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Abstrat

Out-of-poket spending by patients is a substantial share of aggregate health expenditures in many ountries,

and the level of demand-side ost sharing is a distinguishing feature of health insurane ontrats. Medial

deisions a�et a patient's well-being in two di�erent ways in the ase of demand-side ost sharing, as health

status and onsumption opportunities are both a�eted. It is desirable for a patient to reeive treatment

reommendations from a physiian who ares about patient well-being. Professional norms and pro-soial

preferenes are therefore key elements that shape markets for medial are. If physiians are onerned

about the overall well-being of their patients, they would, eteris paribus, prefer treatment alternatives where

redutions in patients' onsumption are smaller. We ask whether the physiian's treatment hoies are a�eted

by demand-side ost sharing. In order to identify and quantify preferenes under demand-side ost sharing,

we design and ondut an inentivized laboratory experiment where only medial students are reruited to

partiipate. In our experiment we ahieve salieny of all three attributes of treatment alternatives, pro�t,

health bene�t and patient onsumption: The hoies in the laboratory experiment determine the amount of

medial treatment and the future onsumption level of a real patient admitted to the nearest hospital. In

our experiment we vary demand-side ost sharing while preferenes and bargaining power of the patient is

�xed. We estimate deision-makers' preferene parameters in a variety of random utility models. We �nd

strong evidene suggesting that the amount of demand-side ost sharing a�ets medial deisions.
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1. Introdution and bakground

Knowledge on the determinants of physiian behavior is of fundamental importane for soiety

and a ore topi in health eonomis. In his seminal paper Arrow (1963) desribed the presene

of asymmetri information in medial deision-making as a fundamental aspet of the market for

medial are. Physiians are experts holding information superior to patients and insurers, and the

physiian's relationships with patient and insurer are often desribed as relationships haraterized

by imperfet ageny, where medial deision-making are tasks delegated to the physiian (MGuire,

2000, 2012). While medial treatment deisions are of great onern to patients and insurers, asym-

metri information limit their inuene on medial deision-making. Questions onerning optimal

design of health insurane ontrats and physiian payment mehanisms in the presene of imperfet

physiian ageny have motivated numerous theoretial and empirial ontributions to the health

eonomi literature. Arrow (1963) also noted that di�erent behaviors are expeted from physiians

as opposed to typial businesspersons: It is ommonly assumed that physiians are for the well-

being of their patients. Following papers by Ellis and MGuire (1986) and Farley (1986), it has

beome onventional to inlude a onern for the patient in eonomi models of physiian behavior.

A reourring result in the literature is that knowledge on ators' response to eonomi inentives

is neessary for designing health insurane ontrats and payment mehanisms whih target ertain

goals.

Demand-side ost sharing ours when a patient is required to pay for a portion of treatment

osts. Out-of-poket payment by patients an take the form of o-payments aording to a �xed

fee shedule, or in the form of spei� o-insurane rates. Demand-side ost sharing an be the

result of national poliy in single payer systems suh as the sandinavian ountries, where out-of

poket payment for various health servies are set by the government. In markets where onsumers

may hoose from several health insurane plans, the amount and spei� features of demand-side

ost sharing will typially vary substantially between plans, and plans with less ost sharing will

neessarily imply higher premiums. Consumers purhasing health insurane in the US an hoose

between alternative health insurane plans with di�erent levels of demand-side ost sharing, and

onsumers may aquire health insurane with relatively low premiums, in exhange for more ost

sharing (Pauly, 2017). Many studies have examined the inuene of demand-side ost sharing on

health expenditures and health servie utilization. One of the most inuential empirial study is the

Rand Health Insurane Experiment (HIE) (Newhouse, 1974). Their results indiate a signi�ant

e�et of demand-side ost sharing on health are expenditure. A 95% oinsurane plan with eiling

for yearly out-of-poket expenses redued total expenditure by 31% ompared to a plan with full

overage (Manning et al., 1987). They further alulated the prie elastiity to be approximately

-0.2.

The hypothesis that physiians hanged their pratie style in response to demand-side ost shar-

ing is disussed in Rie and Morrison (1994). It was not possible to distinguish between patient
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responses and physiian responses to the ost sharing in HIE. Reent studies on physiian's onern

for patient's out-of-poket payment have analyzed physiian presribing behavior. Several survey

studies report physiians' attitude towards patient out-of-poket osts. Survey evidenes show that

the majority of physiians (for example, 88% in Reihert et al. (2000) and 93.5% in Khan et al.

(2008)) agree that the patient out-of-poket payment for mediine is an important onsideration in

their presribing deisions. In addition, some physiians (71% in Reihert et al. (2000)) state that

they are willing to trade o� eÆay in order to make treatment more a�ordable to their patients.

Observational studies however show mixed evidene. Hu et al. (2017) analyzed data on physiian

visits for elderly patients and found that the introdution of Mediare Part D, whih o�ers a more

generous overage on presription and generi drugs, inreased the number of presription drugs

presribed or ontinued per visit by 32% and number of generi drugs presribe or ontinued by

46%. By studying reords of all pharmaeutials dispensed from two pharmaies in a Swedish mu-

niipality, Lundin (2000) found patients borne with larger out-of-poket payment are more likely

to have generi instead of trade-name drugs presribed than those with more osts reimbursed. In

a study of presribing of generi versus brand-name pharmaeutials, Hellerstein (1998) did not

�nd a strong evidene suggesting that the patient's insurane status systematially inuenes the

presribing of generia.

There are several aspets that annot be ontrolled for in many of the studies applying �eld data.

One essential onern is how well informed physiians are about patients' out-of-poket payment

or presription drug overage of the insured patients. In the study by Hu et al. (2017), physiians

are expeted to be well-informed about patients' health insurane plan, sine Mediare Part D was

implemented nationally and was an important health program providing drug overage for Mediare

bene�iaries. However, it is not lear how muh physiians knew about their patients' presription

drug overage in Hellerstein (1998)'s study.

To seperately identify physiian- and patient responses to demand-side ost sharing, Lu (2014) on-

duted a ontrolled �eld experiment. In her experiment, all the physiian subjets are informed of

patient's health insurane status and the patients are instruted to fully aept physiian's dei-

sions on presription drugs. This design ensures physiian knowledge of patient insurane overage

and isolates the physiian's behavioral response to demand-side ost share. She �nds that when

physiians are provided with �nanial inentives in presribing, they presribe higher volumes and

more expensive drugs to insured patients. Physiians without �nanial inentives to presribe do

not respond to patient insurane status, however, and the interpretation is that physiians do not

are about the onsumption opportunities of their patients. A limitation in their study is that they

were not able to ontrol for the health bene�ts of di�erent presribed drugs, whih might very likely

a�et physiians' deisions.

