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Abstract
I study the physician-patient interaction in medical treatment decisions. For many illnesses, patients seek advice from physicians, who signal the relative value of various treatment
options. Patients then incorporate this information into their treatment decision, aware that it
may reflect not just their own interests but the physicians’ as well. I characterize this interaction
formally using a Bayesian persuasion framework and test the model’s main implications, using
health insurance claims data for a large district in China. Using a Difference-in-Differences
approach, I find that, for a diagnosis for which surgical treatment is somewhat discretionary, a
1 percent increase in physicians’ reimbursement differential between surgical and non-surgical
treatment leads to an 16 percent increase in the likelihood of surgery, with no change in health
outcomes. The effect is 1.5 times larger for more insured patients. I then estimate a parameterized version of the model to calculate the value of fully informing patients about the relative
value of treatments. While only 8 percent of the patients choose surgery, over half of them
would not have done so were they fully informed, whereby total welfare rises by 43 percent.
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Introduction

For many illnesses, patients seek physicians’ advice before deciding on a specific course of treatment. Patients value physicians’ advice precisely because physicians possess more information on
the value of different treatment options. While physicians consider their patients’ well-being when
giving advice, their remuneration interests can cause their own incentives to diverge from those of
the patients. When deciding whether or not to follow physicians’ advice, the patients then take into
account their own and their physicians’ incentives.
It has long been recognized that a physician can use her information advantage to distort her
patient’s choice when treating diagnoses for which substitutable treatment options are available
(Evans, 1974; Fuchs, 1978). Indeed, I exploit a Chinese policy change to show that surgical
treatments for one such diagnosis were chosen nearly three times as often after an increase in
physicians’ reimbursement for surgery, with no change in health outcomes.
This paper examines this physician-patient interaction: what effect do financial incentives for
each side have on the physician-patient relationship and resulting treatment decisions? In terms
of treatment choice, most works analyze the effects of financial incentives for either the patients’
side, assuming that the well-informed patients respond to insurance coverage by independently
demanding medical care (Manning et al., 1987), or the physicians’ side, assuming that the ignorant patients delegating choice completely to their physicians (Dafny, 2005; Ho and Pakes, 2014)
— meaning, in isolation. However, there have been limited attempts to formalize the interaction
of incentives, and the information transmission between the two parties1 . Consequently, the welfare analysis of asymmetric information between the patients and physicians with their incentive
misalignment remains scant.
To overcome this shortcoming, I propose and estimate a novel and tractable model of physicianpatient interaction that allows for both the patients’ and physicians’ financial incentives to influence
the choice of treatment based on the recent literature on Bayesian persuasion (Aumann et al., 1995;
1

In Hackmann and Pohl (2018), both a nursing home manager and patient contribute to the discharge decision,
without information transmission between the two parties. In Dickstein (2011) and Lopez et al. (2019), physicians
have the authorities to decide the treatment, taking into account their own and their patients’ incentives.
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Kamenica and Gentzkow, 2011). Using the estimated parameters, I can then decompose the roles
of physicians’ and patients’ incentives and analyze the welfare impact of physicians’ information
advantage. The structural model is also needed in order to correctly predict the effects of the
observed policy change: ignoring how treatment decisions respond to patients’ and physicians’
financial incentives can bias, or even reverse, the predicted impact on medical costs.
Other theoretical models of physician-patient interaction imply that if the rational patients
know that the physicians’ financial incentives for surgical treatment have become even stronger,
for example due to the Chinese policy change, there should be fewer misdirected patients (surgeries), because patients will become more suspicious (Dranove, 1988) or be more likely to shop
over physicians (Rochaix, 1989). This model implication, however, contradicts with the observed
policy effect. In contrast, my model accounts more realistically for the respective roles played by
the patient and the physician. It predicts that as physicians’ financial incentives increase, physicians can misdirect more patients when the conflict of interest between patients and physicians is
relatively mild; as the conflict of interest increases to some point, however, the physicians have to
decrease misdirecting in order to maintain patients’ trust2 .
I consider a single physician and a single patient with one diagnosis, for which two treatment
options, surgical treatment or non-surgical treatment, are available. In terms of the relative value
of surgical treatment for the patient, there are components related to the patient’s characteristics
and out-of-pocket price that are common knowledge, alongside another component that only the
physician can observe. The physician picks a recommendation rule conditional on the value of
surgery — a value privately known to the physician — by weighing the patient’s benefit against her
own remuneration interests, and consistently applies this rule to every patient that she sees. Then,
after the patient walks into his physician’s office, he receives the physician’s recommendation and
updates his belief about the value of surgery following Bayes rule. From here, the patient selects a
treatment option.
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Bayesian persuasion framework is one of the tools to generate a plausible physician-patient relationship and
study the welfare impacts of asymmetric information. Other related models are discussed in section 2.5.
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The key insight of this model is that the physician has to design a recommendation strategy
that the patient will be willing to follow, even though the patient knows it is biased. Her way
to get patients’ consent is to make sure that the recommended treatment ex-ante gives the patient
greater or equal expected utility, or to satisfy the patient’s obedience constraints. As a result, a
certain proportion of patients who would be better off with non-surgical treatments are misdirected
into surgical treatments — and they choose surgical treatment despite their full awareness that the
physician’s recommendation strategy is designed to maximize her own payoff. A physician, on
the other hand, would only misdirect those patients who would be just slightly better off with nonsurgical treatments, due to the physician’s altruism towards her patients and her desire to provide
credible recommendations to patients who are better candidates for surgery.
My model delivers two testable implications. First, given that not all the patients’ obedience
constraints are binding, as physicians’ remuneration for surgery increases, more patients are misdirected into surgery. Second, a patient with a lower coinsurance rate is easier to persuade: since
he is less price sensitive, his physician can recommend her own preferred treatment with higher
probability conditional on patient’s obedience.
To test my model’s implications, I use four years of health insurance claims data from a large
district in a single Chinese city. I examine a subsample for a particular diagnosis: cervical spondylosis, commonly known as the arthritis of the neck. Cervical spondylosis is an ideal condition
to study treatment decision under alternative financial incentives because, except for those few
patients who suffer from a very severe case, the mode of treatment is somewhat discretionary: surgical and non-surgical treatments tend to be substitutable, and the value of surgery depends on a
physicians’ evaluation of the extent to which the spinal cord is being compressed.
I exploit a setting in China where I observe independent variation in physicians’ remunerations
and patients’ coinsurance rates. In the mid-sized Chinese city where the data were collected, a subset of pilot hospitals implemented a new regulated price menu, whereby surgical treatment became
relatively more expensive as compared to non-surgical treatment. Thus, since physicians’ compensation was (and is) linked to their hospital revenue contributions, the new price menu magnified
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the financial incentives attendant to persuading patients to opt for surgery. Moreover, the policy
change applied to patients with different insurance levels associated with employment and registration status (urban or rural in Hukou system). Since the registration is inherited from a patient’s
mother and is extremely difficult to change, I view the difference in coinsurance rates as plausible
exogenous variation in patient financial incentives.
My empirical analysis starts by measuring the extent to which the treatment mode decisions,
surgical or non-surgical, respond to the policy-driven changes in physicians’ relative remunerations
for surgical treatment in a difference-in-differences (DID) framework. What is unique about my
analysis is that I also document how the treatment responses vary for patients with different coinsurance rates. This heterogeneous response by coinsurance rates thus sheds light on the interaction
between physicians’ and patients’ financial incentives.
The DID analysis yield three insights. First, a 1 percent increase in physicians’ remuneration
differential for surgical treatment led to an 16 percent increase in the likelihood of surgery, which
confirms the first model implication. Second, the response was 1.5 times larger for the group with
lower coinsurance, consistent with the second model prediction. Third, the change in treatment
decision did not contribute to health improvements for either the more insured or less insured, as
measured by thirty-day readmission rate; if anything, patients who were older and poorer were
persuaded into surgical treatment. These changes necessitate a welfare analysis.
Next, I estimate a parameterized version of the model to calculate the value of fully informing patients about the relative value of treatments. To disentangle the role of physicians’ financial
incentives from those of patients’, two sufficient statistics are required: how physicians’ recommendations vary with their remuneration, and how patients’ treatment decisions vary with their
coinsurance rates. Since the model is designed such that patients always follow physicians’ recommendations, it can be estimated without observing physicians’ actual recommendations (which
are hard to obtain in many cases). The effects of financial incentives for each side are separately
identified by independent variation in treatment decisions with respect to physicians’ remuneration
and patients’ coinsurance rates, as shown in the DID analysis.
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With the model estimates, I first highlight the mechanism of interaction and show that the
persuasion model fits the observed treatment choice. To do so, I look at how the observed and
model predicted likelihood of surgery varies with the conflict of interest between the patients and
physicians, measured by the charge differential between surgical and non-surgical treatments, respectively. Consistent with the result generated by observed likelihood of surgery, the relationship
using the model predicted one also exhibits a hump-shape: the likelihood of surgery increases with
the charge differential when the conflict of interest is mild, while decreasing after the conflict of
interest becomes intense enough. The obedience constraints in the model play a crucial role in
generating this non-monotone relationship.
Next I quantify the importance of the informational asymmetry between the two parties. To this
end, I shut down physicians’ financial incentives so that the recommendation strategies are exactly
what patients would choose were they fully informed. In this case, 5 percent of the patients, or 53
percent of the surgery patients, would have chosen non-surgical treatment. Fully informing patients
improves social welfare by 43 percent. Scaling the total welfare cost by the number of misdirected
patients, the welfare cost per misdirected patient is almost half of the average treatment cost.
To understand better the interaction of incentives, I revisit the above counterfactual for the
more insured and less insured separately. A larger proportion of the more insured patients are
misdirected. As a result, the total welfare loss per misdirected patient doubles for the more insured. Thus, the interaction of incentives points to a new channel that works to offset the value of
insurance: since neither the patients nor the physicians internalize the insurer’s costs, lowering the
coinsurance rate provides greater scope for misdirection and thus exacerbates the inefficiency from
information asymmetry. This effect is in addition to the classical moral hazard channel whereby a
patient chooses to consume more care when he is more insured because he does not fully internalize the costs (Manning et al., 1987; Einav and Finkelstein, 2018).
My analysis relates to studies on health care providers’ financial incentives. The literature establishes evidence of financial incentives by using experimental design (Currie et al., 2011, 2014),
variations in provider reimbursements (Yip, 1998; Gruber et al., 1999; Dafny, 2005; Ho and Pakes,
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2014; Clemens and Gottlieb, 2014; Fang and Gong, 2017), kinks in fee schedule (Eliason et al.,
2018; Einav et al., 2018), or binding capacity constraints (Hackmann and Pohl, 2018). My central
contribution to this literature is to decompose the role of physician and patient financial incentives
in a Bayesian persuasion framework. I can thus translate the effects of financial incentives into
welfare statements about the value of information.
My model adds to the theoretical literature on physician-induced-demand. Previous models
cannot rule out the equilibrium without any communication (Dranove, 1988), or the role of the
patients’ financial incentives is ambiguous (Rochaix, 1989; De Jaegher and Jegers, 2000; Pauly,
2009). In addition, unless one can also observe physicians’ actual recommendations, estimating
such models is almost impossible. Even if one can, the hump-shape relationship between the likelihood of surgery and conflict of interest is hard to generate under these frameworks. I highlight
how inducement from physicians depends (in part) on their patients’ insurance coverage. Moreover, my model simplifies analysis by eliminating the need to know what physicians recommended
in reality — data that are hard to obtain in many cases.
Ultimately, my findings about the exacerbation effect of cost sharing shed new light on the value
of health insurance. Empirical work has studied the value of insurance, both to the beneficiaries
(Finkelstein and McKnight, 2008; Brevoort et al., 2018) and to external parties (Finkelstein et al.,
2015; Garthwaite et al., 2018). I go a step beyond the well-recognized moral hazard problem works
to offset the value of insurance, emphasizing that cost sharing facilitates physician’s persuasion and
thus exacerbates the inefficiency that information asymmetry creates, because neither the patient
nor the physician internalizes the insurer’s costs.
The remainder of the paper is organized as follows. Section 2 describes a model of physicianpatient interaction. Section 3 provides institutional details for empirical analysis. Section 4 introduces the data. Section 5 tests the model implications and provides evidence regarding the role
of physicians’ and patients’ financial incentives in shaping treatment decisions. Section 6 discusses the model estimation. Section 7 presents estimation results and welfare analysis. Section 8
concludes.
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2

