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Abstract

In this paper, we experimentally investigate the effect of public consumer ratings on market
outcomes in credence goods markets. Contrary to search or experience goods, consumers can-
not evaluate all dimensions of trade for credence goods, which may inhibit the information and
reputation-building value of public rating systems. We implement a healthcare market frame in
which physicians as experts have an informational advantage over patients with respect to the ap-
propriate treatment. The rating system takes the form of a five-star rating system as is common on
online rating websites. The value of this rating system is compared in two different expert market
settings: First, one in which patients cannot rely on information from personal experience with
the expert, reflecting markets in which consumer-expert interactions are often first-time and in-
frequent (e.g. specialist visits). Second, one in which patients have personal experience with the
expert, reflecting markets in which consumer-expert interactions are frequent and repeated (e.g.
general practitioner visits). We find that the public rating system significantly improves market
outcomes. Furthermore, a public rating system is a good substitute for personal experience in-
formation in terms of market efficiency and consumer surplus. Combined, however, we find no
complementarity between public ratings and personal experience information, mainly due to the

already high market efficiency in the presence of either one.
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1. Introduction

In 2019, OECD countries, headed by the United States and Germany, spent, on average, some
8.8 percent of their GDP on healthcare (OECD, 2021). According to Brown & Clement (2018),
sizable parts of these expenditures are unnecessary' and can be attributed to physician mis-
conduct (FBI, 2011). One problem in healthcare markets that may be contributing to the above
is informational asymmetries between patients and physicians: While physicians are experts
concerning the appropriate quality of service, patients typically do not know which treatment

they need. Often, patients cannot verify the adequacy of the provided service even ex-post.

Services (or goods) with these properties are referred to as “credence goods”, as customers heav-
ily rely on the advice of experts (Darby & Karni, 1973; Dulleck & Kerschbamer, 2006). Credence
goods markets, such as financial services, repair services, legal advice, and healthcare services,
can result in significant inefficiencies depending on the financial incentives and market insti-
tutions. In such markets, experts may have incentives to overtreat by providing unnecessary
services, undertreat by providing insufficient services, or overcharge by billing for services that

were not provided.?

Healthcare services, in particular, have garnered significant attention due to their societal and
economic significance. One of the first papers in the field by Gruber & Owings (1996) demon-
strated that healthcare providers respond to financial incentives. This assertion has been fur-
ther corroborated by a mounting body of empirical evidence, indicating that physicians and
other healthcare professionals react to financial incentives with potentially adverse welfare
effects (Baker, 2010; lizuka, 2007; Anthun et al.,, 2017; Barros & Braun, 2017; Batty & Ippolito,
2017; Clemens & Gottlieb, 2014; Dafny, 2005; Dunn & Shapiro, 2014; Geruso & Layton, 2019;
Januleviciute et al., 2016; Parkinson et al., 2019; Shigeoka & Fushimi, 2014; Dai et al., 2017; Chao
& Larkin, 2022). Undertreatment, for instance, has been shown in the area of pain management

(Pasero & McCaffery, 2001), for the introduction of a fixed-price prospective payment system

Brown & Clement (2018) categorize 1.52 million healthcare services administered between July 2015 and June
2016 in Washington state into 3 categories (necessary, likely wasteful, and wasteful) and conclude that 44% of
those are deemed wasteful, amounting to excess spending of $258 million (33% of the total $785 million spent on
health care services).

2 Balafoutas & Kerschbamer (2020) provide a comprehensive review of the recent literature on credence goods.



(Cutler, 1995) as well as for uninsured patients visiting a hospital after a severe car accident
(Doyle, 2005). Evidence for overtreatment is provided by Gottschalk et al. (2020) in a recent
field experiment in the dental care market, where every fourth dentist visit resulted in the rec-
ommendation of unnecessary fillings. Overcharging happens for instance through upcoding
in DRG-based hospital reimbursement systems® (Cook & Averett, 2020; Jiirges & Koberlein,
2015). Further field experimental support for biased expert decisions in healthcare markets is
provided by Chen & Goldman (2016), Currie et al. (2014), Currie et al. (2011), Das & Hammer

(2007), Das et al. (2016), and Lim et al. (2002).

As asymmetric information is the source of inefficiency in credence goods markets, providing
information to customers can potentially alleviate these inefficiencies (Domenighetti et al.,
1993). However, this depends on the nature of information in light of the fundamental problem
that certain dimensions of expert and service quality cannot be judged even after consumption.
This paper analyzes the effects of an important and increasingly prominent form of information

in credence goods markets, a public rating system of experts.