This paper ontributes to the literature on physiian behavior in several respets. First, we aquire

data by onduting a laboratory experiment where medial students are reruited to partiipate.
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The hoies in the experiment determine the amount of medial treatment and the future onsump-

tion level of a real patient admitted to the nearest hospital. Seond, our experiment di�ers from

most reent health eonomi laboratory experiments designed to identify hanges in experimental

tokens resulting from hanges in experimental onditions. The present experiment is designed to

enable estimation of preferenes parameters. The set of hoie senarios implemented in the exper-

iment is seleted to satisfy formal riteria for eÆient design and ensure identi�ation of preferene

parameters. Treatment alternatives are ompletely desribed in terms of three attributes: physiian

pro�t, patient health bene�t and patient onsumption after o-payment. In order to ensure salieny,

all three attributes are inentivized with money, and we refrain from introduing onditions or vari-

ables that are not inentivized. We �nd robust evidene suggesting that medial treatments are

a�eted by ost sharing, when patient-preferenes and patient bargaining power is kept onstant.

We �nd signi�ant heterogeneity in preferenes of medial students, and the results suggest pro�t

and patient health bene�ts are omplements in the utility funtion of the median individual.

The paper proeeds as follows: We disuss two inuential models of physiian behavior in Setion

2. In Setion 3, we desribe the experimental design and protool. We speify our empirial model

in Setion 4, and report the estimation results in Setion 5. In Setion 6, we disuss and onlude.

2. Models of physiian behavior

Theoretial models of physiian behavior are often spei�ed the purpose of analyzing a partiular

question. They vary in the elements inluded in the utility funtions due to di�erent fouses of

spei� researh questions. Sott (2000) give a review of model spei�ation sin the literature on

physiian behavior. Models often inlude inome and leisure as the arguments, and some inor-

porated an "ethial" argument that represents not only physiians' professionalism but also their

altruisti onern for patients' well-being. Spei�ally for the latter spei�ations, patients' utility

or health bene�t is inluded to expliitly model the trade-o� between physiian's pro�t motive and

patient-regarding patient motives. Other models have also inluded in the physiian utility funtion

arguments suh as reputation, pratie harateristis, intelletual satisfation and autonomy.

The purpose of our study is to explore physiians' trade-o� between own pro�t and patients' well-

being.In the paper by Farley (1986), the physiian is assumed to have both pro�t motives and

patient-regarding preferenes and, the patient's utility is an argument in the physiian's utility

funtion. The patient's utility is has two arguments: health bene�t B, and onsumption C. The

physiian's objetive in Farley (1986) an be written:

W (�;U): (1)

The patient's onsumption opportunities are una�eted by medial deisions in the speial ase

where the patient has full insurane, and there is no loss in generality from speifying the physiian
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objetive as in the study by Ellis and MGuire (1990):

W (�;B); (2)

As disussed by Ellis and MGuire (1990), an objetive given by (2), where patient onsumption is

not part of the physiian objetive, an be motivated from the fat that medial ethis fous on the

patient's health outomes from treatment rather than patient utility. Physiians' reputation and risk

of malpratie laims also relate to the health outomes of treatments, not the overall welfare of the

patient. Their model has been used in many studies to derive results on optimal payment shemes,

referral deisions and optimal ost sharing programs. The main researh question addressed in this

paper is whether physiian preferenes are best represented by (1) or (2). We derive the spei�

hypothesis to be tested when speifying our empirial model in Setion 4.

3. Experimental design and proedure

3.1. General design

We ondut a fully inentivized laboratory experiment. We reruited 202 medial students to the

experiment. In our experiment, eah partiipant plays a role of a physiian. They make a series of

deisions independently and anonymously. Payment to partiipants depends on their hoies in the

experiment. We reruited medial students from di�erent semesters to the experiment. A deision

task is to hoose treatment alternative A or B for a patient who has an endowment of 50 Chinese

Yuan (7.55 USD).

Eah subjet hooses treatment alternative on 23 di�erent oasions. The patient does not have full

insurane, and the patient needs to \pay" out of poket for the provided treatment. The patient

is assumed to be passive and aept the treatment hosen by the subjet, without interating with

the subjet. The hoie of treatment A or B simultaneously determines the subjet's pro�t, the

patient's health bene�t and the patient's onsumption after the o-payment.

There are no real patients partiipating in the experiment. The medial students take the role

of a physiian in the experiment. However, the hoies made by subjets in the experiment have

onsequenes for a real patient at the nearest hospital. The patient was hosen randomly from a

short list provided by the hospital. The money orresponding to the health bene�ts provided by

subjets in one of the 23 oasions in the experiment is transferred to the hospital aount of the real

patient and an only be used for medial treatment. Subjets' hoies determine the o-payments

and the amount of money available for patient onsumption, and the latter is transferred in ash,

diretly to the same hospital patient.

3.2. Choie menus

The hoie menus and the spei� level of attributes for the alternatives are the result of a Bayesian-

eÆient design where the so-alled D-eÆieny is optimized. We used the Stata module dreate
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(Hole, 2017) to obtain an eÆient design. The D-eÆient design is a blok design with four bloks,

whih in total omprise 80 hoie menus. We enfored some overlap of the four bloks by piking

one hoie menu from eah blok and inluding them in all four bloks. This means that eah

blok ontains 19 hoie menus that are unique for the blok, and 4 hoie menus that overlap with

hoies sets in the other bloks. All three attributes are oded as ontinuous variables. Subjets

were randomly assigned to bloks. The hoie menu given in Figure 1 shows an example presented

to the partiipants.

Patient 1, Initial endowment: 50 Yuan

Treatment A Treatment B

Your pro�t 15 10

Health bene�t for the patient 40 5

Money available to the patient (after o-payment) 5 10

Whih treatment would you prefer? Please tik only one.

Treatment A Treatment B

2 2

Figure 1: An example of physiian's deision task

Choie menus have three attributes, and we present attribute levels in Table (1). The attributes are

\Your pro�t", \Health bene�t for the patient" and \Money available to the patient". \Your pro�t"

indiates how muh money the subjet would earn from hoosing a treatment. \Health bene�t for

the patient" indiates how muh money that would be transferred to the patient's hospital aount

when hoosing a treatment. \Money available to the patient" indiates how muh ash that would

be transferred diretly to the patient when hoosing a treatment. To ensure larity and salieny

of this attribute, and make sure subjets understand the di�erene between the attributes \Health

bene�t for the patient" and \Money available to the patient", areful desriptions and test questions

were given before starting the experiment. Subjets were explained that the hoie of treatment

determines the \Money available to the patient", whih refers to the remaining disposable amount

of money to the patient after paying for the medial treatment. The o-payment for the treatment

an then be alulated by subtrating \Money available to the patient" from the initial endowment

of 50 Yuan.