A Model of Physician-Patient Interaction

2.1

The Treatment Decision Process

I consider a single physician and a single patient i with one diagnosis, for which two treatment
options, surgical treatment (s) or drugs treatment (d), are available. In terms of the relative value
of s to d for patient i, there is a component κi observable to both the physician and patient i and
another component ξi which is a continuous state on (−∞, ∞) unknown to either party before the
patient walks in. The patient and physician share a common i.i.d prior with respect to the true state,
denoted by its cumulative distribution function (CDF), G(x) = P r(ξi ≤ x). However, different
from the patient, the physician has expertise to learn the exact value ξi through performing lab
test and analyzing the results. In other words, it is the ability to learn ξi that gives the physician
information advantage. I assume that other than ξi , there is no private information.
I normalize patient i’s utility from drugs to be 0. Patient i’s utility from s relative to that from
d is
Uis = ξi − κi ,

(1)

where ξi is the relative value of surgery that only physician can learn. κi summarizes the common
knowledge regarding the relative value of s, and is assumed to be a function of patient out-ofpocket price and other characteristics.
Physician’s payoff from treatment d is normalized to be 0 so that the payoff from s, Mis , is
relative to that of d:
Mis = Uis + Fi
where Fi ≡ β ·

(Tis

−

(2)
Tid )

Fi represents financial incentives for the physicians. It is the utility from physician’s relative
income. Tis and Tid are total charges for treatment s and d respectively. Since physician’s income
is proportional to hospital revenue, I use Tis − Tid to represent the physician’s financial incentives
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to perform a surgery 3 . Empirically it is always true that physician can earn more from surgical
treatment for the diagnosis I focus on. Physician’s payoff from s is a weighted sum of the patient’s
utility (Uis ) and her own relative financial incentive (Tis − Tid ). The weight is governed by the
parameter β. As β decreases, the incentives are more aligned. The perfect incentive alignment
case happens at β = 0. Note that except ξi patient observes physician’s preferences, including
physician’s financial incentives.
In the game between the physician and patient i, the timing is as follows: (1) the physician
moves first. To maximize her expected payoff, she designs an experiment which yields a treatment
recommendation strategy σ(ξ, κ, F ) : R3 → ∆({s, d}), a mapping from each triple (ξ, κ, F ) to
the set of all probability distributions over {s, d}. This strategy essentially controls the accuracy
of information provided on ξi . Note that the recommendation will depend on patient i’s out-ofpocket price and demographics, as well as physician’s financial incentives; (2) patient i arrives and
the state ξi is realized and observed only by the physician. Patient i then receives an extra message
about his ξi by observing physician’s recommendation ri ∈ {s, d}; (3) patient i updates his belief
on ξi based on his prior and physician’s treatment recommendation; (4) patient decides whether or
not to follow the physician’s recommendation and payoffs are realized.

2.2

Patient’s Problem and Physician’s Problem

Patient’s Problem. A fully informed patient would choose to take surgery if and only if ξi ≥ κi .
The greater the κi , the more resistant the patient is to surgery.
However, due to the lack of medical expertise, the patient can only rely on physician’s recommendation to get some information about ξi . Because patient moves later and his physician
commits to her strategy, he takes as given physician’s recommendation strategy σi (ξ) (I simplifies
the domain as one-variable, as for patient i, κi and Fi are fixed and known) and ultimate recommendation ri ∈ {s, d}. Combining his prior G(·), he updates his belief on ξi using Bayes’ rule.
3

Because physicians’ bonuses are a commission percentage of the revenue they create, independent of the treatment modes, it is reasonable to model the financial incentives as total revenue instead of profit. In other settings, if
physician cares about hospital profit, Tis can be potentially replaced by Tis − M Cis .
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Given surgery recommendation, the updated expected utility from s is

E

Uis |ri




−1
s
= s, σi (·) = E Ui ξi ∈ σi P r(ri = s) > 0


−1
= E ξi ξi ∈ σi P r(ri = s) > 0 − κi

(3)

where σi−1 (·) is the inverse function of σi (), and P r(ri = s) > 0 represents the probability of
ultimate surgery recommendation strictly positive. If the physician recommends d, the patient
updates

E

Uis |ri




−1
= d, σi (·) = E ξi ξi ∈ σi P r(ri = d) > 0 − κi

(4)

The patient maximizes his payoff by choosing the treatment which gives higher expected utility.
Therefore, given ri = s, patient’s best response is to follow the recommendation (s) if and only if

E Uis |ri = s, σi (·) ≥ 0. Given ri = d, it is optimal to follow the recommendation (d) if and only

if E Uis |ri = d, σi (·) < 0.
Physician’s Problem. Focusing on direct mechanism, before the realization of ξi , and given patient i’s best response to the recommendation, the physician optimally chooses a recommendation
strategy σi (·) to maximize her expected payoff of treating patient i, such that the Bayesian patient
is willing to follow her recommendation even though he knows it is biased:
Z
max
σi (·)

ξ∈σi−1 P r(ri =s)>0

Z



 P r(ri = s) · ξ − κi + Fi dG(ξ) +
{z
}
|
utility if s

ξ∈σi−1 P r(ri =d)>0

 P r(ri = d) ·

0
dG(ξ)
|{z}

utility if d

s.t (Obedience Constraints)


1 E ξi ξi ∈ σi−1 P r(ri = s) > 0 − κi ≥ 0


2 E ξi ξi ∈ σi−1 P r(ri = d) > 0 − κi ≤ 0

(5)

10

Physician’s Cutoff Strategy. Since the physician’s payoff is monotone in ξi , it can be shown that
physician’s optimal strategy should be



s if ξi ≥ ci

σi (ξi ) =



d otherwise.
where ci is a cutoff for ξi , above which she recommends surgery with probability 1, and drugs
otherwise. Appendix A.1 provides the proof. The intuition is as follows: if the physician optimally
recommends drugs with positive probability for some ξi above c∗i , then, there must exist c˜i >
c∗i and physician always recommends surgery for ξi > c˜i , such that the overall probability of
recommending surgery remains the same, but physician has a higher expected utility due to the
higher expected ξi . Cutoff c˜i then constitutes a profitable deviation.
With physician’s cutoff strategy, it is straightforward to write patient’s belief updating. Given
physician’s recommendation s and patient’s belief about physician’s optimal cutoff,

E(Uis |ri = s, c∗i ) = E(ξi |ξi ≥ c∗i ) − κi
Z

∞

x dG(x) − κi
Z ∞
1
·
x · g(x)dx − κi
=
1 − G(c∗i ) c∗i
=

c∗i

(6)

where g(.) is the pdf of ξi . Similarly, if the physician recommends d, the patient updates

E(Uis |ri = d, c∗i ) = E(ξi |ξi < c∗i ) − κi
1
=
·
G(c∗i )
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Z

(7)

c∗i

x · g(x)dx − κi
−∞

Then the physician’s optimization problem is re-formulated as:
∞

Z



max
ci

⇐⇒

max
ci

ci



|

ξ − κi + Fi dG(ξ) +
{z
}

Z

ci

−∞

utility if s

0
dG(ξ)
|{z}

utility if d

 

1 − G(ci ) · E(ξi |ξi ≥ ci ) − κi + Fi
(8)

s.t (Obedience Constraints)
1 E(ξi |ξi ≥ ci ) − κi ≥ 0
2 E(ξi |ξi < ci ) − κi < 0
This formulation indicates that the degree of physician’s inducement is constrained in two
ways. First, she is altruistic and internalizes patient’s utility. According to (8), even though lowering the cutoff increases the probability of surgery (increases 1 − G(ci )) and brings more expected
revenue, it also leads a patient with very low health benefit of surgery to choose surgery (decreases

E(ξi |ξi ≥ ci )), which hurts physician’s payoff. The optimal cutoff needs to balance those two opposing forces. Second, the patient rationally judges the accuracy of the information. If the physician always recommends a particular type of treatment, the patient will find that recommendation
uninformative and will not follow the physician’s recommendation. The patient’s sophistication is
reflected in the two obedience constraints in the physician’s problem.

2.3

Equilibrium Strategies

The Perfect Bayesian Equilibrium requires that both physician and patient strategies are optimal in
expectation given the belief of the relative value of surgery, and the belief is updated according to
the strategies and Bayes’ rule in every path of positive probability.
Since the patient’s incentive compatibility is built into the obedience constraints in physician’s
problem, the recommendation will produce patient’s equilibrium action.
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I solve for the physician’s recommendation strategy using Karush–Kuhn–Tucker(KKT) conditions. Details of deriving optimal cutoff are presented in Appendix A.2. Under the assumption that
physicians get non-negative utility from their revenue (β ≥ 0) and that they can always earn more
from surgery (Fi ≥ 0), which is empirically true, the second obedience constraint will not bind,
and the optimal cutoff c∗i can be written as
c∗i = max{h−1 (κi ), κi − Fid }
where h−1 (x) is the inverse function of h(x) = E(ξi |ξi ≥ x) ≡

(9)
R∞

ξg(ξ)dξ
.
1−G(x)

x

c∗i = h−1 (κi ) corresponds to the corner solution when constraint 1 in physician’s problem
binds. Under this optimal signal, patient is exactly indifferent between s and d when being recommended s. c∗i = κi − Fi is the interior solution where the constraint is nonbinding.
Finally, I verify that equilibrium distribution of patient’s beliefs is Bayes-plausible. I show that
the expected posterior probability equals its prior probability:

P r(ri = s) · P r(ξi < x|ri = s) + P r(ri = d) · P r(ξi < x|ri = d)
=P r(ξi ≥ c∗i ) · P r(ξi < x|ξi ≥ c∗i ) + P r(ξi < c∗i ) · P r(ξi < x|ξi < c∗i )
=P r(ξi < x)

(10)

(by law of total probability)

≡G(x)

2.4

Model Discussions and Implications

Endowing the physicians with commitment power, i.e. committing to the recommendation rule,
sets Bayesian persuasion apart from other games of communication, such as cheap talk (Crawford
and Sobel, 1982), which can deliver similar equilibrium outcomes. The assumption on physicians’
commitment, although in general strong, seems natural in the physician-patient interaction. Physicians’ commitment may arise from the concerns about future credibility or reputation (Best and
Quigley, 2017; Mathevet et al., 2018). If in the long-run a patient can check the frequency of
surgery a physician performs conditional on patient types, the physician who deviates from the
13

recommendation strategy will suffer from reputational damage. More likely, another physician
could observe the frequency and notice potential over-prescription of surgery. The competition
among physicians can cause a physician to disseminate suspicion to the market. Therefore, the
desire to persuade in the future can be one source of commitment.
Another assumption in my model is patient being Bayesian rational. Although the economic
agents do not always respond in a rational way, when it comes to their own health, they will
behave as rational as possible, combining their past experiences and best inferences of physicians’
strategies to update.
The main insight of the model is that even though the patient is aware of physician’s diverged
financial interest, the physician can still succeed in misdirecting the patients by using her information advantage. The scope of the misdirection is bounded by patient’s awareness of the bias
and physician’s altruism towards patient. I further supplement this insight with the following four
propositions.

Proposition 1: Physician provides accurate information (c∗i = κi ) if and only if there is no conflict
of interests (Fi = 0).
Proof: First note that c∗i ≤ κi with the equality holds if and only if Fi = 0. Then I only need to
show that providing accurate information is equivalent to c∗i = κi . Recall that Uis > Uid is equivalent to ξi > κi , and a patient who knows ξi will sets κi as his own cutoff, as shown in Panel A
of Figure 1. Therefore, c∗i = κi indicates an overlap of physician’s and patient’s cutoffs and more
importantly physician recommends surgery if and only if surgery give patient higher utility. Q.E.D.

