7;,a4) >0

for all oy €[0,1/2].

Case 2: 2= < 3. In the interval [0,1/2], %dad) is a unimodal function of c;, which reaches its maximum at ay =

Thus the maximum value of 291(?:24) in the interval [0, 1/2] is

Vs, Thus, dad
{8G1(0i,ad)} — A2 <3f‘71_1>, (44)
80,

aad
Now, we consider the following two subcases:

Case 2a: 6} < 3207 . By (44), we have {W} - <0wheng; < o2, Since 2G1(@i.0a) §g ponpositive even
g p,i dag
35;

ag=
when it reaches its maximum value at oy = %51 we conclude that %ﬁl%) <0 for all oy € [0,1/2], which means that
G,(7;,aq) decreases in ay for oy € [0,1/2]. Since G,1(7;,aq) > 0 at g = 1/2 by (42), we conclude that G, (7;,a4) >0
for all oy €1[0,1/2].

Case 2b: 57 > S02 .. Recall from Case 2a that if 57 < $02 .. G1(7;, ) is positive for all oy € [0,1/2]. Since G (7, aq)

increases with &; (recall (38)), it follows that when 67 > £072 ., G1(5;, org) Will also be positive for all a4 € [0,1/2].

() Setting ary equal to 1 in (37), the derivative of EUSY at ay =1 is:
OEUS" ool —Ap? Au,
[ : } _ b 3/2[2 b +1}¢ Sl o, (45)
g |, (52 +02)) o;+0,, \Voiton,

where the inequality follows from [Ay;| > /67 4 07 ;. Since the derivative of EUF? at ay =1 is negative by (45) and

U2 (72 0'2 0'2 . .
EUF? is a quasiconcave function of oy for ag € {1 /2, min { %7 %}] by part (a) of this lemma, it follows
X Y

that EUST decreases in ag if ag > 1.
|
Now, we are ready to prove Proposition 1 using Lemma A2.

Proof of Proposition 1: (a) The derivative of EU "™ in (19) with respect to o is:

OERUPM  Ap? 771 s Ap
Oay _ada oy g0 )

It is obvious that ‘9EU7 >0 forall g <1, and 2E— UPY <0 for all ay > 1. Hence, EUTM is a unomidal function, which

reaches its maximum at oy = 1.

(b) It follows from Lemma A2(b) that if [Ap,| < /5% + 02, and [Aps| < /5% + 02, hold, both EUF? and EUS”
increase with ay for all g € [0, 1]. This implies that EU* given with (21) increases with «; for all o, € [0, 1], and thus,
EUCP reaches its maximum value when oy > 1, i.e., oy > 1.

Second, it follows from Lemma A2(c) that if [Ap,| > /67 + 02, and |Ap,| > /63 + 02, hold, both EUS? and

0'2 0'2 0'2 02 . . . . .
EUS® decrease with ay for all ay € |1, min{ X; 4X y*oay H This implies that EUCT given with (21) decreases
X

7y

. . o2 +a'2 o2 +c72 . . .
with o for all oy € [l,mm{ gt X YA H, and thus, EUCF reaches its maximum value when ay < 1, i.e.,
X Y
«
oy <1.
|
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B.2. Proof of Section 5 Results
B.2.1. Proof of Section 5.1 Results

The derivative of EUT* in (19) with respect to rx and ry are equal to

OEU™ _9EU"™ 9o _w?QEU"™  OEUTM _9EU™ 95 _ (1—w)9EU"M )
drx O3 Orx 20 07 dry 95 Ory 25 95

OEUPM Ap? 1 A
= (L (1) r1)e( 2. (47)
oo ag0? \ ay Qg0
Proof of Proposition 2: When vy = 7y = 0, one can easily confirm from (18) and (19) that EUTY — EUSM = (.

Furthermore, we observe from (46) and (47) that BE%;M >0 and % >0 for ay =1, i.e., EUPM increases with both

where

rx and 7y when oy = 1. Since EUPM — EUSM =0 for rx =1y =0, and EUT™ increases with rx and ry for oy =1,
we have EUTM — EUSM >0 for ry > 0 and ry > 0. [ ]
Proof of Proposition 3: (a) When rx = ry = 0, one can easily confirm from (18) and (19) that EUT™ — EUSM = (.
Furthermore, we observe from (46) and (47) that % >(0and % >0 for ay < 1, 1.e., EUPM increases with both
rx and ry when ay = 1. Since EUPM — EUSM =( for ry =ry =0, and EUT™ increases with rx and ry for ay < 1,
we have EUPM — EUSM >0 for rx > 0 and 7y > 0.