Feedback platforms like Yelp, Google, TripAdvisor, Uber, etc., where consumers can rate their
experiences with an expert, gain more and more popularity in recent years. To give an im-
pression, Yelp counts approximately 28 million monthly users and has accumulated over 214
million customer reviews since its introduction in 2004, nine percent of them in the area of
healthcare (Yelp, 2020). These platforms provide consumers with relevant information when
choosing experts such as physicians (Xu et al., 2021). The majority of people in developed
countries are aware of physician rating websites and many of them have already used them, to
rate and find (new) physicians (Emmert & Meszmer, 2018; Hanauer et al., 2014; McLennan et al.,
2017; Hedges & Couey, 2020). Given the widespread utilization of physician rating websites
and the spare empirical evidence on their effectiveness to improve market outcomes, studying
this particular form of information—previous consumers’ feedback in the form of an expert

rating—is of importance in healthcare credence goods markets.

Public rating information is however not the only information available to a patient before

3 Diagnosis-related group (DRG) is a case classification system for the reimbursement of inpatient care.



deciding to visit an expert. The patient may have consulted the expert before and thus have
some previous experience with a particular expert. For instance, patients typically are in a
repeat interaction with general practitioners. On the other hand, numerous specialized medi-
cal appointments occur rarely or only once, which means that patients may not be personally
acquainted with the specialists and may solely rely on publicly available rating information, if
any." In this paper, we analyze the value of a public rating system of experts in these two dif-
ferent market environments, when consumers have access to personal experience information
with an expert, and when this is not the case. In particular, the experimental design allows for

comparing these different types of information as well as analyzing their interaction.

We do so in a credence good laboratory experiment with a healthcare market frame. Experts
(labeled as physicians in the experiment) and consumers (patients) interact over 16 periods in a
classic credence goods market set-up in which experts have short-term incentives to undertreat
and overcharge patients.” In particular, a patient has a problem that needs to be treated but
does not know the severity of it. Experts can costlessly diagnose the problem and provide and
charge for either a minor or a major problem. In this setting, information about past expert
behavior may allow reputation for quality equilibria to emerge. The focus of this paper is in
particular how information in the form of a public rating system provides these reputation

incentives, on a stand-alone basis and in comparison to personal experience information.

To keep the set-up simple and focus on the reputational effects of ratings, we fixed the prices
and therefore mark-ups for the treatments in the experiment.® Besides shutting down the
potentially confounding effects of price competition, this is also in line with the fact that prices
are heavily regulated in healthcare markets. The public rating system is implemented as the
patient’s choice to give feedback on a zero to five-star scale. In particular, after having received
treatment from an expert and being charged a price, patients observe their payoff and can

decide to provide a rating. These ratings are then averaged and provided to patients before their

The degree to which a physician has more repeated interactions compared to first-time or one-shot interactions
depends among others on the specialty of the physician. Physicians performing rare examinations (e.g. radiolo-
gists doing MRI or CT scans) will have more first-time or one-shot interactions compared to GPs for instance.
They could also overtreat, but given the parametrization, this is dominated by simply overcharging instead of
overtreating.

This follows from the result of Mimra et al. (2016), namely that competition for prices undermines reputation-
building incentives for experts in credence goods markets.



decision to visit an expert in the next period in the rating conditions.” To distinguish between
markets with and without personal experience information, experts can be either identified by a
fixed ID (personal experience conditions) or not. Thus, in the latter cases, personal experience—
payoffs from previous interactions—cannot be attributed to given experts and thus not used to

select and thereby incentivize particular experts.

We find that a public rating system significantly improves market efficiency and consumer sur-
plus: Compared to a baseline in which neither a public rating system nor personal experience
is available, both undertreatment and overcharging decrease significantly. The latter result is
particularly interesting, as contrary to undertreatment, overcharging cannot be detected by
patients. Furthermore, we find that a public rating system is a good substitute for personal
experience information: Market efficiency and consumer surplus are on the same levels in
markets with a public rating system compared to personal experience markets. Thus, in expert
markets that are characterized by many first-time or infrequent interactions such as special-
ist visits in which consumers cannot rely on their own past experience to choose experts, a
public rating system proves to be a well-functioning information alternative even in credence
goods markets. Finally, we do not find complementarity between public rating and personal
experience information when combined: Market outcomes do not improve further. However,
this might be due to the fact that efficiency is already at a very high level when either type of

information is available to choose and incentivize experts.