Proposition 2: c∗i is non-increasing in Fi , but only strictly decreasing if patient’s obedience constraints are not binding. For the unconstrained physicians, the probability of surgery is strictly
increasing with physicians’ financial incentives.
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𝒊 𝒊Changes of Physician’s Cutoff When Varying Physician’s and Patient’s Incentives
Figure 1:
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)*（）
*

（
）

*

Note: The figure
)* )* shows possible changes in physician’s optimal cutoff for an increase in physician’s financial incentives (Panel（A,（B, and C) or patient’s financial incentives (Panel D). The shape is arbitrarily drawn.
））

Proof: If c∗i = κi − Fi , it is decreasing in Fi . Then P r(ξi ≥ c∗i ) is increasing in Fi . As Fi
continue to increase to the point when κi − Fi drops below h−1 (κi ), c∗i = h−1 (κi ) and it is constant
in Fi . Q.E.D.
Indeed, as physician’s financial incentives become positive, the physician will always set a
cutoff lower than what a patient would do if he knows ξi (in this case the patients set κi as his
own cutoff). Comparing Panel B to Panel A of Figure 1, the physician’s optimal cutoff is now
to the left of κi . Some patients who gain lower utility from surgery (the shaded area) are pooled
with the patients who indeed get higher utility from surgery (to the right of the shaded area).
Since physician recommends surgery even to the patients who benefit more from drugs, patients
receiving the surgery recommendation are never certain about whether the surgical treatment is
better for them or not. The shades indicate the probability (portion) of patients being persuaded
to opt for surgery due to inaccurate information. The model also implies that due to physician’s
altruism, she only misdirects patients on the margin, i.e., patients who would just be slightly worse
off with surgery.
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The comparative statics of the distance between physician’s and patient’s cutoffs with respect
to the physician’s financial incentives highlight the importance of the obedience constraints.
∂(κi − c∗i )
= 1{h−1 (κi ) < κi − Fi } · 1 + 1{h−1 (κi ) ≥ κi − Fi } · 0
∂Fi

(11)

Equation (11) indicates that when Fi is sufficiently small and the obedience constraint is not
1∗
binding, increasing Fi enlarges the distance, consistent with the change from c0∗
i to ci in Panel

C of Figure 1. However, if at c1∗
i the obedience constraint starts binding, even if Fi keeps rising
further, the physician’s cutoff will remain the same, in order for the her recommendations to be
credible.

Proposition 3: κi − c∗i is decreasing in κi , for all shapes of prior with relatively thin tails, when
obedience constraints are binding. That is, the less resistant to s the patient (for example, the more
insured), the more likely to be persuaded by the physician.
Proof:

∂(κi −c∗i )
∂κi

= 1{h−1 (κi ) ≥ κi − Fi } · (1 −

1
)
h0 (κi )

+ 1{h−1 (κi ) < κi − Fi } · 0. When

the obedience constraint is binding, the first indicator is on. I only need to show that 1 −
negative. To see this, note that
h(x) =E(ξ|ξ > x)
R∞
ξg(ξ)dξ
= x
1 − G(x)
R∞
−ξ(1 − G(ξ))|∞
x + x (1 − G(ξ))dξ
=
1 − G(x)
R∞
(1 − G(ξ))dξ
=x + x
1 − G(x)
R∞
g(x) x (1 − G(ξ))dξ
0
Therefore, h (x) − 1 =
−1
(1 − G(x))2
R∞
g(x) x (1 − G(ξ))dξ − (1 − G(x))2
=
(1 − G(x))2
Z ∞
<0 iff
(1 − G(ξ))dξ log-concave
x
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1
h0 (κi )

is

0

Note also that h (x) > 0. Q.E.D.

Graphically, Panel D of Figure 1 indicates that when a patient is more insured, he himself will
lower his own cutoff because he is less sensitive to price. This moral hazard effect is displayed as
the cutoff movement from κ0i to κ1i . In addition to this effect, facing the same physician’s financial
incentives, the physician can now further lower her cutoff to c0∗
1 , since the more insured patient is
more likely to say yes to the physician’s recommendation.

Proposition 4 (value of information): If patient i becomes fully informed, there is expected utility
gain for the patient and utility loss for the physician.
Based on proposition 1, the patient will be correctly informed when the physician’s financial
incentives are eliminated (Fi = 0) because now the physician’s payoff is exactly the patient’s
0

payoff. The equilibrium cutoff will increase from c∗i = max{h−1 (κi ), κi − Fi } to c∗i = κi . The
0

cutoff change will affect the recommendation for patient i with ξi such that c∗i ≤ ξi < c∗i . The
expected change in patient utility is
Z

κi

(κi − ξ) d G(ξ|max{h−1 (κi ), κi − Fi } < ξ < κi ).

(12)

max{h−1 (κi ),κi −Fi }

Given the range of ξ, the expected utility change for patient is positive. For the physician, she gains
the same amount as patient’s utility gain, but loses some utility due to revenue loss, the expected
change in physician utility is
Z

κi

(κi − ξ − Fi ) d G(ξ|max{h−1 (κi ), κi − Fi } < ξ < κi ).

max{h−1 (κi ),κi −Fi }

Since ξ ≥ max{h−1 (κi ), κi − Fi },
κi − ξ − Fi ≤ min{−h−1 (κi ), Fi − κi } + κi − Fi .
≤ 0.
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(13)

Therefore, the physician suffers from utility loss if he has no private information.
Note that the social value of information will take patient and physician’s welfare and insurer’s
cost into consideration. Intuitively, the expenditures are pure transfers among the three parties.
Whether the society gains depends on whether there is any patient gain other than his out-of-pocket
savings. As a result, the sign of the social value of information relies on the model parameters.

Relation to Kamenica and Gentzkow (2011) (KG). I first show that after partitioning the
continuous unknown state to binary, my model delivers some optimal signal properties as in KG.
I define a binary state: ξi ≥ κi or ξi < κi . This is equivalent to Uis ≥ Uid or Uis < Uid . Following
KG, the physician chooses a signal structure with two probabilities: probability of recommending surgery conditional on surgery giving patient higher utility, denoted as p1 , and probability of
recommending surgery conditional on surgery giving patient lower utility, denoted as p2 .
p1 ≡ P r(ri = s|Uis ≥ Uid )
= P r(ξi ≥ c∗i |ξi ≥ κi )
=1
p2 ≡ P r(ri = s|Uis < Uid )

(14)

= P r(ξi ≥ c∗i |ξi < κi )
P r(ξi < κi |ξi ≥ c∗i ) · P r(ξi ≥ c∗i )
P r(ξi < κi )
G(κi ) − G(c∗i ))
=
∈ [0, 1)
G(κi )

=

Note that p2 = 0 corresponds to c∗i = κi , meaning information is accurate. This signal structure
is consistent with the optimal signal properties in KG, in a way that the signal receiver (the patient)
is only certain about the state when he chooses the sender’s (physician’s) least-preferred action
(d). Although p1 = 1 implies that the physician will recommend s for sure if s indeed gives higher
utility to the patient, p2 < 1 suggests that the physician recommends surgery even to some patients
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who benefit more from drugs. Therefore, only when the physician recommends d, the patient is
certain that d gives higher utility for him.
Lastly, under the optimal signal c∗i = h−1 (κi ) (corner solution in equation (9)), patient is
exactly indifferent between s and d when choosing s. This optimal signal property, which I term
as “persuading to the maximum”, is also consistent with that in KG. However, different from KG,
the obedience constraints can be non-binding for some physicians. The reason is that in my case the
physician is altruistic to the patient and he must weigh the patient health against revenue interest.
As a result, persuading to the maximum may not be optimal.

3

Institutional Details and Context

3.1

Hospital Reimbursement, Physician Income, and Patient Insurance

My empirical analysis is based on a large district with a population of about 1 million in a single
city in China. Hospitals in this district are paid on a fee-for-service basis, with the fees set by
the government. Under fee-for-service reimbursement, a hospital is paid for each medical service
separately. To treat arthritis of neck, for example, a hospital will bill for the physician’s consultation, each test (e.g., X-Rays, CT scan, MRI, or blood tests), each procedure (acupuncture, physical
therapy, or surgery), and daily inpatient care (bed and nursing) — all independently. This payment
scheme is in contrast to the bundled payment scheme, whereby a hospital is paid a single price for
all of the services needed for an entire episode of care, such as the diagnosis-related group (DRG)
system adopted by the Centers for Medicare and Medicaid Services (CMS) in the U.S..
Physicians in the Chinese system work as employees of hospitals, and their income consists
of two parts: a fixed salary, and a variable component, which is a commission percentage of the
patient care revenues that the physician generates. The fixed salary accounts for less than a quarter
of the physician’s total income (Ran et al., 2013).
In China, there are three types of medical insurance: government-provided urban employment
insurance, government-provided resident insurance, and private insurance. The two government19

provided insurances are exclusive, and the private insurance can be purchased either in addition
to the government-provided insurance or on its own. In this study, I do not observe any private
insurance claims information; however, excluding private claims still yields a broadly representative sample, as only about 1 in 20 people in China owns private insurance4 . I focus, thus, on
government-provided insurance alone, which cover about 95 percent of the population in the area
under study.
An individual is eligible and mandated to take urban employment insurance if he works in one
of the formal sectors and holds an urban registration (“hukou” in Chinese). All other citizens —
that is, those with rural registration or those with urban registration but without a formal-sector job
— are eligible for the resident insurance. Because registration of rural or urban status is given at
birth and is extremely hard to convert from one type to another5 , people do not self-select into a
government-provided insurance type based on their own health condition and preferences.
That said, each insurance provides the same coverage for its beneficiaries, and an insurance
contract is structured in the following way: at each visit, the patient pays the medical charge
completely out-of-pocket until reaching the deductible amount6 . After reaching the deductible
amount, the patient then pays a fixed percentage (i.e., coinsurance rate) of the covered portion of
care for subsequent medical services, while his insurance plan pays the rest. Within one plan-year,
however, once the covered amount exceeds an allowed reimbursement ceiling, the patient goes
back to paying 100 percent of all his medical expenses for the remainder of that year7 .
I compare the generosity of the two government-provided insurance plans by plotting the outof-pocket price, given the total price of a medical treatment under each plan. To display the annual
4

http://image-src.bcg.com/Images/BCG-Opportunities-Open-Up-Chinese-Private-Health-Insurance-Aug2016t cm30 − 63204.pdf
5
The Hukou system categorizes each Chinese citizen as either a rural Hukou holder or an urban Hukou holder,
by his place of origin. A person’s Hukou is usually inherited from his mother. The conversion from rural to urban
Hukou can only happen through recruitment by a state-owned enterprise (zhaogong), enrolment in an institution of
higher education (zhaosheng), promotion to a senior administrative job (zhaogan) and migration for personal reasons.
Moreover, there is an annual quota for the conversion, fixed at about 0.15 percent of the urban Hukou population of
each locale (Chan and Zhang, 1999).
6
The deductible resets at every visit. This is different from that in the U.S. where the deductible resets yearly.
7
The definition of coinsurance maximum in China also differs from that in the U.S.; in the U.S., by contrast, it is
defined as the maximum a patient could have to pay out of pocket in one year before the insurance covers 100 percent
of the bill.
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generous. In the following analysis,
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Figure 2: Insurance Financial Characteristics and Patient Out-of-Pocket Price
Note: The figure plots patient’s out-of-pocket price against total charge of a medical treatment for each insurance
plan based on its deductible (D), coinsurance rate (C) and allowed reimbursement ceiling (A), assuming this is the
first time a patient uses insurance in that plan year. Since the financial characteristics are different based on hospital
tier (primary, secondary and tertiary) within each insurance type, I use the average of deductibles and coinsurance
rates across hospital tiers weighted by the market share of each tier. Plotting the average is without loss of generality
because the urban employment insurance is more generous conditional on hospital tier.