(b) The proof consists of two parts: In part I, we will investigate the monotonicity/unimodality of EU " with respect to
rx and ry, whereas in part II, we will analyze when PM outperforms SM.

uvPM

Part I Observe from (47) that when oy > 1, 222" () for all 5 € {0, A2 (1 - ;)) and 2227 = 0 for all

o5 ag G

T >y Aa—*f (1 - chd) Hence, EU"™ is a unimodal function of &, which reaches its minimum at ¢ = , / i—’f (1 — i)

Hence, recalling the definition of & in (17), it follows that for a given rx, we have:

EUPM increases in ry for all 7y >0, ifry > L A2 (1 - i) ,

@qd

PM ; 1 (a1 _ =2
FEU decreases in ry for all ry € [0, a2 ( (1 ad) w Tx)), iy < 1 ap? (1 _ L)
and EUTM increases in ry for all ry € (ﬁ (Aa‘f (1 — i) —w?ry ) ,00),

Similarly, for a given ry-, we have:

. . . 2
EUPM increases in ry for all ry >0, if ry > ﬁ% (1 — i) ,

EUPM decreases inry forall ry € [0, = (A“Q ( — i) —(1- w)%)),

d

and EUTM increases in rx for all ry € (# (A—“ (1 — i) —(1 —w)er) 7oo),

d

Part II: One can easily confirm from (18) and (19) that when & = 0, we have EU"™ — EUSM = (). Furthermore, as &
tends to co, EUPM™ — EUSM goes to oo. Since EUTM is a unimodal function of &, i.e., it first decreases, then increases

in & (recall part I), it follows that there exists a unique threshold 1) such that if & < v, we have EU"M™ < EUSM | and if
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o >, we have EUTM™ > EUSM _ This, together with the definition of & in (17), implies that for a given 7y, we have:

EUPM > EUSM for all ry >0, ifry > %,
EUPM < EUSM forall ry € [o, w)
Y -7 ifry < L2,
and EUTM > EUSM for all ry € (%,oo),
Similarly, for a given ry, we have:
EUPM > BUSM for all rx >0, if ry > L,
BUPM < BUSM forall ry € [0, =007 ), , r
if ry < m

and EUPM > EUSM for all ry € (M,m),

w2

(¥ = (L —w)*ry)”

(1/J2 _ 71)27’)()+

Yx = 1—w)2 and ¢y = 2 )
where x denotes max{x,0}. Using these definitions of 1x and 1y, we conclude that for a fixed ry (rx), EUTM >
EUSM if and only if rx > ¥x (1y > y). [ ]

B.2.2. Proof of Section 5.2 Results

For the proof of Propositions 4 and 5, we first need the following lemma to establish the structure of EUS* given with

(23) with respect to &; given with (17), rx and ry-.

Lemma A3 Consider EUFY and EUFT given with (22) and (23), respectively. Then:
(a) EUiCP is quasiconvex in G;.
(b) If | Aps| < \/202 /g, then (i) EUET increases in rx, and vy, and (ii) EUST > EUFC holds for all rx,ry > 0.
(c) Let |Ap;| > /202 ; /oy and let T; denote the unique value of G; that satisfies the following equation:®
Apjay <

ad62
Quo; +0,,;
Then:
(i) EUFF decreases in G, if 5; < 7;, and it increases in &; if ; > T;.

(ii) There exists a unique threshold n; such that EUSY < EUFC if 6, <n;, and EUFY > EUFC if 5; > n;.