Eah attribute has eight levels, eah ranging from 5 Yuan (0:76 USD) to 40 Yuan (6:04 USD) with

a 5 Yuan (0:76 USD) interval.

Table 1: Attributes and levels

Attributes Levels Coding mode Expeted sign

Your pro�t 5,10,15,20,25,30,35,40 Continuous +

Health bene�t for the patient 5,10,15,20,25,30,35,40 Continuous +

Money available to the patient

(after o-payment) 5,10,15,20,25,30,35,40 Continuous +
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3.3. Experimental protool

This experiment was onduted at the Leture Hall of Shool of Mediine at Shandong University

in China on 4th April 2017. The medial students were reruited one week before the experiment.

The Leture Hall ould host all the partiipants at the same time. To insure no interation between

partiipants ould take plae, we reruited and trained 10 assistants to supervise in the experiment.

Upon arrival, the partiipants were randomly alloated to an ID number and they were led to their

seat aording to a seat map. This was to guarantee no partiipant reeives the same blok of

hoie menus as his left and right neighbor, and to avoid friends sitting together. The desription of

experiment was then read out loud by the experimenter and enough time was given for the parti-

ipants to larify and ask any questions privately to the assistants. Three omprehensive questions

were then asked to the partiipants to familiarize them with the deision tasks. After having made

23 deisions and ompleted a short questionnaire about the bakground, eah partiipant reeived

the payment in private. Eah partiipant's pay onsists of two parts: 25 Yuan (3.77 USD) show-up

ompensation and an amount equal to Your pro�t from a randomly drawn deision. Approximate

assessments of expeted experiment duration and expeted payment to partiipants were made

based on experiene. The expeted payment to partiipants was set to math the pay of a typial

student job.

The transfer to the real hospital patient onsists of two parts: the money orresponding to the total

sum of \Health bene�t for the patient" and the money orresponding to the total sum of \Money

available to the patient". The amounts were alulated for the randomly drawn hoie oasion.

The total \Health bene�t for the patient" was transferred to the hospital aount of the patient.

This transfer ould only be used for medial treatment. The total \Money available to the patient"

was given as ash to the same hospital patient. To validate these two transfers, a monitor was

randomly seleted from the partiipants of the experiment. Similar protools have been applied in

reent literature (Hennig-Shmidt et al., 2011). The monitor supervised the proedure and exeuted

the transation together with the experimenter. An additional 30 Yuan (4.53 USD) was paid to the

monitor at the end.

The duration of the experiment was 1.5 hours. Subjets earned 49.5 Yuan (7.47 USD) on average.

In total, 6080 Yuan (917.69 USD) were transferred to the hospital aount and 4635 Yuan (699.59

USD) were given as ash to the patient. Ethial review and approval of the experimental proedure

was given by Norwegian Soial Siene Data Servies (referene #53301).

3.4. Subjet harateristis

We did not ollet any identifying information from subjets, and we base the desription of our

study sample in Table 2 on the post experiment questionnaire. Of the 202 subjets, 72 were males,

129 were females, and one subjet did not provide gender information. Their age range from 18

to 23 with the majority (67.83%) being between 20 to 22 years old. The reruited students were
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from study year one to four

4

. The third and fourth year students aount for 69.80% of the pool

and they have had up to six months experiene assisting dotors at the hospitals. The rest were

�rst-two-year students (30.20%) who had voluntary training at the hospital in the summer time.

Students above year 4 were not available on ampus due to medial training in hospitals.

Table 2: Subjet harateristis

Frequeny Perent

Gender

Male 72 35.64

Female 129 63.86

Unknown 1 0.50

Age

18 21 10.40

19 31 15.35

20 41 20.30

21 55 27.23

22 41 20.30

23 11 5.45

Unknown 2 0.99

Year of study

1 46 22.77

2 15 7.43

3 103 50.99

4 38 18.81

N = 202

4

The students invited were undertaking either the 5-year undergraduate medial degree or the 7-year program

in linial mediine leading diretly to a master's degree. A modern three-level medial degree system: Bahelor of

Mediine (BM), Master of Mediine (MM), and Dotor of Mediine (DM) was introdued in China in 1981 (Wu et al.,

2014). The BM urriulum is the same as the �rst �ve years of MM in Shandong University.
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4. Empirial spei�ation

We model a physiian's hoie of health are treatment, in a situation where the patient does not

have full insurane. The hoie of medial treatment therefore determines the patients health bene�t

B and the patients out-of-poket payment P in addition to physiians' net pro�t �. We speify an

objetive funtion for physiians, where physiians are assumed to are for the "overall well-being

of the patient" (Farley, 1986). We represent this onern by parameterizing physiians' valuation of

patient health bene�t B and patient onsumption C. Patient onsumption level is determined by

subtrating out-of-poket payment from the patient's endowment y

o

: C = y

o

�P . Assume physiian

i hooses a treatment within a �nite set of treatments, j = 1; 2; 3; :::J . Physiian i's utility from

providing treatment j at hoie oasion t an be expressed as:

U

ijt

= �

0

i

x

ijt

+ "

ijt

; (3)

where �

0

i

is a (1 � 9) vetor of preferene parameters to be estimated, x

ijt

is a (9 � 1) vetor of

variables, and "

ijt

is a noise term. The noise term is assumed type I extreme value distributed.

Hene, the spei�ation in (3) is a logit model (MFadden, 1974; Train, 2009).

While the funtional form of utility funtions has been a disussed in other eonomi appliations

(Koppelman, 1981; Van Soest, 1995; Keane and MoÆtt, 1998; Kim et al., 2016), less attention has

been paid to the spei�ations of utility in the disrete hoie literature within health domain. In

health eonomi appliations, the most ommonly assumed utility spei�ation is linear additive in

all hoie attributes

5

. This type of spei�ation aptures only the main e�et of eah attribute on

individual's deision whih imposes the restrition that the e�et of one attribute does not depend

on the level of any attribute. In our study, linear utility spei�ation implies that the marginal

utility of physiian's pro�t is onstant and does not vary with the level of any one of the three

attributes. Despite the hallenge that it requires a larger sample to estimate a more spei� utility

funtion, several studies in health have inluded attribute-by-attribute interations (Lansar et al.,

2007) and seond order terms (Van Der Pol et al., 2010; Kolstad, 2011) in the utility spei�ations

and found signi�ant e�ets. However, most studies do not disuss the nonlinearities in more de-

tails. Two reent studies (van der Pol et al., 2014; Holte et al., 2016) investigate the results from

di�erent utility spei�ations and all for more attention to questions onerning funtional form.