For my focused diagnosis, cervical spondylosis, a diagnosed patient will face a total charge
between $611 and $25,306, depending on the pattern of treatment. Under either insurance, the
total charge always exceeds the deductible and is not likely to hit the annual limit just because of
this disease alone. Therefore, the out-of-pocket price difference by insurance type is largely due to
the difference in coinsurance rates.
8

I use purchasing power (ppp) parities to transform CNY to US dollars. The ppp metric indicates around RMB3.5
per US dollar starting from 2010.
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3.2

Price Regulation and Drug Mark-up Cancellation

Public hospitals receive funding through service charges, drug sales, and government budget allocation. Since hospitals in China run their own pharmacies, drugs also contribute to hospital
revenue. The Chinese government regulates prices of both hospital medical services and of drugs9 .
Prior to the 1980s, the government strictly controlled the price, keeping patients’ costs very low to
make healthcare more affordable. However, as government funding for hospitals decreased sharply
in the 1980s10 , the government allowed hospitals to mark-up drugs by up to 15 percent above procurement prices, as a means of offsetting some of the revenue lost through diminished funding. In
fact the 15 percent mark-up restriction was usually binding. As such, drug sales gradually became
the major source of revenue for hospitals (Yang et al., 2017); in 2009, drugs sales accounted for 42
percent of the total revenue for public hospitals on average, an amount almost 4 times greater than
direct government subsidies (Zhang et al., 2014).
Although this 15 percent markup policy helped to fund public hospitals’ operations, “gradually
it evolved into a way to reap profits, contributing to worsening problems such as over-prescribing,
an excessive use of antibiotics by hospitals, and rising medical expenses.” according to Wang Hesheng, vice-minister of the Health and Family Planning Agency. Partly due to this over-prescription,
China’s health care expenditure has outpaced its GDP growth by 3% in the past two decades.
To combat the drug over-prescription incentive associated with the 15 percent drug mark-up,
then, the central government, through the Suggestions of the CPC Central Committee and the State
Council on Deepening the Reform of the Health Care System in April, 2009, stated that the drug
mark-up should be gradually eliminated in public hospitals. The cancellation of the drug mark-up
forced hospitals to sell drugs at hospitals’ cost of purchase (i.e., the centralized procurement price),
aiming to remove the link between drug prescription and hospital revenue. In order to compensate

9

After 2015, private hospitals, which constitute 20 percent of the hospital market share, were allowed to set their
own market price. Due to the monitoring by governmental price regulation agency and the competition with the public
hospitals, the price set by private hospitals was very close to the regulated price.
10
The government funding decreased from about 60% of the total hospitals’ income in the 1970s to less than 10%
in the 2010s according to the Ministry of Health’s public records.
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partially for hospitals’ revenue loss, meanwhile, the new legislation allowed local authorities to
adjust the prices of medical service.
For the remainder of this paper, I will refer to the cancellation of the drug mark-up and the
adjustments of procedure prices as the price menu change or the policy change. The policy’s
introduction was staggered in the order of primary, town-level, and city-level hospitals, its roll-out
decided by the central government. Country-wide implementation entailed three phases.
In the first phase, between April 2009 and April 2012, all the primary health care institutions
across the country implemented the policy. The second phase started in April 2012, when 300
town-level hospitals from different areas also piloted the policy. By the end of 2015, all town-level
hospitals were obligated to have implemented it. In the third phase, the policy also reached all
city-level hospitals by September 30, 2017. By this time, the policy had taken effect nationwide.
Under this designated timetable, however, the exact implementation date and the extent of
price adjustments in each city were left to be decided by local governments. The local government
usually announced a price menu change in certain hospitals one month before the policy’s implementation date. As shown in Figure 3, in each locale, the price menu change occurred at three
different stages for different hospital tiers11 .
That said, for the purposes of my analysis, it is important to note that during the observed
period in the district, only one price menu change occurred. 5 hospitals were subject to the policy
(treatment hospitals) , while the other 23 hospitals were not (control hospitals). Aggregating the
individual procedure price changes into treatment level, surgical treatment became relatively more
expensive in the treatment hospitals, as compared to non-surgical treatment.
Phase 1

Phase 2

Primary Hospitals

Town-level Hospitals

Phase 3
Time
City-level Hospitals

Figure 3: Policy Roll-out in Each City

Policy Shock
11

The exact changes in the price menu in each stage may be different.
old

L
(P)

new
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H
(D)

Utilization
(less insured patient)

4

Data

I use de-identified claims data from one district in a single city in China. The data come from
China’s Medical Insurance Bureau, which is affiliated with Ministry of Human Resources and
Social Security. The data contain all the records for 635,321 hospital inpatient visits12 across all 28
hospitals in this district, classified into 1,396 ICD-10 codes13 . The observation period encompasses
10 quarters prior to the policy change and 6 quarters afterwards.
Each inpatient record is time-patient-hospital specific. It includes patient ID, hospital ID, admission and discharge dates, diagnosis name, ICD-10 code, total costs by procedure category
(i.e., medicine, traditional Chinese medicine, surgery, materials, lab, facility, nursing, etc.), out-ofpocket price to patient, insurance payment totals, patient insurance type, patient coinsurance rate,
age, gender, whether patient is below the poverty line, and whether patient receives subsidies.
I focus on a particular diagnosis, cervical spondylosis (ICD-10 Code: M47)14 . My justification for singling out cervical spondylosis is that both non-surgical and surgical treatments are
highly substitutable for it, which makes the treatment choice discretionary to some extent15 . For
this diagnosis, surgical treatment refers to an episode of care including a surgery, along with the
surgery’s related tests, medications, and hospital stay. Non-surgical treatment usually consists of
physical therapy, medications, and any possible related tests and hospital stay. In addition, among
all conditions with highly interchangeable treatments, cervical spondylosis is the most common,
constituting 1.5 percent of my total observations.

12

For a follow up visit, I combine its information to the first visit and count as one visit record.
ICD-10, International Statistical Classification of Diseases and Related Health Problems 10th Revision, includes
alphanumeric codes published by World Health Organization to represent diagnoses. It is widely used by doctors and
health insurance companies across the world to ensure uniformity.
14
Cervical spondylosis refers to the degeneration of the disks and joints in the neck, or cervical spine. It is commonly called arthritis of the neck.
15
Based on my data, the expected thirty-day readmission rate, the only health outcome measure I have, is the same
for surgical and non-surgical treatment, conditional on patient characteristics. In addition, my consultation with 3
orthopedic professionals and 5 PhD students specializing in orthopedics in China reassures the substitutability; for
few patients with very severe pain and damage, surgery will probably outperform non-surgical treatment. Otherwise
the treatment choice largely depends on the degree the spinal nerve is being pinched by a herniated disk or bone and
the extent to which spinal cord is being compressed.
13
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For this diagnosis I define a treatment mode indicator, and set it to turn on if surgery is among
the procedures a patient undergoes for his diagnosis. To measure health outcome, I define a readmission dummy. Given that a single patient’s inpatient records can be linked together over time,
I take each non-followup visit to indicate that the visit preceding the non-followup was of low
quality. Thus, I set the dummy equal to 1 if I observe a patient seeking inpatient services for the
same diagnosis within the following 30 days. Furthermore, to avoid any censoring issue, I exclude
observations within 30 days before the data’s end date. For a robustness check in the empirical
analysis, I also use readmission defined by 60 and 90 days interval separately. The final sample,
then, contains 10,596 observations (i.e., visits).
Table 1: Summary Statistics for Cervical Spondylosis

Variable
Demographics
Age
Gender (male = 1)
Insurance (urban = 1)
Treatment Outcomes
Treatment Mode (surgery = 1)
Treatment Charge ($ in thousands)
-Surgical
-Non-surgical
Readmission
Hospitals
Treatment Hospital Dummy

Mean

SD

25 Perc 50 Perc

75 Perc

54.70
0.38
0.52

13.25
-

46
-

54
-

64
-

0.08
1.51
3.03
1.37
0.01

1.37
3.41
0.87
-

0.87
1.70
0.84
-

1.27
2.03
1.21
-

1.80
2.73
1.63
-

0.42

-

-

-

-

Table 1 contains summary statistics for the 10,596 visits. In terms of patient demographics, the
average patient age is 55, and there are more female patients than male. About half of the patients
are the more insured. In terms of utilization, 8 percent of the visits are surgical. The average
treatment cost for cervical spondylosis is $1,514. Surgical treatment costs over twice as much as
non-surgical; in fact, with very few exceptions, the former is consistently more expensive than the
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latter. The thirty-day readmission rate within is 3 percent. In addition, 42 percent of the visits
happen in the treatment hospitals.

5

Evidence of Financial Incentives

This section serves two purposes. First, to test the model implications, I exploit the policy change
regarding physicians’ relative reimbursements: I examine how physicians respond to their own financial incentives (Proposition 2), and explore how physicians’ responses depend on patient coinsurance rates (Proposition 3). Second, if I can confirm these two implications, then it would suggest
that there are sufficient variation in the data to disentangle the financial effects on patients’ utility
from the effects on physicians’ utility in my model.

5.1

The Effect of Price Menu Change

I investigate whether the price menu change led to changes in the probability of surgery, treatment
cost and health outcome. I do this using an event study framework as follows:

Yiht = αh + ηt + Ii +

−1
X

βk · Dh · Qk +

6
X

βk · Dh · Qk + iht

(15)

k=1

k=−9

Yiht is an outcome measure for inpatient case i in hospital h during quarter-year t. αh and ηt
denote hospital fixed effects and quarter-year fixed effects respectively. Ii is insurance indicator
which turns on when the patient of visit i is the more insured. Dh is an indicator variable which
equals to 1 if hospital h is a treatment hospital. Qk is an indicator variable for the kth quarteryear relative to the time of the policy. ith is the error term. The coefficients of interest are βk ,
for a series of interaction terms between treatment hospital indicator and quarter-year dummies. I
omit the quarter immediately preceding the policy change so that the outcomes are relative to that
quarter. The analysis extends from 10 quarters before to 6 quarters following the policy.
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In addition to equation (15), I also estimate an equation in which the six post-policy quarter
indicators are replaced by a single post-policy indicator P ost, in order to capture the average
treatment effect for the treated. I examine both the care utilization and health outcomes. For
utilization, I choose Yiht to be the indicator for surgical treatment and treatment cost respectively.
For health outcome, I use the thirty-day readmission dummy as the dependent variable.
Figure 4 shows the dynamic effects (Dh × Qk ) by plotting the estimated βk coefficients with 95
percent confidence intervals for surgery probability (panel A), treatment cost (panel B), and readmission probability (panel C). It also displays the average effect (Dh ×P ost) of the implementation
of new price menu over its first six quarters. For all the measures, none of the pre-policy coefficients (βk with k < 0) is statistically significant, suggesting parallel trends between the treatment
and control hospitals prior to the policy.
Following the implementation of the policy, there was a significant rise in the surgery probability, and it persisted for at least one year and a half. During the first six quarters after the policy,
the surgery probability rose by 11 percentage points, or 275 percent. Consequently, panel B shows
a sharp and persistent increase of the treatment cost per inpatient stay, by 37 percent. Despite the
treatment effect on health care utilization, the price menu change led to no significant change in
health outcomes as measured by the thirty-day readmission rate.
To gain a better understanding of the marginal patients who chose surgery due to the policy,
I compare the patients with surgical treatment pre-policy to the ones in the post-policy period.
As shown in Table 2, the surgery patients in post-policy period were on average 1.5 years older,
and with 7 percentage points higher probability to be below poverty line or receive subsidy, as
compared to the surgery patients in the pre-policy period. These differences are significant under 5 percent significance level. There is no significant gender ratio difference between the two
groups. The comparisons indicate that the physicians responded to financial incentives by persuading patients who were worse surgery candidates, both in terms of complication risks and budget
constraints, to opt for surgical treatment.
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Figure 4: Effect of Price Change on Health Care Utilization and Outcome: Event Study
Note: The figure shows the effect of the policy on health care utilization and outcome measures for Cervical Spondylosis. It plots regression coefficients and their 95 percent confidence intervals from equation (15), using indicator for
surgery (panel A), treatment cost (panel B) and thirty-day readmission dummy (panel C) as the dependent variable
respectively. Effects are normalized to the end of the quarter just prior to the policy. The number of observation is
10,596. Standard errors are clustered at hospital level.
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Table 2: Surgery Patients: Pre and Post Policy

Age
Post Surgery - Pre Surgery 1.49
Std
0.77

Gender
(male=1)

Whether Receiving Subsidy
or Below Poverty Line
(yes =1)

0.02
0.03

0.07
0.02

How large are the policy effects? I transform the results into the elasticity of surgery probability w.r.t. physicians’ incentives. To do so I calculate the change in fee differential between the
two treatments and treat it as the measure of change in the magnitude of physicians’ incentives.
Viewing each treatment as a bundle of procedures, the fee for each treatment before the policy is
the averaged summation of expenditure for every procedure in each category16 . To capture the fee
changes, I borrow the idea of Laspeyres price index by calculating the new fees using the original bundles and price changes. I show that the fee differential increased by 17 percent after the
policy (Appendix B.1 provides details for calculating the fee differential). Scaling the 275 percent
increase in surgery probability by this number, I find the elasticity of surgery probability w.r.t.
physicians’ incentives to be 16. In addition, the increase in total expenditure is equivalent to 9
percent of the average annual income per capita over the post policy period in that district.
My analysis speaks directly to the studies testing the implication of supplier-induced-demand
theory. Most studies document how the care utilization changes due to the variation in physicians’
income, created by regulated payment changes over time (Rice and Labelle, 1989; Escarce, 1993;
Keeler and Fok, 1996; Yip, 1998), across areas (Gruber et al., 1999; Clemens and Gottlieb, 2014),
or by payer types (Stafford, 1990) using the U.S. or Canadian data. Other studies assess how the
area specific factors, such as physicians’ density (Tussing and Wojtowycz, 1992) or local fertility
rates (Gruber and Owings, 1994), affect health care provision.
My results are relatively comparable to Gruber et al. (1999), which investigates the role of
physician’s financial incentives in the substitution between cesarean and normal childbirth. It
16