Proof of Lemma A3: (a) The derivative of EUC¥ in (23) with respect to rx and 7y are equal to
OEUL? B OEUCY 95, wy? OEUE? and OEUE? B OEUFY 05, (1 —w;)? OEULY

_ _ 49
a'rx 85‘i a?"X 25'»; aa'i aTY 8@ a""Y 20 aa-i ’ ( )
where
OEUCT Z o =
U _ y0 — [Au?ad (2?(712 — 1) +aiel+ 2J§ Z} 0] % . (50)
J7; (afﬁ? + Ui,i) g0 +0,; ’ m

adﬁg

One can easily confirm in (50) that ApZay ( — 1) +a%07 +202 ; increases in 5;, and thus, EUS" is quasiconvex

252 2
adci+opj

in 6i'

®We show the existence and uniqueness of 7; in the proof.
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(b) Part (i): First note that, if |[Apu,| < 2%ps holds, 6EU " S 0at 7; = 0. Then, EUF® increases in &, for all ; > 0

since EUCT is quasiconvex in ; by part (a) of this lemma. This implies that EUS increases with both rx and ry (recall
from (17) that &; is an increasing function of both rx and ry-).

Part (ii): When rx = ry = 0, one can easily confirm from (22) and (23) that EUSY — EUFC = 0. Since EUFY — EUFC =
0 for rx =7y =0, and FUFT increases with rx and ry as per part [, we have FEUSY — EUFC > 0 for all rx > 0 and

TYZO.

8EU

(¢) Part (i): First note that, if |Ap,| > 20pi holds, < 0 at 5; = 0. On the other hand, 2 tends to zero from

positive values as o, tends to co. Then, by Intermedlate Value Theorem, there exists a value of ; > O, denoted by 7;, that

BU

satisfies T
T

= 0, or, equivalently, (48). Moreover, since EUZ.CP is quasiconvex in &; by part (a) of this lemma, 7; is

unique and EUE® decreases with ; for all &; € [0,7;), and it increases with &; for all 5; > ;.

Part (ii): One can easily confirm from (22) and (23) that when &; = 0, we have EUSY — EUFC = 0. Furthermore, as 7;

tends to oo, EUFY — EUFC goes to co. Since EUFT first decreases, then increases in &; (recall part I), it follows that

there exists a unique threshold ; such that if 5; < 7;, we have EUSY < EUFC, and if ; > n,, we have EUSY > EUFC.
|

Now, we are ready to prove Propositions 4 and 5 using Lemma A3.

Proof of Proposition 4: First, it follows from part (i) of Lemma A3(b) that if [Ap,| < /202, /a, and |Ap,| <

207,/ hold, both EUS” and EUS increase with rx and ry for all rx, 7y > 0. This implies that EU°* given with
(21) increases with rx and ry for all rx,ry > 0.

Second, it follows from part (ii) of Lemma A3(b) that if [Ap,| < \/202 /g and [Aps| < /202 5 /v hold, we have
EUFT > EUFC and EUS? > EUFC. Then, recalling (20) and (21), we conclude that EUY > EUFC forall rx,ry > 0.

|
Proof of Proposition 5: (a) First, it follows from part (i) of Lemma A3(c) that if [As,| > /202, /oy and |Aps| >

202,/ hold, and if &, > 7, and G, > 75, EUC” and EUS'” increase with &, and &, respectively. Recalling from
(17) that both &, and & increase with rx and ry-, this means that when |Az;| > /202, /oy and |Aps| > /202, /ay,
both EUF* and EUS’” increase with rx and ry for all rx, 7y > 0 satisfying wiry + (1 —w;)?ry > 77 and wirx + (1 —
wy)?ry > 72. Then, from (21), it follows that EU T increases with rx and ry for all rx, 7y > 0 satisfying wiry + (1 —
wy)?ry > 72 and wiryx + (1 —wy)?ry > 72, i.e., for sufficiently large rx and ry-.

Second, it follows from part (ii) of Lemma A3(c) thatif [As, | > /202, /ag and [Aps| > /202, /a s hold, and if 5, >
m1 and G5 > 12, we have EUSY > EUFPC and EUS" > EULC. Recalling (17), this means that when [Ap, | > /202 | oy
and |Ap,| > /202 ,/a,, we have EUST > EUTC and EUST > EUTC for all ry,ry > 0 satisfying w?ry + (1 —
wy)?ry >n? and w2ryx + (1 —wsy)?ry > n2. Then, from (20) and (21), it follows that FUY > EUFC forall rx,ry >0
satisfying wiry + (1 —wi)?ry > 77 and wiry + (1 — wq)?ry > 73, i.e., for sufficiently large rx and ry-.