Our main contribution is to provide causal evidence on the effectiveness of a public rating
system in credence goods markets. To the best of our knowledge, there exists no study sys-
tematically investigating the effect of public rating systems on expert behavior in a credence
goods setting and no study that disentangles the effect of public rating systems for the two dif-
ferent market environments and forms of information. Recent research on experience goods
suggests that, while public rating systems are beneficial in the first situation (Tadelis, 2016),
they do not carry many additional benefits when market participants draw on personal re-

lationships (Cai et al., 2014). Little is known, however, on the effectiveness of public rating

Throughout, we use the term condition for experimental treatments so as to not create confusion with the standard
credence goods terminology of a treatment given by the expert to solve the consumer’s problem.



systems in credence goods markets in general and healthcare settings in particular.

In contrast to observational data, a controlled laboratory experiment provides the advantage
to observe the patient’s “true” health problem and therefore unambiguously classifying expert
behavior. Additionally, it allows testing the effect of introducing a public rating system on
market outcomes such as efficiency and consumer surplus. Even though the setting does not
take into account all factors of an expert-patient relationship, the laboratory offers a testbed for
introducing institutions without putting the health of real-world patients at risk. Furthermore,
disentangling reputational incentives in the two different market environments is difficult us-
ing observational data as these are not cleanly separated, which is another motivation to take

the problem to the lab.

2. Related literature

Following the pioneering works on credence goods markets by Darby & Karni (1973), Dulleck
& Kerschbamer (2006), and Dulleck et al. (2011), several studies set out to analyze the impact
of different institutions such as competition, reputation, second opinions, price regulations,
insurance coverage, new media, or monitoring. The papers conclude that several institutions
could potentially mitigate inefficiencies in credence goods markets (Angerer et al., 2021a; Bal-
afoutas et al., 2013; Balafoutas & Kerschbamer, 2020; Balafoutas et al., 2017; Huck et al., 2016a;
Kerschbamer et al., 2016, 2017; Liu et al., 2021; Mimra et al., 2016; Rajgopal & White, 2019).
In what follows, we shortly introduce and discuss studies investigating the impact of reputa-

tion.

Following the seminal papers by Klein & Leffler (1981), Kreps et al. (1982), and Shapiro (1982),
alarge and growing body of literature has investigated the effects of direct and indirect reputa-
tion in experience goods markets (e.g., Bar-Isaac & Tadelis, 2008; Bohnet & Huck, 2004; Bolton
et al., 2004; Ely et al.,, 2008; Ely & Valiméaki, 2003; Tadelis, 2016). There are three papers on
experience goods closely related to our present work by Bohnet & Huck (2004), Huck et al.

(2012), and Huck et al. (2016b). Letting subjects play a binary-choice trust game for 20 periods,



Bohnet & Huck (2004) find that direct reputation is more effective in promoting trust than indi-
rect reputation. Extending their model, allowing for competition between trustees, Huck et al.
(2012) conclude that competition, coupled with direct reputation, helps eliminate market mis-
conduct completely. However, Huck et al. (2016a) show that incentives for reputation-building

are diminished once trustees start competing over prices.

The key difference between trust games and markets for credence goods is that, although par-
ticipants in trust games have asymmetric information ex-ante, information is symmetric ex-
post, whereas credence goods markets are characterized by persistent information asymme-
tries. Due to this, reputation-building may be impeded in credence goods markets, as experts
have no way of unambiguously signaling trustworthiness to potential customers. The notion
of credence goods was first introduced by Darby & Karni (1973). In their seminal paper, Dulleck
& Kerschbamer (2006) provide a unifying theoretical framework and investigate the effective-
ness of different institutions in markets for credence goods, among others (direct) reputation
and competition, tested experimentally in Dulleck et al. (2011) under flexible prices. They find
that, while competition drives down prices, therefore benefitting customers, it does not en-
hance overall market efficiency as undertreatment, overtreatment, and overcharging rates do
not improve, compared to a situation without competition. Neither (direct) reputation nor a
combination of (direct) reputation and competition influences relevant market outcomes un-
der flexible prices. Conducting a field experiment in the U.S. market for auto repairs, Schneider
(2012) concludes that reputation does not improve market outcomes in credence goods. In a re-
cent literature review, Balafoutas & Kerschbamer (2020) find that the impact of competition and
reputation on expert behavior in credence goods markets is at best ambiguous. The paper on
credence goods closest to the present study is by Mimra et al. (2016). They experimentally in-
vestigate the role of reputation in markets under different price regimes (price competition and
fixed prices) and with two forms of reputation mechanisms (private and public histories). Un-
der private histories, customers receive information on posted prices, charged prices, whether
undertreatment occurred, and their period payoff for their own previous interactions with an
expert. Under public histories, customers receive this information for all previous interactions