The term ”fee” and ”total charge” are used interchangeably.
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estimates that one percent increase in the fee differential for C-section raises the likelihood of
surgery by 0.1 percent, much smaller than that in my case. A possible explanation is that these two
diagnoses are very different by nature. Besides, there are relatively clearer protocols and guidelines
to follow in the U.S. and knowledge about the necessity for C-section is more accessible to the
public than that for the cervical spondylosis. As a result, the scope of physicians’ response could
be much more restricted to C-section in the U.S..
To make my results more comparable, I construct the elasticity of health care input, in relative
value unit (RVU)17 , w.r.t. fee differential. I first look up the RVUs of each service from the 2019
National Physician Fee Schedule provided by CMS to calculate the total RVU for surgical and
non-surgical treatment separately. Appendix B.2 details the calculation. Then the average RVU
increases by 8 to 25 percent due to the policy change, depending on my choice of billing codes for
the same service. It means that the elasticity of RVU w.r.t. fee differential is 0.5 to 1.5, which is
close to the 1.5 estimated by Clemens and Gottlieb (2014) using Medicare data.
Threats to Identification. I am primarily concerned about patients sorting into different hospitals due to the policy. Patients with observed and unobserved preferences towards surgery can
choose to go to the treatment hospital after the policy because it is easier to get physicians’ consent
to surgery and this may at least partially explain the observed rise in surgery rate after the policy.
To alleviate this concern, I test for compositional change in the treatment hospitals. The idea is
that if there was sorting, the distribution of covariates would change. I replace the outcome variable
Yiht with different covariates in equation (15). The covariates include age, gender, insurance type,
and indicator for whether below poverty line and receiving subsidy. Under the null hypothesis
that there are no compositional changes, I expect that βk = 0 for all k. Appendix B.3 plots
the estimates of the regressions. The results indicate that with very few exceptions, there is no
significant changes in patients’ composition in the treatment hospitals after the policy. Moreover,

17

RUV is a measure of health care resources used in the Medicare reimbursement formula for physician services.
To determine the Medicare fee, a service’s RVUs are multiplied by a dollar conversion factor. RUVs rank on a
common scale the resources used to provide each physician’s service. These resources include the physician’s work,
the physician’s practice expense, and malpractice expense.

30

I find another observation that contradicts the sorting hypothesis: the surgery rate in the control
hospitals remained almost the same throughout the observation periods. If sorting based on surgery
preferences exists, I should be able to see a decrease in the surgery rate in control hospitals after
the policy.
An alternative patients sorting is based on price. Patients who prefers surgery may choose to
go to the control hospitals because the price of surgery increased in the treatment hospitals due to
the policy. If anything, it means that the physicians’ responses are only underestimated. Also, the
constant surgery rate in control hospitals rules out this possibility.

5.2

Heterogeneous Effects by Insurance Type

The rise in surgery probability due to the price menu change suggests that physicians respond to
their financial incentives. Here I exploit the heterogeneous responses across the more and less
insured to identify patients’ financial incentives. I use a triple difference-in-difference framework
with the following specification:

Yiht = αh + ηt + ρ1 · Ii · Dh · P ostt + ρ2 · Dh · P ostt + ρ3 · Ii · P ostt + ρ4 · Ii · Dh + ith (16)

The parameters of interest are ρ1 and ρ2 . ρ2 captures the average treatment effect of the policy for
the less insured. ρ1 suggests the extent to which the effects of the policy on the more insured are
different from those on the less insured.
Table 3 shows the average effects for the less and more insured and the difference of the effects.
Column 1 to 3 of the table show the results for different outcome measures. As indicated by the first
column, the probability of surgery rose by 8 percentage points, or 200 percent, and 12 percentage
points, or 240 percent, for the less and more insured group due to the policy respectively. The rise
in surgery probability for the more insured is 1.5 times greater over the analysis periods. Column
2 indicates that the treatment cost per visit rose by 32 and 39 percent for the less and more insured
respectively. Despite the greater rise of surgery probability and costs, I find no significant health
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Table 3: Heterogeneous effects: Utilization and Health Outcome

Measures of Utilization and Health Outcome
Surgery
Treatment
Readmission
Probability
Cost
Probability
(1)
(2)
(3)
Average Effect for Less Insured:
(ρˆ2 )
Average Effect for More Insured:
(ρˆ1 + ρˆ2 )
Average Effect Difference:
(ρˆ1 )
Pre-Implementation Mean:
Less Insured (I=0)
More Insured (I=1)

0.08
(0.02)

510.11
(90.00)

0.008
(0.015)

0.12
(0.01)

646.71
(78.57)

-0.007
(0.012)

0.04
(0.02)

136.59
(67.90)

-0.015
(0.010)

0.04
0.05

1,594.48
1,666.18

0.006
0.016

Note: The table shows the extent to which the effects of price menu change are different between the two insurance
groups, implied by equation (16), in terms of the probability of surgery (column 1), treatment cost (column 2) and the
probability of readmission (column 3). The number of observation is 10,596. Standard errors are in parenthesis and
clustered at hospital level.

improvement for either the more insured or less insured, as measured by readmission rate in column
3.
The above results suggest that the increase in surgery likelihood is 0.4 percent greater when
the coinsurance rate is 1 percent lower. To put the results in perspective, I calculate the arc price
elasticity18 following the RAND Health Insurance Experiment (Manning et al., 1987; Aron-Dine
et al., 2013) and use the results from RAND and other natural experiments in the U.S. as benchmarks. RAND randomized individuals across health insurance plans of differing generosity, and
the results showed that higher patient out-of-pocket price significantly reduced medical care utilization. I predict the treatment cost using the fitted regression (16) for the more insured and less
insured separately, while averaging over the remaining controls. Combining with the average coinsurance difference between the two insurance types, I find a patient price elasticity of -0.16. The

18

The arc elasticity of medical cost with respect to coinsurance rate is defined as the ratio of the percent change in
medical cost to the percent change in coinsurance rate, where the percent change is computed relative to the average.
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price elasticity falls into the range -0.1 to -0.4 in the studies focusing on the U.S. health insurance
(Chandra et al., 2010; Handel, 2013).
The unique part about my analysis is that I can also provide an elasticity of physician’s response
w.r.t patient coinsurance rates. This number sheds light on the interaction between the physicians’
)
and patients’ incentives. Based on the evidence that the treatment cost increase is 27 percent ( 137
510
greater and the coinsurance rate is 131 percent ( 45−19
) higher for the more insured, the physician
19
response elasticity w.r.t. patient coinsurance rate is -0.21.
Threats to Identification. There are two main threats to the exogeneity of the insurance type.
The first is patient sorting into insurance plans based on their unobserved health status or taste to
surgery. Even though the registration status is extremely difficult to change, individuals registered
in the urban area could choose to be formally employed in order to be eligible for the more generous
insurance. This could introduce an upward bias in the estimated difference of the effects between
the two insurance types. However, note that the employment decision is usually made before the
realization of health shocks and unpredictable preferences for surgery.
The second threat is due to omitted variables that are correlated with both the insurance type
and the possibility of surgery. The more insured are on average wealthier and more likely do
choose surgery due to income effect. Omitting patients’ income will lead to an overestimation
of the patients’ sensitivity to price. Another concerned variable is the education level. The more
insured are on average more educated. However, if the more educated individuals are more sophisticated in processing physicians’ recommendation and thus less likely to be persuaded, the response
difference between the insurance groups are underestimated, favoring the model predictions.
Summary for Empirical Evidence. Physicians responded to the relatively higher compensation
for surgical treatment by persuading more patients to opt for surgery, when surgical and nonsurgical treatments are discretionary for some patients. Moreover, patients with lower coinsurance
rates are less price sensitive and, thus, more likely to be persuaded. Such results highlight an
unintended negative consequence of the price menu change, which is consistent with Fu et al.
(2018). According to the official government documents, the price menus were designed so that the
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price hikes for medical procedures could make up for about 80% of the revenue that hospitals lost
once the government had stepped in to limit drug profits. For the remaining 20% of revenue loss,
meanwhile, “The local government subsidizes 10%...and the rest relies on hospital management
improvement”. Indeed, this estimation would have been roughly accurate in the absence of any
strategic response; applying the new price scheme to each pre-policy visit in the treatment hospitals
decreases average spending by about 15%. However, while the goal of this policy was to contain
medical costs by deincentivizing the overprescription of drugs, the relative revenue change between
medical treatment options led physicians to respond strategically — which eventually increased the
average medical cost for certain diagnoses.

6

Estimation of Empirical Persuasion Model

In the previous section, I documented that treatment decisions change in response to both physicians’ and patients’ financial incentives. In order to interpret the underlying mechanism, to calculate the total number of misdirected patients, as well as to conduct welfare analysis on informational asymmetry between patients and physicians, I estimate a parameterized version of the
persuasion model in section 2. In this section, I discuss how I can use MLE to estimate the structural model, and in particular, how I write down the likelihood function of patient i taking surgery.

6.1

Parameterization

Recall that patient i’s relative utility from surgery is Uis = ξi − κi . For the parameterization of κi ,
which represents the common knowledge of the relative value of surgery, I allow it to be a function
of patient i’s demographics and out-of-pocket price difference between surgical and non-surgical
treatment, which represents patient’s financial incentives. κi then takes the form
κi = α · yi · (Tis − Tid ) +
{z
}
|
relative out-of-pocket price

γ0
|{z}

common health value

+ γ1 · agei + γ2 · genderi + γ3 · subsidizedi
|
{z
}
preference affected by demographics

= α · yi · (Tis − Tid ) + γ · Xi
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(17)

where γ = [γ0 , γ1 , γ2 , γ3 ] and Xi = [1, agei , genderi , subsidizedi ]0 . I define the relative outof-pocket price as the product of patient coinsurance rate, yi , and the total charges differential
between surgical and non-surgical treatment, Tis − Tid . Although the absolute out-of-pocket price
is affected by per visit deductible and potential lump sum subsidies, the difference of out-of-pocket
price does not depend on these for the focused diagnosis because even the lowest charge in the data
exceeds the possible highest deductible and subsidies. Patient’s demographics include age, gender,
and indicator for whether receiving subsidies.
I further assume prior G(.) to be standard normal with CDF Φ(.) and PDF φ(.) respectively.
Assuming the variance to be 1 is without loss of generality. It only serves as a scale normalization
for model identification. With normality assumption, the optimal cutoff becomes

c∗i = max{−λ−1 (κi ), κi − Fi },
where λ−1 (x) is the inverse function of inverse mills ratio, denoted as λ(x) ≡

(18)
φ(x)
.
Φ(x)

Full derivation

of the cutoff rule is provided in Appendix A.2.
To see the role of obedience constraint, I write the optimal cutoff in (18) as follows


c∗i = max{−λ−1 α · yi · (Tis − Tid ) + γ · Xi , α · yi · (Tis − Tid ) + γ · Xi − β · (Tis − Tid )}. (19)

Given the results from DID, It is reasonable to focus on the case where α > 0 and β > 0,
both patients and physicians being sensitive to their own financial incentives. c∗i = −λ−1 α · yi ·

(Tis − Tid ) + γ · Xi corresponds to the corner solution when physician’s obedience constraint is
binding and patient i is exactly indifferent between surgery and drugs. In this case, optimal cutoff
is increasing in Tis − Tid ; even though physician can get more if the fee differential for surgery
increases, she has to recommend surgery less often so that her patient can continue follow (trust)
her. c∗i = α · yi · (Tis − Tid ) + γ · Xi − β · (Tis − Tid ) corresponds to the interior solution when
physician’s obedience constraint is non-binding. In this case, patient i believes he is ex-ante strictly
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better off with surgery when surgery is recommended. This solution arises because the physician
internalizes the patient’s utility.
The fact that the surgery rate went up when the policy increased the fee differential Tis − Tid
indicates that: (1) some physicians must be unconstrained; (2) α · yi − β is negative, or physicians
are sensitive enough to their own financial incentives. In other words, without the obedience
constraints,there should be an even larger increase in the surgery rate due to the policy.

6.2

Ex-ante Treatment Charges

I assume that both the physicians and patients consider the ex-ante total treatment charges when
deciding the treatment. The rationale is that when the patient and physician discuss the treatment,
neither of them knows exactly how much a treatment will cost. For example, to achieve the same
healing effect, one patient may only need five doses of anti-inflammatory medication but the other
observationally equivalent patient may require six doses. I further assume that they form the same
expectations about the charges based on hospital and time for the treatment. The expected charges
from surgical and non-surgical treatment for each hospital (h)-quarter (q) pair can be recovered by
the following linear model

k
k
Tihq
= τhk + ψqk + ρk · Dhk · P ostkq + νhq
.