(b) First, it follows from part (i) of Lemma A3(c) that if [Asu,| > /202, /a, and [Ap,| > /202 ,/ay hold, and if
01 <7 and 0y < 7o, EU. IC P and EU2C P decrease with &, and &, respectively. Recalling from (17) that both &, and &,
increase with rx and ry, this means that when [Ap,| > /202, /o, and |Aps| > /202 ,/ag, both EUSF and EUS”

decrease with rx and ry for all rx,ry > 0 satisfying wiry + (1 — w;)?*ry < 72 and wirx + (1 — wy)?ry < 73. Then,
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from (21), it follows that EUCF decreases with rx and ry for all 7x,ry > 0 satisfying wiry + (1 — w;)?*ry < 7 and
wiryx + (1 —w,y)?ry < 72, i.e., for sufficiently low rx and ry-.

Second, it follows from part (ii) of Lemma A3(c) thatif [As, | > /202, /g and [Aps| > /202, /a s hold, and if 57 <
1 and G, < 12, we have EUSY < EUFC and EUS? < EUZC. Recalling (17), this means that when [Ap, | > /202 | oy
and |Ap,| > /202 ,/a,, we have EUSY < EUPC and EUST < EULC for all ry,ry > 0 satisfying w?ry + (1 —
wy)?ry <n? and wryx + (1 —wy)?ry < n2. Then, from (20) and (21), it follows that EUY < EUFC forall rx,ry >0
satisfying wiry + (1 —wi)?ry <n? and wiryx + (1 — wa)?ry < n3, i.e., for sufficiently low rx and ry.
(c) One can numerically check that when p = 0.5, w; = 0.75, wy = 0.25, Apy = 1.25, Apy = —4.25, 0,1 = 0,2 =1,
ag = 1.5, rx =0.5705, the optimal prognosis-to-treatment process is CP at ry = 0.1105, it is PC at ry = 5.4424, whereas
the optimal process switches back to CP at ry = 20.1038. ]

B.3. Proof of Section 6 Results
For the proof of Proposition 6, we first need the following lemma to establish the monotonicity of EUP¢ and EU°* in

(21) and (20) with respect to o, ; and 0, 2

Lemma A4 (a) aEU © <0and OEU S <O0forallc,,,0,,>0.
(b) For aEU o an nd BE;] S we have'

(i) Ifad >1or lfad <1and Apj < 5 “d ~01, we have agU <0 forall 0,, >0, whereas if ag <1 and Ap? >

2
T <01fand0nlylfap1 > \/adalm—adal
(ii) Ifozd210rlfad<1andA/,L2_

152 ywe have 2

we have 2

<0 forall o,, >0, whereas if oy <1 and Ap2 >

2 2
52, we have 2 " <0 if and only ifo,0 > \/adJQ W — %53

l—ay

Proof of Lemma A4: (a) The derivative of EU " with respect to o, ; and o, , are:
EUFC AVT-R AN EUPC Aps (A
OBU™ _ _ “1¢< 'ul)<0,anda v “w( “2><0.

2 o oo o2 o

00 B Op.1 .2 .2
(b) We will prove only part (i). The proof of part (ii) follows the same lines and thus, we skip it. The derivative of EU?

p,1 P,2

with respect to o, ; is:

JEUCP o, ) Ay

e Rl =
= Pl "5 1) a0 ——_— |-
0oy, (a?l&f + 012,,1)3/2 "\aio?+o2, ! Q01 +0,1

We consider the following two cases:

,1

(S

Case 1: ag > 1. One can easily confirm in (51) that when a,g > 1, % < 0 holds for all 0, ; > 0.

Case 2: ay < 1. One can easily confirm in (51) that Ap? (‘13;5%21 — 1) — @40 decreases in o, 1, and thus, EU? is
P,
quasiconcave in o, ;. Now, we consider the following two subcases:

Case 2a: Ap; < =4

. . a? c .
o}. First note that, if Apf < ;=4-57 holds, % <O0ato,;=0.Then, EU” decreases in 7,, ;
D,

0,1 =2 i is quasi ve in o 1
forall o, , >0 since EU“” is quasiconcave in o,

. . _ CcP
Case 2b: Ap? > —=4-52 First note that, if Ap? > 2 holds, 22Y°" > 0 at ¢, , = 0. Furthermore, 22U
1 1 1 ag 9op.1 P, 9op 1
. C
tends to zero from negative values as o, ; tends to oo. Then, since EUCT is quasiconcave in 0,1, hoting that ‘9(‘;3;] 1p
P,

A,ul

becomes equal to zero at 0,1 = /407 AZrags?