While any random utility model an be approximated by a linear (in parameter) mixed logit spei-

�ation (MFadden and Train, 2000; Train, 2009) it remains a hallenge to hoose the ideal mixing

and funtional form. In the following we estimate both linear and non-linear funtional forms with

and without preferene heterogeneity. Finally, the preferred model is seleted based on the Log-

Likelihood value, the Akaike information riterion (AIC) and the Bayesian information riterion

5

In the ontext of this study, linear or non-linear utility funtion means linear or non-linear in explanatory variables,

not parameters. Reently, Andersen et al. (2012) studied several bene�ts of parametri non-linear funtions.
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(BIC). The linear utility is a ommonly applied spei�ation. The linear spei�ation is ahieved

by onstraining six of the parameters in the �

0

i

vetor to be zero. Hene, the linear spei�ation

is a restritive spei�ation, and we use this spei�ation as a baseline for omparison with the

other spei�ations. The non-linear utility spei�ation is a quadrati utility with seond degree

polynomial in all three variables. By Taylors theorem, further expanding the polynomial in the spe-

i�ations would provide better approximations. Suh improvements in approximation of funtional

forms are ostly, however, as more and riher data is required to quantify additional parameters. In

addition, larger samples and additional parameters also raise omputation osts. Hene, the hoie

of a quadrati form is a onveniene hoie.

The available alternatives are desribed ompletely by the attribute vetor x

ijt

:

x

ijt

=

0

B

B

B

B

B

B

B

B

B

B

B

B

B

B

B

B

�

�

B

C

� �B

� � C

B � C

�

2

B

2

C

2

1

C

C

C

C

C

C

C

C

C

C

C

C

C

C

C

C

A

: (4)

And the vetor of parameters to be estimated in quadrati spei�ation, �

i

, is given by:

�

i

=

0

B

B

B

B

B

B

B

B

B

B

B

B

B

B

B

B

�

�

�

�

b

�



�

�b

�

b

�

�

�

��

�

bb

�



1

C

C

C

C

C

C

C

C

C

C

C

C

C

C

C

C

A

: (5)

We observe that in the speial ase where only �

�

and �

b

in equation 3 are di�erent from zero, the

physiian objetive oinides with Ellis and MGuire (1990). Our data omprises observed hoies

of treatment alternatives, when available alternatives di�er in pro�t, patient bene�t, and patient

onsumption. Individuals' valuation of x

ijt

is aptured by the preferene parameters. Models where

homogeneous preferenes are assumed are standard onditional logit models, where estimates are

obtained by means of maximum likelihood estimation. We apply maximum simulated likelihood

(MSL) estimation to obtain parameter estimates of models with heterogeneous preferenes. In
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desribing the latter proedure, we losely follow the presentation in Hole (2007). We let �

i

denote

a realization from the distribution f(�j�), where � are the parameters of the distribution. We

assume that onditional on knowing �

i

, the probability of subjet i hoosing alternative j on hoie

oasion t is given by

L

ijt

(�

i

) =

exp(�

0

i

x

ijt

)

P

10

j=0

exp(�

0

i

x

ijt

)

:

Next, we may express the probability of the sequene of hoies over the hoie oasions onditional

on �

i

by

S

i

(�

i

) =

T

Y

t=1

L

ij(i;t)

(�

i

);

where the notation j(i; t) refer to the alternative hosen by individual i upon hoie oasion t.

The unonditional probability of the sequene of hoies is given by integrating the onditional

probability over �

i

:

P

i

(�) =

Z

S

i

(�

i

)f(�j�)d�:

The log likelihood is given by

SLL(�) =

I

X

i=1

lnP

i

(�);

whih an not be solved analytially, and need to be approximated by means of simulation methods.

The simulated log likelihood is given by

SLL(�) =

I

X

i=1

ln

"

1

R

R

X

r=1

S

i

(�

r

)

#

;

where R is the number of repliations, and �

r

is the r

th

draw from the f(�j�) distribution. The

maximum simulated likelihood estimator

^

�

0

i

is a onsistent estimator, onverging in probability to �

0

i

as sample size, I and simulation draws r inrease (Lee and Ingram, 1991; Hajivassiliou and Ruud,

1994).

5. Estimation results

For an overview of spei�ations of all estimated models and orresponding �t riteria, please see

Appendix A. Table 3 presents the estimated parameters from two utility spei�ations assuming

homogeneous preferenes

6

. Both model 1 and 2 are standard onditional logit models. The dif-

ferene between these two models is that model 1 assumes a linear utility in the main e�ets of

physiian's own pro�t �, patient health bene�t B and patient onsumption after ost-sharing C,

while model 2 follows a quadrati utility spei�ation allowing for investigation of non-linearity in

6

In all estimations in this paper, we resaled all variables by dividing them by 10.

11



Table 3: Conditional logit models. Homogeneous preferenes

Model 1 Model 2

Parameter Estimate Std. Errory Estimate Std. Errory

�

�

0.529

���

(0.0324) 1.085

���

(0.170)

�

b

1.401

���

(0.0640) 2.139

���

(0.243)

�



0.668

���

(0.0509) 0.761

���

(0.217)

�

�b

0.0509

���

(0.019)

�

b

-0.0214 (0.021)

�

�

0.0532

���

(0.017)

�

��

-0.140

���

(0.026)

�

bb

-0.140

���

(0.031)

�



-0.0179 (0.028)

N 9290 9290

Log Likelihood -2097.5 -1985.6

AIC 4200.9 3989.1

BIC 4222.3 4053.4

�

p < 0:1,

��

p < 0:05,

���

p < 0:01. y lustered at the level of the individual.

variables. Not surprisingly, the model �t riteria, log likelihood, AIC, and BIC are all in favor of

the non-linear model and a likelihood ratio test

7

(p = 0:000) on�rms that model 2 is a better �t.

The estimates from these two models imply that marginal utilities of all variables are positive and

they are dereasing one we allow for non-linearity

8

.

We now relax the assumption of homogeneous preferenes. In Table (4) we report estimation

results from Model 3, whih is a mixed logit model where we assume random oeÆients of pref-

erene variables (Godager and Wiesen, 2013). We report the estimated means, standard devia-

tions and medians (for log-normal oeÆients) of the oeÆient distributions. The oeÆients

�

�

; �

b

; �

�

; �

���

; �

-bb

and �

-

are all hosen to be log-normally distributed beause we expet

physiians to have positive and dereasing marginal utilities of all variables based on results from

the �rst two models

9

. The oeÆients of �

�b

; �

b

and �

�

are all assumed to be normally dis-

tributed, thereby allowing for the possibility that preferenes an be heterogeneous with regard to

whether attribute pairs are substitutes or omplements.

The magnitudes of estimates from our three models are not diretly omparable, due to di�erent

utility spei�ations and oeÆients distributions. The signi�ant standard deviations in Model 3,

however, provides evidene to suggest heterogeneity in preferenes.

7

The likelihood test is only valid if used to ompare nested models and not for models with lustered standard

errors. Hene when we ran the test, we used models without lustering.