(20)

k
denotes ex-post total charges for visit i in hospital h in quarter-year q for treatment k,
where Tihq

k ∈ {s, d}. τhk and ψqk denote hospital and quarter-year fixed effects, respectively. Dhk is a dummy
which turns on if h is a treatment hospital. P ostk is a dummy which turns on if it is post policy
k
period. νhq
represents measurement error. The ex-ante total charge is different across hospitals,

allowing for the possibility that hospitals differ in cost structures and preferences for treatment
intensity. They are also different in each quarter-year, capturing trends in treatment protocols and
other time associated difference. The interaction term accounts for the effect of the price menu
change.
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There are 43 parameters to be estimated19 . The ex-ante total charges for treatment k are then
k
= τˆhk + ψˆqk + ρˆk · Dhk · P ostkq for each patient arriving at hospital h at quarter-year q. In future
Tˆihq

analysis, I abbreviate patient i’s expected charge from treatment k to be Tˆik . I rescale the total
charge by 1,000 in estimation.

6.3

Likelihood

Since the persuasion model implies that a patient will always follow his physician’s recommendation, the treatment decisions I observe in the data are equivalent to physicians’ recommendation.
Therefore, the probability of surgery equals to the probability of recommending surgery, which is
the probability of ξi being no less than the optimal cutoff c∗i .
Denote θ ≡ {α, β, γ}. The parameters θ include patients’ sensitivity to out-of-pocket price
α, physicians’ sensitivity to payment β, and other parameters governing patients’ preference γ.
Denote sur = 1 as the occurrence of surgical treatment in the data. According to the optimal
cutoff, each patient’s contribution to the likelihood of surgery is
`i (θ|yi , Xi , Tˆis , Tˆid )
=P r(ξi ≥ c∗i (θ))1[suri =1] · P r(ξi < c∗i (θ))1[suri =0]
#
 1[suri =1]
1[suri =0]
= 1 − Φ c∗i (θ)
· Φ c∗i (θ)
"

"





= 1 − Φ max{−λ

−1

αyi (Tˆis − Tˆid ) + γ · Xi , αyi (Tˆis − Tˆid ) + γ · Xi − β(Tˆis − Tˆid )}


#
 1[suri =1]


1[suri =0]
· Φ max{−λ−1 αyi (Tˆis − Tˆid ) + γ · Xi , αyi (Tˆis − Tˆid ) + γ · Xi − β(Tˆis − Tˆid )}
(21)
Because the optimal decisions are independent across patients, the likelihood function is

L(θ) =

N
Y

`i (θ|yi , Xi , Tˆis , Tˆid )

i=1
19

The regression includes 27 hospital dummies (1 omitted), 15 quarters (1 omitted), and 1 interaction term.
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(22)

The identification of α relies on that I observe different treatment choices depending on patients’ coinsurance rates, yi , conditional on everything else equal. Then, β is identified by observing patients choosing differently when the relative charge, Tˆis − Tˆid , varied. The variation in each
patient characteristics and the resulting different choices help to identify parameters in γ.

7

Results

7.1

Estimation Results

Table 4 presents the estimation results. The parameter α translates patients’ out-of-pocket price,
expressed in monetary value, into their disutility from surgery. The positive and significant α
suggests that lowering patients’ coinsurance rates increases their likelihood of choosing surgical
treatment. Meanwhile, β converts physicians’ revenue into utility and thereby indicates the degree
of physicians’ altruism: one thousand RMB of relative revenue brings physicians a utility equal to
×
0.23 units of patients’ own utility, which can be obtained by giving patients 2,875 RMB ( 0.23
0.08
1, 000). Therefore, physicians’ weight on patients’ utility is 0.26. Consistent with the evidence
from section 5, the estimated γ1 indicates that the value of surgery decreases with age. Accordingly,
if a patient ages by 10 years, the expected probability of surgery declines by 3.2 percent. In
addition, while it appears that women are more averse to surgery, this gender difference is not
significant. Moreover, according to the estimated γ3 , people who receive subsidies or are below
the poverty line are more reluctant to opt for surgical treatment.
Based on the estimates, the model generates the optimal cutoff for each patient and thus provides analytical expression for the probability of surgery and expected total charges20 . In order to
compare the responsiveness of each side to its own financial incentives, I calculate the percentage
change of treatment charge w.r.t. 1 percent increase in patient coinsurance rates. This percentage change equals -0.18, close to that from section 5. On the other hand, the percentage change

20

Derivation of the analytical expressions is provided in Appendix D.1.
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in treatment charge w.r.t. 1 percent increase in physician’s fee differential is 0.4921 . Thus, since
physicians respond over three times as elastically as their patients, the surgery rate rose due to the
change in policy, even if patients faced more expensive surgery.

Table 4: Parameter Estimates
α: Patient price sensitivity

0.08
(0.01)

β: Physician revenue sensitivity

0.23
(0.09)

γ1 : Patient age

0.04
(0.01)

γ2 : Patient gender (male=1)

0.03
(0.05)

γ3 : Patient receiving subsidy (yes=1)

0.40
(0.19)

Observations N

10,596

Note: Bootstrap standard errors in parenthesis at
hospital level.

7.2

Role of Obedience Constraints

This mechanism works as the key to generate a salient empirical choice pattern: the hump-shape
relationship between the probability of surgery and the conflict of interest between the physicians
and patients. The charge differential, Tˆs − Tˆd , measures the conflict of interest, because it constitutes part of physicians’ revenues as well as patients’ prices. As Tˆs − Tˆd increases, physicians are
more incentivized towards surgery, while the patients are less incentivized. Therefore, the larger
the Tˆs − Tˆd is, the greater the conflict of interest.
21

Analytical expressions of the elasticities are included in Appendix D.2.
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Figure 5: Surgery Probability and Conflict of Interests
Note: The figure shows the observed (blue line) and model predicted (black line) relationship between surgery probability and the degree of conflict of interests between physicians and patients. In the model, the hump shape reflects
different situations of incentive interaction depending on whether the obedience constraints are binding.

To see the empirical pattern, I plot the averaged observed probability of surgery along with the
charge differential, Tˆs − Tˆd . This curve, shown as the blue line in Figure 5, is estimated through a
IV Probit model with a quadratic term of Tˆs − Tˆd , with the instruments being the policy treatment
(the DID effect) and its interaction with other exogenous terms. Appendix C provides details about
the IV probit regression. The grey area indicates corresponding confidence intervals. The hump
shape implies that when the conflict of interest is small, the probability of surgery rises as the
physicians can get paid more from surgery, consistent with the overall effect of the policy change.
However, when the conflict of interest is strong enough, the probability of surgery decreases with
the charge differential.
The black line in Figure 5 plots the averaged model predicted probability of surgery along with
Tˆs − Tˆd . It fits the observed one well and delivers the hump-shape. In the model, whether or
not the obedience constraints are binding ultimately controls how the patients’ incentives interact
with the physicians’. First, when the constraints are not binding, both incentives are at play, and
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physicians’ incentives dominate. This finding corresponds to the left of the peak of the black curve.
Intuitively, when the conflict of interest is not intense, physicians can optimize the recommendation
strategy without worrying that patients will say no. Note that the patients’ financial incentives still
matter because the physicians internalize their patients’ utility. But since the physicians are more
responsive to financial incentives, the probability of surgery increases nonetheless.
Second, once the obedience constraints bind, physicians’ incentives no longer matter. This
finding corresponds to the right-hand side of the peak of the black line. Intuitively, when the
conflict of interest becomes large enough, patients will not trust their physicians unless they can
establish their reputation. In turn, physicians maintain their reputation by making sure that ex-ante
their patients would not be worse off by following their recommendations. In such cases, the best
that the constrained physicians can do is to set the cutoff such that the patients are exactly indifferent between the treatment options. Therefore, the optimal cutoffs need to increase as Tˆs − Tˆd
increases in order to maintain patients’ indifference and thus physicians’ reputations. As a result,
the probability of surgery decreases in Tˆs − Tˆd when physicians are constrained. The observed
increase in the surgery rate due to the policy change implies that some physicians’ constraints must
be non-binding.
To understand the importance of the obedience constraints, I simulate the effects when the
constraints are removed. 77 percent of physicians’ constraints are binding when recommending
surgery. If we assume that patients always follow physicians’ recommendations, removing these
constraints increases the probability of surgery from 9 percent to 43 percent for the constrained
physicians. The foregone probability of surgery can be viewed as physicians’ trade-off to maintain
their patients’ trust: in order to maintain their reputation, the physicians must not misdirect too
many patients through their recommendation strategy.

7.3

Asymmetric vs. Symmetric Information

To characterize the respective value of information for the patients, the physicians, and the insurer,
I compare two information environments. I use the model with physicians’ private information
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about ξi as the baseline, comparing it with the counterfactual case wherein this private information
becomes common knowledge, i.e, patient i knows ξi and makes his own choice. In the counterfactual, patient i chooses surgery if and only if ξi ≥ κi . Note that if physicians’ financial incentives
disappear (β = 0), their recommendation cutoffs are exactly what patients would choose if they
had full information: c∗i = κi . In this scenario, graphically, the pooling in Figure 1 will disappear, and the information provided to patients is accurate. Therefore, shutting down physicians’
financial incentives can reach the same treatment assignments as giving patients full information.
Table 5 presents key comparisons between the two information environments, including treatment outcomes and welfare22 . When patients have full information, 4.5 percent of all patients, or
53 percent of surgery patients, would not have chosen surgery. I refer to these patients as the misdirected patients. Furthermore, in terms of total treatment costs, granting patients full information
saves this district about 1 million dollars, which is roughly 26 percent of the annual treatment cost
1
).
( 3.9

In terms of welfare, patients’ welfare improves by over three times when everything becomes
common knowledge, while physicians’ welfare falls by half. Scaling the welfare changes by the
annual cost of 3.9 million dollars for cervical spondylosis in this district, the value of information
) and 23.7 percent ( 922.9
) of the annual cost for patients and physicians
equals 13.0 percent ( 508.2
3,900
3,900
respectively. For the insurer, the total savings is 0.7 million, or 68 percent of the total cost saving.
Summing up the welfare from patients, physicians, and the insurer, total welfare improves by about
43 percent.
Since all these changes are only due to the misdirected patients, I also report the differences
between the two information environments normalized by the number of misdirected patients in
column (4) of Table 5. When patients are fully informed, the treatment cost per misdirected patient
decreases by over two thousand dollars, or 7 percent. Eliminating information asymmetry also
improves total welfare by $700 per treated patient, or 46 percent of the average cost per patient.

22

Analytical expressions of surgery probability and expected medical cost are included in appendix D.1. Full
explanation of welfare metric and calculation are in appendix E.
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Table 5: Welfare Cost of Information Asymmetry

Treatment Outcomes:
Surgery Rate
Treatment Cost (4 years, thou $)
Welfare (thou. $):
Patient
Physician
Insurer
Total Welfare

Asymmetric Info
(1)

Symmetric Info
(2)

Difference Difference Per Misdirected
(3)
(4)

8.5%
16,217.3

4.0%
15,122.4

-4.5%
1,094.9

-2.33

151.5
1,815.9
-1,200.0
767.4

659.7
893.0
-455.5
1,097.3

508.2
-922.9
744.5
329.9

1.08
-1.96
1.58
0.70

Note: The table displays treatment outcomes and welfare under asymmetric information (column (1)), symmetric
information (counterfactual, column (2)), and their differences. It reports both the levels of difference (column (3))
and differences normalized by the number of misdirected patients (column (4)).