— 257, we conclude that EU” increases with o, ; for all 0,,; €

_ Ap? _ —_ Ap? —
28K 4252 2 Bpy 222
[07 \/O‘dal Apltage? Y01 ), and it decreases with 0, ; forall o, ; > \/ozdal Apirags? — Qa0
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We also need to establish the monotonicity of FUTC and EU” in (21) and (20) with respect to d,,.

ad6§

252 2 >
gy +0p11

and 3, = 2475 Then:

252 2
@3%3F%5 2

Lemma A5 Let us set 3, =
(a) EUYC increases in d,.

(b) EUY increases in d,, if we have either (i) 3, < 2, and 35 <2, or (ii) B, > 2, or By > 2, and d,, is sufficiently large.

Proof of Lemma AS5: We introduce a new parameter a > 0, and express pix 4 — ftxp and py 4 — piy g in terms of a in the
following form:

a

a
Hxa—UxB :Au+5, and py 4 — pyp = L — (52)

1—w’
where w is given with (2) and Ay is given with (16). Since, Ap <0, pixa > pxp and py 4 < [y p by assumption, we
need to have Ay + 2 >0 < a > —wApu. Replacing pixa — pixp and gy 4 — py p in (3) and (4) with the expressions in

(52), Apy, Ap, and d, could be written in terms of Ay and ¢ as:

(w1 —w2)(1—p) (wy —ws)p (wy —ws)
Ap =Ap+-——F""——"a, Apus=Ap— ~—% dd,=-—-- 53
1951 ,LL+ ﬁ](l—w) a, 15 14 ’lIJ(l—’LD) a, an P ’LTJ(1—7I]> a ( )
Since we have Ay, > 0 and Ay, < 0 by assumption, we need to have Ay + %a >0&a> ﬂ%. Note

that we analyze the effect of a change in d,, by varying a while keeping p, w;, w,, and w constant.
(a) When we replace Ap; and Ay, in EUTC in (20) with the expressions in (53), and take the derivative of EUTC with

respect to a, we have:

OEUC _ p(1—p)(w, — wy) l@ (AM) VI, (Aul) 8 (Auz) By (Am) >0

- b

da w(1 —w) Op,1 Op,1 Op,1 Op,2 Op,2 Op,2

where Ay, and Ay, are given with (53), and the inequality follows from Ap, <0 < Apy.
(b) The derivative of EUT in (21) with respect to a is:

OEUY  p(1—p)(wr —wy) Ay Apy a0} Ap
= — — ¢ = +' — 1—- 2 -9 2 ¢ —
da (1 — ) Vit toz, ) JaZeitol, \ aigi+ol,)\\JaZal +o2,
B %,uz + %lh (1 - %) ¢ # )
V353402, V353402, Q03 + 0 NG R

where Ay, and Ap, are given with (53). Setting z; = = and z, = Dt and recalling that 5, =

252 2 252 2 >
‘/oado'1+o'p’1 ‘/&d02+0p£

ag;éiii;l’ and f3, = @?57%’ we can rewrite % as:
OREUCT  p(1—p)(w, —ws)
= H - H 4
- S G~ H 8], (54)
where H (z, 8) is equal to:
H(z,B8)=®(2) +2(1 - B)d(2). (55)

dEUCP
a

To investigate the sign of ==

we consider the following three cases:

Case 1: 81 <1and 8, < 1. Since Apy < 0 < Apy, one can directly confirm in (55) and (54) that we have 8Egacp > 0.

Case 2: 5, <2, 8, <2, and B, > 1 or B, > 1. First, note that when oy > 0.5, 5; <2 and S, < 2 immediately holds, i.e.,
ag > 0.5 is a sufficient condition for 5; < 2 and 3, < 2. Without loss of generality, assume that 8, < 3. Then, % in
(54) could be rewritten as:

OEUCF _ p(1 —p)(w, —w,)
da w(l—w)

H(21752)—H(22752)+21(52 —51)¢(21) . (56)
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Since for 1 < <2, H(z, ) increases in z as per Claim 1(a) proved at the end of this lemma and z, < 0 < z; holds, we
have H(z,,02) > H(2,,33). Then, in (56), % > 0 follows (recall that 3, > 3; and z; > 0).