8

The magnitudes of marginal utilities depend on the values of all three variables in non-linear model. The alulated

marginal utilities from model 2 are positive at all possible ombinations of variable levels. The negative oeÆients

of the seond-order terms indiate dereasing marginal utilities in Model 2.

9

The magnitudes of oeÆients of the main e�ets are muh larger than those of the interation and seond-

order terms, hene the former almost dominantly deides the sign of the marginal utilities. We therefore onstrain

oeÆients of the main e�ets to be positive.

12



Table 4: Mixed logit model. Heterogeneous preferenes

Model 3

Parameter Estimate Std. Error

�

�

Mean 2.079

���

(0.337)

Median 1.880

���

(0.366)

SD 0.980

���

(0.130)

�

b

Mean 4.045

���

(0.415)

Median 3.973

���

(0.424)

SD 0.775

���

(0.198)

�



Mean 1.961

���

(0.334)

Median 1.892

���

(0.350)

SD 0.532

���

(0.088)

�

��

Mean -0.225

���

(0.051)

Median -0.222

���

(0.050)

SD 0.040 (0.033)

�

bb

Mean -0.252

���

(0.058)

Median -0.252

���

(0.058)

SD 0.020 (0.041)

�



Mean -0.114

��

(0.047)

Median -0.085

��

(0.042)

SD 0.099

���

(0.024)

�

�b

Mean 0.117

���

(0.039)

SD 0.0938

��

(0.043)

�

b

Mean -0.0244 (0.040)

SD 0.181

���

(0.035)

�

�

Mean 0.0710

���

(0.027)

SD 0.0331 (0.039)

N 9290

Log Likelihood -1555.1

AIC 3146.3

BIC 3274.7

Normal distributed oeÆients: �

�b

, �

b

and �

�

.

The remaining oeÆients are log-normal distributed.

To failitate negative seond-order derivatives the square

terms where multiplied by �1.

Model is estimated by means of MSD, and 3000 Halton draws

are used.

�

p < 0:1,

��

p < 0:05,

���

p < 0:01

Comparing results in Table (4) with results in Table (3), we see that the model �t improves when

we relax the assumption of preferene homogeneity, and the AIC and BIC on�rm that Model 3 has

the best �t

10

. We therefore fous on estimates from Model 3 in Table (4) when we proeed with

the detailed interpretations and post-estimation results.

We now desribe marginal utilities, marginal rates of substitution, and whether individuals onsider

attributes to be omplements or substitutes. Suppressing subsripts, the utility funtion in Model

10

We note that the redutions in the information riteria and the log-likelihood are muh larger from homogeneous

to heterogeneous preferenes than from linear to non-linear funtional forms.

13



3 an be written:

U = �

�

� + �

b

B + �



C + �

�b

�B + �

b

BC + �

�

�C + �

��

�

2

+ �

bb

B

2

+ �



C

2

; (6)

with �rst- and seond order derivatives given by:

U

0

�

= �

�

+ �

�b

B + �

�

C + 2�

��

�; U

00

��

= 2�

��

; U

00

�b

= �

�b

;

U

0

b

= �

b

+ �

�b

� + �

b

C + 2�

bb

B; U

00

bb

= 2�

bb

; U

00

b

= �

b

;

U

0



= �



+ �

b

B + �

�

� + 2�



C; U

00



= 2�



; U

00

�

= �

�

;

(7)

In our non-linear utility spei�ation, there are two soures of variation in marginal utilities.

Marginal utilities depend on the levels of the variables and will in addition vary due to the preferene

heterogeneity. We need to use simulation in order to desribe how marginal utilities and marginal

rates of substitution vary over variable levels as well as preferene parameters. We obtain simulated

marginal utility distributions by inserting draws

11

from the distributions that are parametrized a-

ording to the estimation results in Table (4) into the formulas for the marginal utilities given in

(7). We report the simulated marginal utilities in Table 5.

As expeted, the magnitudes of marginal utilities vary aross levels of variables and perentiles

of the preferene distributions. The table therefore onsists of three panels presenting marginal

utilities at ombinations of low (15), middle (20) and high (25) level of variables. We also desribe

marginal utilities within eah panel at the 25th, 50th and 75th perentile of the population. Our

�rst observation is that all three marginal utilities are positive and delining, showing diminishing

marginal utility. Further, we observe that marginal utility of patient health bene�t is larger than the

two other marginal utilities, and that this holds true for the whole population at all ombinations

of attributes. Whether the marginal utility of pro�t is larger or smaller than the marginal utility

of patient onsumption, depends on the level of these two variables: When pro�t is high relative

to patient onsumption, marginal utility of pro�t is smaller than the marginal utility of patient

onsumption, and the opposit is true when pro�t is low relative to patient onsumption.

Following the de�nitions by Seidman (1989), we only disuss so alled quantity omplements (quan-

tity substitutes) in this paper. For example, � and b are omplements (substitutes) if an inrease in

� raises (dereases) the marginal utility of b. Hene, two attributes are omplements whenever the

ross partial derivative in (7) is positive, and substitutes if the ross partial derivative is negative.

The estimation and simulation results provide interesting results with regard to whether attribute

pairs are substitutes or omplements. Sine we allow for normal distributed ross partial deriva-

tives, we do not restrit attributes to be either omplements or substitutes for all individuals. Two

attributes may be omplements for some individuals, and substitutes for other individuals. The

11

We used 10,000 draws in the simulations.
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Table 5: Marginal utilities based on estimates from Model 3