To understand better how the extent of physicians’ informational advantage depends on patients’ financial incentives, I revisit the above comparison between the information environments
for the more insured and less insured separately. Table 6 reports the differences per misdirected
patient across the two informational environments for the two insurance groups. The more insured
Table 6: Welfare Improvement under Full Information by Insurance Group
Less Insured
(1)

More Insured
(2)

-4.1%
-2.11

-5.0%
-2.60

1.03
-1.76
1.18
0.45

1.12
-2.22
2.11
1.01

Treatment Outcomes:
Surgery Rate
Treatment Cost (thou $)
Welfare (thou. $):
Patient
Physician
Insurer
Total Welfare

Note: The table displays the changes from asymmetric information to symmetric information, in terms of treatment
outcomes and welfare, for the less (column (1)) and more insured (column (2)). The changes are normalized by the
number of misdirected patients.

have a higher possibility of being misdirected because they are less price-sensitive: 4.1 percent
of the less insured are misdirected, while 5.0 percent of the more insured are. The welfare improvement per more insured patient under full information is 9 percent greater, because in the
more insured group, patients who are even worse surgery candidates were misdirected into surgery
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under asymmetric information. In addition, the most significant difference between the two insurance groups is the costs to the insurer: every misdirection of the more insured leads to greater
expenditure on the part of the insurer.
Note that neither the patients nor the physicians internalize the insurer’s cost. As a result, the
larger the treatment cost-share covered by the insurance, the more vulnerable the patients to physicians’ misdirection and the larger the deadweight loss due to the information asymmetry between
the physicians and patients. It suggests that the welfare loss for the more insured, normalized by
the number of misdirected patients, is $1,000 — more than twice as much as that for the less insured. The fact that the welfare cost of information asymmetry is exacerbated when patients are
more insured highlights a new offsetting effect to the value of insurance. This effect is in addition
to the classical moral hazard channel, whereby patients themselves choose to consume more when
they are less price sensitive (Manning et al., 1987; Einav and Finkelstein, 2018).

8

Conclusion

A physician and her patient decide jointly on medical treatment. When the physician’s incentives
diverge from her patient’s, the physician can use her informational advantage to distort the patient’s choice. I develop a persuasion model based on the insights of Bayesian persuasion to study
the physician-patient relationship. The key implication of the model is that the physician must
design a recommendation strategy for her patient, such that the patient will be willing to follow her
recommendation, even though he knows it is biased.
I test for the model-implied relationship between physician financial incentives, patient financial incentives, and treatment outcomes by leveraging a policy change in China. I show that when
the reimbursement for surgical treatment increases relative to non-surgical treatment, physicians respond by persuading greater numbers of patients to opt for surgery. Moreover, the extent of physicians’ persuasion depends on patients’ coinsurance rates; the increase in probability of surgery is
greater for the more insured. Despite the greater expense, moreover, I find no health improvement
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for either the more or less insured as measured by readmission rate; in other words, the increased
expense cannot be rationalized as the cost of “better” healthcare services.
The variation in physicians’ payments and patients’ coinsurance rates helps to disentangle the
role of physicians’ financial incentives from those of their patients in my model. The estimates
from this model allow for predictions of outcomes in the hypothetical scenario wherein patients
have the same information as their physicians. The result suggests that more than half of the
surgeries are not necessary. In addition, eliminating information asymmetry improves total welfare
by 43 percent.
The significance of this inefficiency points to the necessity for policies to align patients’ and
physicians’ incentives, especially as regards diagnoses for which the treatment modes are substitutable. The optimal policy would eliminate physicians’ financial incentives for either surgical or
non-surgical treatment. For example, if physicians were paid by a diagnosis-related bundled price,
which equals to the cost of each treatment plus the same constant term for that diagnosis, then
physicians’ diverted financial incentives would disappear, and the information provided would be
unbiased. On the other hand, the costs to patients should internalize the cost difference of the
two treatments as well. Because I do not observe any of the procedures’ costs directly, however,
designing an exact optimal contract recommendation is a task outside the scope of the current
analysis.
There might be other ways to reduce the welfare cost of informational asymmetry. For example,
the government could set the cap for the proportion of surgery across the whole population to be
4 percent for this diagnosis, the proportion under symmetric information. Alternatively, replacing
the current income system for physicians with a complete salary scheme would also diminish
physicians’ incentives for encouraging unnecessary surgery. Facilitating a greater alignment of
patient–physician incentives would serve to ensure that the information physicians provided was
more accurate. However, a salary system might also incentivize physicians to choose the less laborintensive treatment more often. In addition, making detailed guidelines and introducing monitoring
for every diagnosis would undermine the role of physicians as persuaders.
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Appendix
A

Details in Physician’s Recommendation Strategy

A.1

Show Cutoff Strategy Optimal

Prove by contradiction. Suppose that the physician optimal strategy is not a cutoff. It could be
that physician recommends a particular treatment for disconnected sets of the unobserved value of
surgery ξi . It could also be that in some region of ξi , the probability of recommending a treatment
is in (0, 1). For the ease of exposition, I choose a particular non-cutoff strategy, where physician
recommends s with probability 1 when c1 ≤ ξi ≤ c2 and c3 ≤ ξi < ∞, with c1 < c2 < c3 .
Under this optimal strategy, physician’s expected payoff is

EM =
∗

Z

c2



Z

∞

ξ − κi + Fi dG(ξ) +
c1

Z

c3

c2

=

Z

(A.1)

∞

ξ dG(ξ) +
c1


ξ − κi + Fi dG(ξ)


ξ dG(ξ) + 1 − G(c3 ) + G(c2 ) − G(c1 ) · (−κi + Fi )

c3

Also, patient’s obedience constraints are satisfied:

E(ξi |c1 ≤ ξi ≤ c2 , or ξi ≥ c3 ) − κi ≥ 0
(A.2)

E(ξi |c2 < ξi < c3 , or ξi < c1 ) − κi ≤ 0
There must exist some c̃, such that c1 < c̃ < c3 , and 1 − G(c3 ) + G(c2 ) − G(c1 ) = 1 − G(c̃).
The next is to show that a cutoff strategy at c̃ gives the physician strictly higher payoff than EM ∗ .
First, note that since c1 < c̃, it must be the case that

E(ξi |ξi ≥ c̃) − κi > E(ξi |c1 ≤ ξi ≤ c2 , or ξi ≥ c3 ) − κi ≥ 0
(A.3)

E(ξi |ξi < c̃) − κi < E(ξi |c2 < ξi < c3 , or ξi < c1 ) − κi ≤ 0
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Therefore, the obedience constraints are still satisfied, and patients are even more willing to
follow. Since 1 − G(c3 ) + G(c2 ) − G(c1 ) = 1 − G(c̃), G(c2 ) − G(c1 ) = G(c3 ) − G(c̃). Combining

Rc
this equation with c1 < c̃ and c2 < c3 , it must be that c12 ξ dG(ξ) = G(c2 ) − G(c1 ) · E(ξi |c1 <

Rc
ξi < c2 ) < G(c3 ) − G(c̃) · E(ξi |c̃ < ξi < c3 ) = c̃ 3 ξ dG(ξ). As a result,

EM =
∗

Z

c2

Z

∞


ξ dG(ξ) + 1 − G(c3 ) + G(c2 ) − G(c1 ) · (−κi + Fi )

ξ dG(ξ) +
c3

c1

Z

c2

Z

∞


ξ dG(ξ) + 1 − G(c̃) · (−κi + Fi )

ξ dG(ξ) +

=
c1

Z

c3

c3

<

Z

∞

ξ dG(ξ) +
c̃

Z


ξ dG(ξ) + 1 − G(c̃) · (−κi + Fi )

(A.4)

c3
∞


ξ dG(ξ) + 1 − G(c̃) · (−κi + Fi )

=
c̃

Z
=

∞


ξ − κi + Fi dG(ξ)

c̃

The last expression is the physician’s expected payoff with c̃ being the cutoff for ξi . But this
contradicts that EM ∗ is the maximum expected payoff under the optimal strategy.
Using this particular non-cutoff strategy is without loss of generality because one can write
down other non-cutoff strategies and prove by contradiction using the same argument.

A.2

Solve for Optimal Cutoff

Generic Form of Prior G(·). Karush–Kuhn–Tucker(KKT) conditions provide the necessary conditions for physician’s optimization. Let c∗i be a local optimum. Let µ1 and µ2 be the KKT multipliers for the inequality constraints 1 and 2 in (8) separately, such that
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∗
∗
∂
E
(ξ
∂
E
(ξ
i |ξi ≥ ci )
i |ξi < ci )

∗
∗
∗

− µ2
= 0 (A.5)
 −ci · g(ci ) − g(ci ) · (−κi + Fi ) + µ1


∂ci
∂ci





E(ξi |ξi ≥ c∗i ) − κi ≥ 0
(A.6)







E(ξi |ξi < c∗i ) − κi ≤ 0
(A.7)




(A.8)
µ1 · E(ξi |ξi ≥ c∗i ) − κi = 0








µ2 · E(ξi |ξi < c∗i ) − κi = 0
(A.9)








µ1 ≥ 0
(A.10)





µ2 ≥ 0
(A.11)
where equation (A.5) is stationarity condition. (A.6) (A.7) (A.10) and (A.11) are feasibility
conditions. (A.8) and (A.9) are complementary slackness.

Case 1: (A.6) binding

E(ξi |ξi ≥ c∗i ) = κi
R∞
=⇒ κi =

c∗i

ξg(ξ)dξ

1 − G(c∗i )

≡ h(c∗i )

(monotone)

=⇒ c∗i = h−1 (κi ) < κi
When (A.6) holds with equality, c∗i can be written as an increasing function of κi , denoted as
h−1 (κi ) . By (A.8), µ1 > 0. Also note that because c∗i < κi , (A.7) does not bind. By (A.9), µ2 = 0.

Case 2: (A.7) binding

E(ξi |ξi < c∗i ) = κi
R c∗i
=⇒ κi =

ξg(ξ)dξ
≡ m(c∗i )
G(c∗i )

−∞

=⇒ c∗i = m−1 (κi ) > κi
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(monotone)

When (A.7) holds with equality, c∗i can be written as an increasing function of κi , denoted as
m−1 (κi ). By (A.9), µ2 > 0. Since in this case c∗i > κi , (A.6) must be non-binding, which means
µ1 = 0.
Note that (A.6) and (A.7) can never be binding at the same time. So the last case to discuss is
when they are both non-binding.

Case 3: (A.6) and (A.7) non-binding

E(ξi |ξi < c∗i ) < κi < E(ξi |ξi ≥ c∗i )
In this case, µ1 = µ2 = 0. By equation (A.5),
− c∗i · g(c∗i ) − g(c∗i ) · (−κi + Fi ) = 0
=⇒ c∗i = κi − Fi
It is clear that when Fi = 0 (this could achieved by letting β = 0 or Tis = Tid ), c∗i = κi ,
meaning that physician’s recommendation is without any bias.
To sum up the three cases,

c∗i =





h−1 (κi )





m−1 (κi )






κi − Fi

if E(ξi |ξi ≥ κi − Fi ) < κi
if E(ξi |ξi < κi − Fi ) > κi

.

otherwise

Motivated by the empirical fact that Fi is always positive, case 2 where c∗i = m−1 (κi ) can be
ruled out. The optimal cutoff c∗i can be written as

c∗i = max{h−1 (κi ), κi − Fi }
where h−1 (x) is the inverse function of h(x) = E(ξi |ξi ≥ x) ≡
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(A.12)
R∞

ξg(ξ)dξ
.
1−G(x)

x

Prior G(·) as Standard Normal. Φ(.) and φ(.) denote the CDF and PDF of standard normal
respectively. When G ∼ N (0, 1),
h(x) = E(ξi |ξi ≥ x)
Z ∞
ξ · φ(ξ)
dξ
=
1 − Φ(x)
x
Z ∞
1
0
=
·
(−φ (ξ))dξ
1 − Φ(x) x
−φ(∞) + φ(x)
=
1 − Φ(x)
φ(x)
=
1 − Φ(x)
Note that

φ(x)
1−Φ(x)

=

φ(−x)
,which
Φ(−x)

(A.13)

is the Inverse Mills ratio at −x. Denote the Inverse Mills ratio as

λ(.). The optimal cutoff is
c∗i = max{−λ−1 (κi ), κi − Fi }

B

(A.14)

Details in Difference-in-differences Analysis

B.1

Fee Differential Between Surgical and Non-surgical Treatment

Each treatment can be seen as a “bundle of categorical procedures”, with category including medication, tests, therapies, anaesthesia, in-hospital nursing, or/and surgeries. At time t, t ∈ {0, 1}, for
j
procedure r of category c in treatment j, j ∈ {s, d}, denote its averaged quantity as qrct
and price

as prct (the price is the same across treatments). Then holding the quantities at its pre-policy level,
the total fee for treatment j at time t is

Ptj =

XX
c

j
prct · qrc0
.