Case 3: 3, > 2 or (3, > 2. Without loss of generality, we again assume that 3, < (3,. Then, aEgaCP in (54) could be

rewritten as:

aEaiCP _r(d Zf(ji(l_uiu; o) T (21, 2) = 1/2) — (H (22, 82) — 1/2) + 2 (5 *ﬁl)fﬁ(zl)] (57)

As per part (ii) of Claim 1(b) proved at the end of this lemma, for a given 8 > 2, H(z,8) — 1/2 > 0 for z > {,(8), i.e.,

for sufficiently large z, whereas H(z,5) — 1/2 <0 for z < (;(8), i.e., for sufficiently low z. Then, if z; > (5(52) and
zo < (1(B2), i.e., a is sufficiently large, we have H(z1,52) —1/2 > 0> H(z, 2) — 1/2, and thus, in (57), % >0
follows (recall that 3, > (3, and z; > 0).

Claim 1: Consider H(z, 3) given with (55).

(a) For a given 8 € (1,2], H(z, B) increases in z for all z € R.

(b) For a given 3 € (2, 00), we have:

(i) H(z,0) increases in z for all z € (foo,f —} U [ 82 oo), whereas it decreases in z for all z €

B-17
(-VEVE)
(ii) There exist two threshold ¢;(8) and (;(8) with (;(8) < 0 < (o(8) such that H(z,5) — 1/2 < 0 for all z €
(_OO,Cl(ﬁ)) U (Oac2(ﬁ)) and H(Zvﬁ) - 1/2 >0 forall z € [Cl(ﬁ)vo] U [C2(6)7OO)

Proof: The derivative of H(z, 3) with respect to z is:

OH(z, (3
WED) _[2-8-20-8)]o). (58)
z
(a) One can easily confirm in (58) that when 1 < 5 < 2, w >0 forall z€R.
(b) Part (i): It is straightforward to establish from (58) that the roots of % are z = — % and z = %. Further-
more, as z tends to —oo or 0o, H(z, ) goes to nonnegative values. Hence, w >0forall z < — % and z > %,

whereas 222 < 0 for all » with —\/%< 2< /55,
Part (ii): First, note that H(z, ) — 1/2 goes to -1/2 as z tends to —oo, it goes to 1/2 as z tends to oo, whereas it is equal to
0 at z = 0. Furthermore, part (i) implies that for z € (—o0, 0], H(z, 8) — 1/2 first increases, then decreases in z, whereas
for z € [0,00), H(z, ) — 1/2 first decreases, then increases in z. Thus, for a given 3 > 2, there exist two threshold ¢, (5)
and (;(B) with ¢, (8) <0 < (2(B) such that H(z, 3) —1/2 < 0forall z € (—o0,(;(8))U(0,((8)) and H(z,5)—1/2>0
for all z € [(1(8),0] U [¢2(B), 00).

|
Now, we are ready to prove Proposition 6 using Lemmas A4 and AS.
Proof of Proposition 6: (a) Let 0, ; and o, , be fixed. First, note that EU”“ — EU" tends to oo as d,, goes to infin-
ity. Since EUP? increases in d, as per Lemma AS5(a), we conclude that there exists a unique nonnegative threshold
f(op1,0,2) such that EUTC — EUSM > ( if and only if d, > f(0,.1,0,.2). In particular, f(c, 1,0,.2) is the value of d,,

which satisfies

EUTC — EUM =0. (59)
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Applying implicit differentiation to (59), the derivative of f (o, 1,0, ) with respect to o, ; is:

a(BUPC _puSM)

f( ) _
6 Op,17 p,2 BOPJ 0
— ( rol ) >O7 for all dp,OpJ,Op,QZ B
p,1 T

. . . PC _ 7 SM PC _ ;7SM
where the inequality follows since OBY__—BUT ) < () as per Lemma A4(a), and QBY___BUZT) > () as per
P

dop.1 ad
Bf(a'pl Upz) >0
do

LemmaAS5(a). Hence, Using tf (o, 1,0,2) increases in o, ;. he same discussion, one can also show that
holds for all o, » > 0.
(b) Let 0,,, and 7, » be fixed. First, note that EU“" — EU"™ tends to oo as d,, goes to infinity. We consider the following

four cases:

Case 1: oy > 1. Note that when oz > 1, we have 3, = % <1,and 3, = ?;giﬁiz < 1. Since when 3, 3, < 2,
EUC? increases in d,, as per part (i) of Lemma A5(b), we conclude that there exists a unique nonnegative threshold
g(0,1,0,2) such that EUYY — EUPM > 0 if and only if d, > g(0,.1,0,.2). Furthermore, since when o, > 1, EU*
decreases in 0, and o, for all 0,,,0,2 > 0 as per Lemma A4(b), g(0,1,0,2) increases in o,, and o, for all

Op,1,0p,2 2 0.

-2 —2

Case 2: 0.5 < oy < 1. Note that when ay > 0.5, we have 3, = % <2, and B, = % < 2. Since when
P, P,

b1, B2 <2, EUY increases in d, as per part (i) of Lemma A5(b), we conclude that there exists a unique nonnegative

threshold g(o,,1,0,.2) such that EUSF — EUPM > 0 if and only if d, > g(0,.1,0,.2). Furthermore, when a,; < 1, as per

p 1a
Lemma A4(b), EUC* decreases in 0, and o, , if and only if o, ; and o, , are sufficiently large.” Hence, we conclude

that g(o,,1,0,,2) increases in o, ; and o, » if and only if o, ; and o, » are large enough.

_2 =2

Case 3: 0 < oy < 0.5 and B, = % <2, and 3, = % < 2. In this case, we reach the same conclusion
da”1 p,1 d-2 p,2

as Case 2, i.e., there exists a unique nonnegative threshold g(o,1,0,2) such that FEUY — EUPM™ > 0 if and only if

d, > g(0y,.1,0p.2). Furthermore, g(o,, 1,0, ») increases in o, ; and o, , if and only if o, ; and o, » are large enough.

Case 4: 0 < oy < 0.5 and B, = ai;’giji;l > 2, or By = %%"7252 > 2. Since when 3; > 2 or 3, > 2, EU®? increases
in d, for sufficiently large d, as per part (ii) of Lemma A5(b), we conclude that there exists a nonnegative threshold
9(0p1,0p,2) such that EUYY — EUP™ > 0if d, > g(0,,1,0,,2). Furthermore, when a4 < 1, as per Lemma A4(b), EU*
decreases in 0, ; and 0, if and only if o, ; and 7, , are sufficiently large.” Hence, we conclude that g(o,, 1,0, 2) increases

in o, ; and o, » if and only if 0, ; and 0, » are large enough. u

B.4. Proof of Section 7 Results
Proof of Corollary 1: (a) It follows directly from Proposition 3(b) and Proposition 6.

(b) It follows directly from Proposition 1(a), Proposition 2, and Proposition 6.

1 lar, if Apd < 2157 (Apd<-21g2), BUCT d i for all p1 > 0 >0

n particular, if Apf < o 01 ne < =453 ), ecreases in op1 (op,2) for all op1 > 0 (0p2 > 0),
ag = _ cpP : A _

whereas if Apf > ; i 01 ( US), EU®" decreases in 0p,1 (0p,2) for all o1 > \/adafﬁ‘gol a3gi (op2 >

A;Lz
2 2 2=2
\/ad02 pr=d FLE
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(c) As per Proposition 6, when d, is large relative to o, ; and o, , patient participation is beneficial, i.e., PC and CP
outperform SM and PM. Hence, for high d, values, it is enough to compare PC and CP. Recall from (15) that high d,
implies high |Ap; | and |Aps|. And, when |Ap; | and |Ap,| are large, PC is most valuable relative to CP for oy > 1 as per
Proposition 1(b), and for moderate rx and ry as per Proposition 5(b).

(d) As per Proposition 6, when d,, is large relative to o, ; and o, 5, patient participation is beneficial, i.e., PC and CP
outperform SM and PM. Hence, for high d, values, it is enough to compare PC and CP. Recall from (15) that high d,
implies high |Ap, | and |Aps,|. And, when |Ap, | and |Ap,| are large, CP is most valuable relative to PC for a; < 1 as per
Proposition 1(b), and for high rx and ry as per Proposition 5(a).
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