� = 15

C=15 C=20 C=25

U

0

�

U

0

b

U

0



U

0

�

U

0

b

U

0



U

0

�

U

0

b

U

0



B=15

25 % 0.99 2.84 1.25 1.02 2.81 1.14 1.06 2.77 1.02

50 % 1.50 3.36 1.66 1.53 3.36 1.57 1.57 3.35 1.47

75 % 2.17 3.94 2.10 2.21 3.96 2.01 2.24 3.98 1.93

B=20

25 % 1.04 2.59 1.22 1.08 2.55 1.09 1.11 2.52 0.97

50 % 1.55 3.11 1.66 1.60 3.11 1.56 1.63 3.10 1.46

75 % 2.23 3.70 2.12 2.27 3.71 2.03 2.30 3.73 1.96

B=25

25 % 1.10 2.33 1.16 1.14 2.30 1.05 1.17 2.26 0.93

50 % 1.62 2.85 1.65 1.66 2.85 1.55 1.69 2.85 1.46

75 % 2.31 3.44 2.15 2.34 3.46 2.06 2.38 3.48 1.98

� = 20

C=15 C=20 C=25

U

0

�

U

0

b

U

0



U

0

�

U

0

b

U

0



U

0

�

U

0

b

U

0



B=15

25 % 0.77 2.90 1.29 0.80 2.87 1.17 0.83 2.83 1.06

50 % 1.28 3.43 1.70 1.31 3.42 1.60 1.35 3.42 1.51

75 % 1.94 4.01 2.13 1.99 4.03 2.05 2.02 4.05 1.98

B=20

25 % 0.82 2.64 1.25 0.85 2.61 1.13 0.89 2.57 1.01

50 % 1.34 3.18 1.69 1.37 3.17 1.59 1.41 3.16 1.50

75 % 2.01 3.76 2.16 2.05 3.77 2.07 2.09 3.79 1.99

B=25

25 % 0.87 2.39 1.20 0.91 2.36 1.08 0.94 2.32 0.96

50 % 1.40 2.92 1.68 1.43 2.92 1.58 1.47 2.91 1.48

75 % 2.08 3.51 2.18 2.11 3.53 2.09 2.16 3.54 2.01

� = 25

C=15 C=20 C=25

U

0

�

U

0

b

U

0



U

0

�

U

0

b

U

0



U

0

�

U

0

b

U

0



B=15

25 % 0.54 2.94 1.32 0.57 2.92 1.21 0.60 2.87 1.09

50 % 1.05 3.48 1.73 1.09 3.48 1.64 1.12 3.46 1.55

75 % 1.73 4.07 2.17 1.77 4.09 2.09 1.81 4.10 2.01

B=20

25 % 0.59 2.70 1.28 0.63 2.66 1.17 0.66 2.62 1.04

50 % 1.11 3.24 1.73 1.15 3.23 1.63 1.19 3.22 1.53

75 % 1.79 3.83 2.19 1.84 3.84 2.11 1.87 3.86 2.03

B=25

25 % 0.65 2.44 1.23 0.68 2.40 1.11 0.72 2.36 1.00

50 % 1.18 2.98 1.72 1.21 2.97 1.62 1.25 2.96 1.52

75 % 1.87 3.57 2.22 1.90 3.59 2.13 1.94 3.60 2.05

This table presents marginal utilities U

0

�

, U

0

b

, and U

0



at di�erent levels of �, b, and 

for the 25th, 50th, 75th perentiles of the preferene distributions.

estimated means of the ross partial derivatives, reported in Table (4), suggest that the average

individual onsiders pro�t and patient bene�t to be omplements, and pro�t and patient onsump-

tion to be omplements. For the average individual, marginal utility of patient health bene�t is

una�eted by the level of patient onsumption.

We an also investigate whether individuals from the three di�erent perentile onsider attributes to

be substitutes or omplements by observing how marginal utilities hange along levels of attributes

in Table (5). We observe that at any perentile, marginal utility of pro�t inreases as either patient

health or onsumption rises

12

. This indiates that pro�t is a omplement to patient health or patient

12

Due to symmetry of ross partials, this is equivalent to that marginal utility of patient health and marginal utility

15



onsumption for most individiduals. With regard to the ross partial derivative of patient health

bene�t and patient onsumption, results indiate that preferenes where patient health bene�t and

patient onsumption are omplements, and preferenes regarding these attributes as substitutes,

are both ommon. For the median individual, marginal utility of patient health does not hange

with the level of patient onsumption

13

, and the interpretation is that patient health and patient

onsumption are onsidered independent by the median individual. At the 25th perentile, however,

marginal utility of patient health bene�t dereases as onsumption rises, and the interpretation is

that patient health and patient onsumption are substitutes for the 25th perentile individual. At

the 75th perentile, marginal utility of patient health bene�t inreases as onsumption rises, and

the interpretation is that patient health and patient onsumption are omplements for the 75th

perentile individual.

To further study physiians' trade-o�s between pro�t, patient health and onsumption, we alu-

late marginal rates of substitution (MRS) by using the simulated marginal utilities. The individuals

MRS for pro�t and patient health bene�t is given by R

�b

= U

0

b

=U

0

�

and expresses how muh pro�t

redution the individual is willing to aept in exhange for an extra unit of patient health bene�t,

while remaining at the same utility level. Similarly, individuals MRS for pro�t and patient on-

sumption is given by R

�

= U

0



=U

0

�

. We desribe the distribution of MRS in Table 6, whih follows

the same format as table 5. The MRSs are reported at di�erent ombinations of variable levels and

at 25th, 50th, 75th perentiles of the preferene distribution. As expeted, and in line with what

we �nd from Table 5, individuals are willing to sari�e more pro�t for unit of patient health, than

what they are willing to sari�e for one unit of patient onsumption. We observe that R

�b

> R

�

at every attribute and perentile ombination. In addition, R

�b

is always larger than one while

R

�

take values both larger and smaller than one. In another words, individuals are always willing

to trade-o� more than one unit of pro�t in exhange for a unit inrease in patient health bene�t,

while not all physiians in all situations would sari�e more than one unit of pro�t for one unit

inrease in patient onsumption. The two MRSs hange value on di�erene ombinations of variable

levels. We �nd in general that R

�b

and R

�

inrease with physiian own pro�t, and derease with

patient health and onsumption. The interpretation is that as individuals experiene more pro�ts,

or as patient's utility deline (lower health bene�ts or lower onsumption), physiians are willing to

sari�e more pro�t to improve patient utility.

of onsumption inrease as pro�t rises.

13

Again, due to symmetry of ross partials, this is equivalent to that marginal utility of patient onsumption does

not hange with the level of patient health.