(B.1)

r∈c

The average fee in each category before the policy change in treatment hospitals, i.e.,

P

r∈c

prc0 ·

j
qrc0
for each c, can be calculated from the data. Holding the bundles constant, the fee in category c
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under new price menu is

P

r∈c

j
. This object can also be calculated using the price changes
prc1 · qrc0

in each category.
Therefore, fees for pre-policy, P0s and P0d , and fees for post-policy, P1s and P1d , can be derived.
As a result, the fee differential at time t for surgical treatment is Pts − Ptd . The percentage change
in fee differential over time is then

B.2

(P1s −P1d )−(P0s −P0d )
.
P0s −P0d

RVU Change Due to Policy

First, I calculate the total RVU for a typical surgical and non-surgical treatment separately. In the
data, each service is charged for the same price. However, according to CMS, for the same procedure, there could be multiple Healthcare Common Procedure Coding System (HCPCS) codes and
corresponding RVUs, depending on the intensity, time needed, or complexity. For example, in the
first row of Table B.1, for hospital care, filing a higher intensity code requires certain qualifications
in the dimension of history (the process of asking about health and medical history), exam, and
decision making (complexity of medical decision making). For this reason, I calculate the highest
and the lowest possible RVUs for each treatment.
Table B.1: RVU for Each Procedure

Service Description
Initial hospital care
Subsequent hospital care
Discharge day management
Neck spine disk surgery (fusion)
Therapeutic activities 15 min/ traction therapy
Acupuncture 15 min
Epidural steroid injection

Low Intensity

High Intensity

HCPCS RVU

HCPCS RUV

99221
99231
99238
63020
97012
97810
62320

2.86
1.11
2.06
33.69
0.42
0.87
2.85

99231
99233
99239
22548
97530
97813
62325

Surgical

Non-surgical

5.70
2.93
3.02
57.56
1.13
0.94
3.08

Note: RVU refers to the facility total RVU. Some services have more than two codes, and only the least and most
intensive ones are displayed.

Surgical treatment requires hospital care, management and surgery service, as shown in Table
B.1. Initial hospital care and discharge day management are filed once per patient encounter.
Subsequent hospital care is filed by day during the patient’s stay. The average length of stay for
a surgical treatment is 16 days. Because surgical treatment usually involves more comprehensive
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consultation, more complex decision making, and more administrative paperwork, I use the high
intensity codes for hospital care and discharge. Therefore, the lower and upper bounds of RVU for
a typical surgical treatment are
RV ULs = 5.70 + 2.93 × 14 + 3.02 + 33.69 = 80.41
(B.2)
RV UHs = 5.70 + 2.93 × 14 + 3.02 + 57.56 = 104.28
A typical non-surgical treatment needs to file hospital inpatient care, therapy or acupuncture,
and sometimes epidural steroid injection. The average length of stay for a non-surgical treatment is
12 days. In contrast to the surgical treatment, I use the low intensity codes for hospital care. However, different from hospital care which is billed one time per patient encounter, therapy exercise
and acupuncture have timed codes — the number of units are determined by the amount of time
spent performing the service — and are billed in 15-minute increments. The data does not record
the time spent performing these services. So I assume that both therapy and acupuncture take 30
minutes per day, which is the most frequent answer I got when asking physicians and online. In
a treatment, patient usually either undergoes therapy exercise or acupuncture. In some cases, the
epidural steroid injection also takes place in addition to the therapy or acupuncture. In summary,
the lower bound of RVU for a non-surgical treatment is the sum of hospital care and 12 days of
low intensity traction. The upper bound is the sum of hospital care, 12 days of 30-minute high
intensity acupuncture, plus an injection of epidural steroid:
RV ULd = 2.86 + 1.11 × 10 + 2.06 + 0.42 × 10 = 20.22
(B.3)
RV UHd = 2.86 + 1.11 × 10 + 2.06 + 0.94 × 2 × 10 + 3.08 = 37.9
Next, based on the RVUs at the treatment level and the surgery rates before and after policy, I
come up with a range of the RVU change due to the policy change. The idea is that if all the surgical
treatments have their lowest RVU and non-surgical treatments have the highest RVU, the increase
of surgeries after the policy will lead to the most conservative increase in RVU. On the other hand,
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using the highest RVU of surgical treatment and the lowest RVU of non-surgical treatment will
yield the least modest increase in RVU. Recall that before the policy the surgery rate is 4 percent
and afterwards it is 11 percent. Then the lower and upper bounds of the percentage increase in
RVU are:

∆RV UL =

(RV ULs × 11% + RV UHd × 89%) − (RV ULs × 4% + RV UHd × 96%)
= 8%
RV ULs × 4% + RV UHd × 96%

∆RV UH =

(RV UHs × 11% + RV ULd × 89%) − (RV UHs × 4% + RV ULd × 96%)
= 25%
RV UHs × 4% + RV ULd × 96%
(B.4)

B.3

Rule Out Patients Sorting

To rule out possible patient sorting based on their characteristics, I test whether the composition
of patients changed in the treatment hospitals due to the policy. I estimate equation (15) by using
patient age, gender, insurance type and indicator for subsidy as the outcome measures respectively.
The results are displayed in Figure B.1, which indicate no significant compositional change.
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Figure B.1: Effect of Price Change on Patients Sorting
Note: The figure shows the effect of the policy on patient characteristics in treatment hospitals. It plots regression
coefficients and their 95 percent confidence intervals from equation (15), using age (panel A), gender (panel B),
insurance type (panel C), and indicator for subsidy (panel D) as the dependent variable respectively. Effects are
normalized to the end of the quarter just prior to the policy. The number of observation is 10,596. Standard errors are
clustered at hospital level.
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To rule out sorting based on price, I check whether the surgery rates in the control hospitals
changed after the policy. I estimate the following equation using the sample in control hospitals:

Suriht = αh +

−1
X

βk · Qk +

k=−9

6
X

βk · Qk + iht .

(B.5)

k=1

Suriht is a dummy equal to 1 if patient i in control hospital h took surgical treatment. αh is the
hospital fixed effects and Qk is an indicator variable for the kth quarter-year relative to the time of

10 15 20 25 30
5
0
−30 −25 −20 −15 −10 −5

Surgery Rate

the policy. As shown in Figure B.2, the surgery rates did not change significantly after the policy.
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Figure B.2: Surgery Rate in Control Hospitals
Note: The figure shows the quarterly mean of surgery rate in control hospitals. It plots quarter dummy coefficients
and their 95 percent confidence intervals from equation (B.5). Outcomes are normalized to the end of the quarter just
prior to the policy. The number of observation is 10,596. Standard errors are clustered at hospital level.

C

IV Probit Specification

Consider the Probit regression:

P r(suri = 1) = Φ δ0 + δ 1 · Xi + δ2 · yi · (Tˆis − Tˆid ) + δ3 · (Tˆis − Tˆid ) + δ4 · (Tˆis − Tˆid )2 (C.1)
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where Xi = [agei , genderi , subsidizedi ]0 are patient i’s demographics, yi · (Tˆis − Tˆid ) represents
the patient’s financial incentives, and (Tˆis − Tˆid ) represents the physician’s financial incentives.
Note that (Tˆis − Tˆid ) is most likely to be endogenous because some omitted variables, for
example ξi (severity of the patient, or the value of surgery unobserved to researchers), affect both
the relative charge and whether the patient would opt for surgery. To instrument for (Tˆis − Tˆid ), I use
the DID effect, i.e., Di ·P osti . This interaction term is exogenous and affects the charge differential
through the regulated procedure price change. I also interact the DID effect with coinsurance
rate, age, gender, and subsidy status respectively to instrument for the other regressors which are
functions of (Tˆis − Tˆid ).

D

Analytical Solutions for Treatment Outcomes and Elasticities

D.1

Treatment Outcomes

For patient i, the estimated resistance to surgery and physician’s financial incentives are
κ̂i = α̂ · yi · (Tˆis − Tˆid ) + γ̂ · Xi

.

(D.1)

F̂i = β̂ · (Tˆis − Tˆid )
Plug these into equation (18), the model predicted optimal cutoff is

cˆ∗i = max{−λ−1 (κ̂i ), κ̂i − F̂i },

where λ(.) ≡

φ(.)
.
Φ(.)

(D.2)

The predicted probability of surgical treatment and total charge for i are then
P r(suri = 1) = P r(ξi ≥ cˆ∗i ) = 1 − Φ(cˆ∗i )

T̂i = P r(suri = 1) · Tˆis + 1 − P r(suri = 1) · Tˆid
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(D.3)

For the collection of N patients, the average likelihood of surgery and mean charge are
PN
P r(sur = 1) =
PN
T̂i
T̂ = i=1
N

D.2


1 − Φ(cˆ∗i )
N

i=1

(D.4)

Calculation of Elasticities

Patient Price Elasticity. Following the tradition of Rand health insurance experiments, I calculate
the arc elasticity of total spending with respect to coinsurance rate. Define the arc elasticity as the
ratio of the percent change in total spending to the percent change in coinsurance rate, where the
percent change is computed relative to the average, i.e,

ζipatient =

ˆ
ˆ
(T 1 −T 0 )
i
i
ˆ0
ˆ1
T +T
i
i
2

1

0

i ).
/ (yyi0 −y
+y 1
i

2

(D.5)

i

ˆd
ˆ∗t
ˆs
where Tˆit = (1 − Φ(cˆ∗t
i )) × Ti + Φ(ci ) × Ti , t = 0, 1, is the expected total spending at time t.
Physician Income Elasticity. I calculate the elasticity of treatment charge with respect to physician’s fee differential (change the fee for surgical treatment while keeping fee for non-surgical
treatment fixed). Denote the fee differential between surgical and non-surgical treatment as R̂i =
Tˆis − Tˆid .
ζiphysician =

ˆ
ˆ
(T 1 −T 0 )
i
i
ˆ0
T
i

ˆ1

ˆ0

/ (Ri −ˆ0Ri ) .
R

(D.6)

i

ˆd
ˆst
ˆ∗t
where Tˆit = (1 − Φ(cˆ∗t
i )) × Ti + Φ(ci ) × Ti , t = 0, 1 is the expected treatment charge at time t.
Note that here the total charge for surgical treatment is also period specific.
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E
E.1

Analytical Expressions for Welfare
Welfare Metrics

I use monetary value as the welfare metric. Welfare of non-surgical treatment is normalized to
be 0 for patient, physician and insurer. Therefore, all the welfare levels are relative to those of
non-surgical treatment.
Patient Welfare. Parameter α maps one thousand RMB into one unit of patient utility. Therefore,
I translate patient utility into monetary value by dividing his utility by α. For patient i with his
welfare from non-surgical treatment equal to 0, his welfare from surgical treatment is
Uis
α
ξi − κi
.
=
α
ξi − γ · Xi
=
− yi · (Tis − Tid )
α

Wipatient =

(E.1)

Physician Welfare. Parameter β maps one thousand RMB into one unit of physician utility. A
physician who performs surgery gets utility from patient’s payoff, Uis . I translate this part into
monetary value by dividing it by β. In addition, physician also gets monetary compensation by the
amount Tis − Tid . A physician’s welfare from surgical treatment of patient i is then
Wiphysician

Uis
=
+ (Tis − Tid ) .
β

(E.2)

Insurer Welfare. I define the insurer’s welfare from patient i taking surgery as the negative of
total spending netting out patient’s out-of-pocket spending:

Wiinsurer = −(1 − yi ) · (Tis − Tid ) .
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(E.3)

E.2

Welfare Calculation

Given the estimated optimal cutoff cˆ∗i , the estimated expected welfare of the patient i is
 patient 
E(ξi |ξi ≥ ci ) − κ̂i
c
EW
=P r(ξi ≥ cˆ∗i ) ×
+ P r(ξi < cˆ∗i ) × 0
i
ˆ∗

α̂

=(1 − Φ(cˆ∗i )) ×

φ(cˆ∗i )
1−Φ(cˆ∗ )

− κ̂i

.

(E.4)

i

α̂

The estimated expected welfare for the collection of patients in my sample is
N
 patient  X
 patient 
c
c
.
EW
=
EW
i

(E.5)

i=1

Similarly, for the physician, the estimated welfare for the physician treating patient i is
 physician 
E(ξi |ξi ≥ cˆ∗i ) − κ̂i ˆs ˆd 
c
EW
=P r(ξi ≥ cˆ∗i ) ×
+ Ti − Ti + P r(ξi < cˆ∗i ) × 0
i
β̂

=(1 − Φ(cˆ∗i )) ×

φ(cˆ∗i )
1−Φ(cˆ∗i )

− κ̂i

β̂

.

(E.6)


+ Tˆis − Tˆid

The estimated expected welfare for all physicians in my sample is
N
 physician  X
 physician 
c
c
.
EW
=
EW
i

(E.7)

i=1

Lastly, the insurer’s estimated welfare is
N
X
 insurer 
c
EW
=−
(1 − Φ(cˆ∗i )) × (1 − yi ) × (Tˆis − Tˆid ).
i=1
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