16



Table 6: Marginal rates of substitution based on estimates from Model 3

� = 15

C=15 C=20 C=25

R

�b

R

�

R

�b

R

�

R

�b

R

�

B=15

25 % 1.48 0.67 1.44 0.59 1.40 0.52

50 % 2.23 1.08 2.17 0.99 2.11 0.89

75 % 3.48 1.75 3.37 1.61 3.25 1.47

B=20

25 % 1.32 0.63 1.28 0.56 1.25 0.49

50 % 1.98 1.03 1.92 0.93 1.88 0.85

75 % 3.08 1.66 2.96 1.52 2.88 1.41

B=25

25 % 1.15 0.59 1.13 0.52 1.09 0.45

50 % 1.74 0.97 1.70 0.89 1.65 0.81

75 % 2.69 1.59 2.60 1.47 2.54 1.36

� = 20

C=15 C=20 C=25

R

�b

R

�

R

�b

R

�

R

�b

R

�

B=15

25 % 1.64 0.74 1.60 0.67 1.56 0.59

50 % 2.60 1.26 2.53 1.15 2.46 1.05

75 % 4.38 2.19 4.25 2.01 4.10 1.84

B=20

25 % 1.46 0.70 1.43 0.62 1.39 0.55

50 % 2.30 1.19 2.25 1.09 2.19 1.00

75 % 3.86 2.08 3.70 1.90 3.58 1.74

B=25

25 % 1.28 0.66 1.26 0.58 1.22 0.51

50 % 2.03 1.14 1.98 1.03 1.92 0.94

75 % 3.35 1.96 3.23 1.79 3.15 1.66

� = 25

C=15 C=20 C=25

R

�b

R

�

R

�b

R

�

R

�b

R

�

B=15

25 % 1.70 0.77 1.68 0.70 1.66 0.62

50 % 2.94 1.42 2.87 1.30 2.80 1.20

75 % 5.41 2.72 5.24 2.48 5.05 2.28

B=20

25 % 1.53 0.74 1.52 0.67 1.49 0.59

50 % 2.63 1.36 2.56 1.25 2.50 1.13

75 % 4.77 2.56 4.59 2.34 4.43 2.14

B=25

25 % 1.37 0.70 1.35 0.62 1.32 0.55

50 % 2.31 1.29 2.26 1.18 2.20 1.08

75 % 4.11 2.39 4.01 2.21 3.86 2.02

This table presents marginal rates of substitution, R

�b

and R

�

,

at di�erent levels of �, b, and  for the 25th, 50th, 75th

perentiles of the preferene distributions.
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Figure 2: Indi�erene urves

(a) � and B axes,. C=20 (b) � and C axes, B=20
() B and C axes, �=20

We provide visual representation of preferenes in the form of indi�erene urves in Figure (2).

The indi�erene urves represent the preferenes of the median individual based on estimates from

Model 3. In eah of the three two-dimensional diagrams, we present indi�erene urves for two

attributes while holding the third attribute �xed. The indi�erene urves of patient health and

onsumption in () are straighter than the indi�erene urves in the other maps. The interpretation

is that the median individual is willing to exhange patient health and patient onsumption at a

nearly onstant rate.

6. Conlusion and disussion

It is ommonly expeted that physiians are onerned about their patients. In eonomi models,

physiians' valuation of alternative medial treatments are often spei�ed to be inuened by patient

health bene�ts in addition to their own pro�t. In this paper, we ask whether physiians valuation

of medial treatments are a�eted by demand-side ost sharing. In the ase that physiians are

onerned about the overall well-being of their patients, they would eteris paribus prefer treatment

alternatives where redutions in patient onsumption is smaller level. In order to identify and

quantify providers preferene under demand-side ost sharing, we design and ondut an inentivized

laboratory experiment in whih salieny of all three attributes of treatment alternatives, pro�t, health

bene�t and patient onsumption are ensured. We �nd robust evidene suggesting that physiians'

hoie of medial treatments are indeed inuened by patient demand-side ost sharing.

This study is to our knowledge the �rst to quantify the trade-o�s between pro�t, patient on-

sumption, patient health bene�t. The study provides evidene suggesting that medial treatment

deisions are inuened by a onern for the overall well-being of the patient, and not only the

health e�ets. This result ontributes with new knowledge on physiian preferenes whih is useful

for designing physiian payment shemes and health insurane ontrats. The results implies that

even in ases where physiians reeive fee-for-servie payment and have strong bargaining power

when onsulting patients, demand-side ost sharing will redue servie provision.
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Table A.1: Log-likelihood and information riteria from all model spei�ations

Panel A: Linear utility

U = �

�

� + �

b

B + �



C + "

Spei�ation of heterogeneity, if present Log Likelihood AIC BIC

(A) No heterogeneity [Model 1℄ -2097.5 4200.9 4222.3

(B) �

B

; �

C

(normal) -1801.1 3612.1 3647.8

(C) �

�

; �

B

; �

C

(normal) -1742.9 3497.7 3540.5

(D) �

�

; �

B

; �

C

(orrelated, normal) -1718.8 3455.7 3519.9

(E) �

B

; �

C

(Log-normal) -1816.7 3643.5 3679.1

(F) �

�

; �

B

; �

C

(Log-normal) -1730.6 3473.2 3516.0

(G) �

�

; �

B

; �

C

(orrelated, Log-normal) -1713.7 3445.5 3509.7

Panel B: quadrati utility

U = �

�

� + �

b

B + �



C + �

�b

�B + �

b

BC + �

�

�C + �

��

�

2

+ �

bb

B

2

+ �



C

2

+ "

Spei�ation of heterogeneity, if present Log Likelihood AIC BIC

(h) No heterogeneity [Model 2℄ -1985.6 3989.1 4053.4

(i) �

�

; �

B

; �

C

(normal) -1575.2 3174.4 3260.0

(j) �

�

; �

B

; �

C

(Log-normal) -1565.4 3154.8 3240.5

(k) All oeÆients (normal) -1561.2 3158.4 3286.9

(l) �

�b

; �

b

; �

�

, (normal), �

�

; �

b

; �



; �

��

; �

bb

; �



(log-normal) [Model 3℄ -1555.1 3146.3 3274.7

Notes: individual, alternative, and time subsripts are suppressed in the utility funtions.
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B. Desription of the experiment

General information

Welome to our experiment. This experiment is part of a researh ollaboration between the Uni-

versities of Shandong (China), Oslo (Norway), and Cologne (Germany).

In the following experiment, you will make several deisions. Following the instrutions and depend-

ing on your deisions, you an earn money. It is therefore very important to read the desription

arefully.

Your deisions are anonymous and will be kept stritly on�dential. During the experiment you

are not allowed to talk to any other partiipant. Whenever you have a question, please raise your

hand. The experimenter will answer your question in private. If you disregard these rules you an

be exluded from the experiment without reeiving any payment.

All amounts in the experiment are stated in Chinese Yuan (RMB). At the end of the experiment,

you will be paid in ash.

After the experiment, we will kindly ask you to omplete a short questionnaire and you will get 25

Yuan for arefully ompleting the experiment and questionnaire.

The experiment will take approximately one hour and a half.

Deision situations in the experiment

During the entire experiment you are in the role of a physiian. You deide on the treatment options

{ Treatment A or Treatment B { of 23 abstrat patients. There are no real patients partiipating

in this experiment, but a real patient outside the experiment will be a�eted by your deisions.

The Treatment A and B di�er in terms of Your pro�t, Health bene�t for the patient and

Money available to the patient (after o-payment). We now explain the three elements one

by one:

Your pro�t indiates how muh money you would earn from hoosing the treatment.

Health bene�t for the patient is the patient's expeted gain in health status, measured in

money, from your hoie of treatment.

Eah patient you are treating has the same amount of money initially: 50 Yuan. The patients are

not fully insured. This means that they have to pay a ertain amount of o-payment for the treat-

ment. Money available to the patient (after o-payment) therefore indiates the amount

of money that remains with patient, after the o-payment. The patient an spend the remaining

amount of money on any feasible onsumption. Hene, your deision on the treatment not only

determines your own pro�t, but also the patient's health bene�t and onsumption level after o-

payment. Note that, in this experiment, we do not onsider third party insurer's payment for the

treatment.
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Patient 6

With an initial endowment of 50 Yuan

Treatment A Treatment B

Your pro�t 15 40

Health bene�t for the patient 25 5

Money available to the patient (after o-payment) 10 30

Whih treatment would you prefer? Please tik only one.

Treatment A Treatment B

2 2

Consider the following example:

This patient has an initial money endowment of 50 Yuan. You are asked to hoose either Treatment

A or Treatment B. If you hoose Treatment A, you will get 15 Yuan pro�t. If you hoose Treatment

B, you will get 40 Yuan pro�t whih is 25 Yuan more than in Treatment A. For the patient,

Treatment A gives a health bene�t valued at 25 Yuan, and this is 20 Yuan more than in Treatment

B. At the same time, the patient has to pay 40 Yuan o-payment for Treatment A and 20 Yuan

for Treatment B. Equivalently, the money available to the patient after o-payment is 10 Yuan

if Treatment A is hosen, and the money available to the patient after o-payment is 30 Yuan if

Treatment B is hosen. You an alulate the o-payment by subtrating the Money available to

the patient (after o-payment) from the initial endowment of 50 Yuan.

One you make your deision, tik the box under your preferred treatment.

The payments in the experiment

After everyone have ompleted the booklet with deision tasks and questionaire, an assistant will

ollet the booklet. After olleting all of the booklets, one out of your 23 deisions will be drawn

randomly. The payo� for you and the patient will be based on this randomly drawn deision.

There are no real patients partiipating in this experiment, but your deision on the abstrat pa-

tient will bene�t a real patient in Qilu Hospital. This real patient is randomly hosen from a list of

admitted patients who have serious diseases (e.g. lung aner, uremia, olon aner or other serious

illness) and have to bear a o-payment for his or her medial treatment.

The payment you reeive: The amount of Your pro�t from the randomly drawn deision and

the partiipation fee, will be given to you in ash at the end of the experiment.

The transfers to the patient: This transfer onsists of two parts. The amount of Health ben-

e�t for the patient from the deision will be transferred to the patient's hospital aount. It an

only be used for medial treatment for the patient. At the same time, the amount of Money avail-

able to the patient (after o-payment) will be given to the patient as ash at his or her disposal.

Proedural details

After the experiment, one of you will be randomly hosen as a monitor who will supervise the

transations to the patient. The monitor and the experimenter will both go to Qilu hospital and
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supervise the proess of transferring the money to the patient's hospital aount and give the ash

diretly to the patient. The visit to Qilu hospital will take plae after the experiment. The monitor

will reeive an hourly payment of 30 Yuan in addition to the payment from the experiment. The

monitor veri�es, by a signed statement, that the proedure desribed above is arried out.

After the experiment, the hospital will indiate in an anonymous way to the researhers of Shandong

University and the University of Oslo whih medial treatments have been onduted for the ran-

domly hosen patient using the transferred money to the patient's hospital aount. This doument

will made aessible to partiipants of this experiment upon request (Email to: gege�medisin.uio.no).

Now, please answer some questions familiarizing you with the deision situation. The experiment

will only start when all subjets have answered the omprehension questions orretly. After your

23 deisions, please answer a short questionnaire about your bakground.
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C. Comprehension questions

Now, please answer the following three questions to familiarize yourself with the deision situation.

One you are done, please raise your hand, and one of our experimenters will hek your answers.

1. Are the following statements orret or inorret?

A: All 23 deisions are equally important, beause one randomly drawn deision will determine

my payment.

2Corret 2Inorret

B: My deision on the treatment will bene�t a real patient.

2Corret 2Inorret

C: The patients are fully insured, so they don't bear any o-payment for the treatment.

2Corret 2Inorret

2. Consider the following hoie situation.

Patient 1

With an initial endowment of 50 Yuan

Treatment A Treatment B

Your pro�t 10 20

Health bene�t for the patient 30 25

Money available to the patient (after o-payment) 15 15

Whih treatment would you prefer? Please tik only one.

Treatment A Treatment B

2 2

Please �ll in the blanks with orret numbers.

If you hoose Treatment A, you will get Yuan pro�t, the patient will gain Yuan in

health bene�t and he or she has to pay Yuan o-payment out of poket, leaving him or

her with a remaining amount of Yuan.

If you hoose Treatment B, you will get Yuan pro�t, the patient will gain Yuan in

health bene�t and he or she has to pay Yuan o-payment out of poket, leaving him or

her with a remaining amount of Yuan.
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3. Consider another hoie situation.

Patient 2

With an initial endowment of 50 Yuan

Treatment A Treatment B

Your pro�t 20 35

Health bene�t for the patient 30 20

Money available to the patient (after o-payment) 15 10

Whih treatment would you prefer? Please tik only one.

Treatment A Treatment B

2 2

Please �ll in the blanks with orret numbers.

If you hoose Treatment A, you will get Yuan pro�t, the patient will gain Yuan in

health bene�t and he or she has to pay Yuan o-payment out of poket, leaving him or

her with a remaining amount of Yuan.

If you hoose Treatment B, you will get Yuan pro�t, the patient will gain Yuan in

health bene�t and he or she has to pay Yuan o-payment out of poket, leaving him or

her with a remaining amount of Yuan.

This is the end of the omprehension questions. Please raise your hand and wait for an experiment

assistant to hek your answers.
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D. Invitation letter (English)

To medial students at Shandong University:

Invitation to partiipate in a deision experiment

You are invited to partiipate in a health eonomi experiment. This experiment is part of a re-

searh ollaboration between the Universities of Shandong (China), Oslo (Norway), and Cologne

(Germany). The researh is funded by the Researh Counil of Norway. With your partiipation,

you support our researh. You an earn money during the experiment, in addition to reeiving 25

Yuan in partiipation fee.

The experiment onsists of making deisions using pen and paper, and no prior knowledge is ne-

essary. All information olleted during the experiment is stritly anonymous and on�dential and

will only be used for the purpose of this researh. We will not store any of your personal informa-

tion. The experiment takes about 1.5 hours, and will be arried out at 7:00 PM, Tuesday April 4,

in the Leture Hall of Shool of Mediine. The partiipation is voluntary and you an withdraw

from the experiment at any time.

Please ontat Professor Wang Jian for registration. Remember to bring your student ID to parti-

ipate in the experiment.

Your sinerely,

Wang Jian,

Shool of Publi Health, Shandong University

wangjiannan�sdu.edu.n

Geir Godager,

Department of Health Management and Health Eonomis, University of Oslo

geir.godager�medisin.uio.no

Ge Ge,

Department of Health Management and Health Eonomis, University of Oslo

gege�medisin.uio.no

Daniel Wiesen,

Department of Business Administration and Health Care Management, University of Cologne

wiesen�wiso.uni-koeln.de
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