of an expert including their own. Note, that no environment without the possibility to build



a direct reputation is studied. The authors find that, regardless of the underlying reputation
mechanism, undertreatment is significantly higher in markets with price competition com-
pared to those under fixed-price regimes. Reputation through public histories has no impact
compared to private histories in either of the price regimes. They conclude that price pres-
sure undermines reputation-building, explaining why regulating prices may increase patient

welfare in credence goods markets.

Our main contribution to the existing literature on institutions in credence goods is that we ex-
perimentally test how a public rating system of experts, where customers can rate interactions
with experts on a five-star rating scale, influences outcomes under a fixed-price regime. We
can thereby distinguish the effect in two relevant market settings, markets of first-time inter-
actions without personal experience information and those in which customers have personal

experience information.

More recently and following the rise in online markets (such as ebay, Amazon, etc.), there has
been an increased interest in electronic reputation systems (Bolton et al., 2004; Resnick & Zeck-
hauser, 2002; Resnick et al., 2006; Rice, 2012; Cabral & Hortacsu, 2010; Moreno & Terwiesch,
2014; Ba & Paul, 2002; Dellarocas, 2006, 2003). Online markets lacked traditional reputation,
but electronic reputation systems were designed to enhance trust and cooperation and to fa-
cilitate the exchange of information about the quality and reliability of market participants.
Consumers can provide feedback on sellers’ goods/services, creating aggregated ratings that
reflect the seller’s past performance and allow them to build a reputation. There is a grow-
ing body of research on electronic reputation mechanisms in experience goods markets, with
studies examining their effects on market outcomes such as prices (Ba & Paul, 2002; Moreno
& Terwiesch, 2014; Resnick et al., 2006), trading volume (Cabral & Hortagsu, 2010; Moreno &
Terwiesch, 2014), and seller performance (Rice, 2012; Bolton et al., 2004). Some studies have
shown that reputation systems can reduce information asymmetry and increase trust (Dellaro-
cas, 2003), and increase competition among sellers (Cabral & Hortagsu, 2010). The findings in
this literature are mainly based on laboratory experiments where students play a trust game
(Rice, 2012; Bolton et al., 2004), field experiments on online trading platforms such as ebay.com

(Resnick & Zeckhauser, 2002; Resnick et al., 2006), analyzing observational data from such plat-
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forms (Dellarocas, 2005; Cabral & Hortagsu, 2010; Ba & Paul, 2002). Over the past few years,
many rating platforms, were introduced for offline markets which enable consumers to provide
feedback and rate the expertise of providers across various goods and services markets. These
platforms have become particularly relevant in credence goods markets, such as healthcare,

repair, and legal services.®

While feedback systems have been shown to have a positive impact on experience goods mar-
kets, it remains an open question whether ratings will be as effective in credence goods mar-
kets. This is due to the fact that consumers are unable to determine whether the quality of the
product or service provided was suitable. A recent study by Kerschbamer et al. (2019) suggests
that consumers benefit from rating platforms in the computer repair market. However, their

results are based on observational data and cannot account for reverse causality.

Our main contribution to the literature on electronic reputation and feedback systems is that
we expand it to credence goods markets and experimentally test the value of a public rating
system of experts. In addition, we can do so in two different market settings, one with, and

one without personal experience.

Another strand of literature related to the underlying study is the emerging literature on ex-
perimental health economics. The seminal paper by Hennig-Schmidt et al. (2011) compares
physician behavior under different payment schemes. Medical students act as physicians,
choosing treatment quantities, while patients are not present in their laboratory experiments.’
Their results and several additional laboratory experiments that followed investigating differ-
ent payment schemes (fee-for-service, capitation, pay-for-performance, or mixtures of them)
indicate that physicians respond to financial incentives, as they overtreat under fee-for-service
and undertreat under capitation (Brosig-Koch et al., 2016, 2013, 2017b; Green, 2014; Lagarde &
Blaauw, 2017; Brosig-Koch et al., 2017c). These results are similar for real physicians, medical-
, and non-medical students (Brosig-Koch et al., 2016). Other laboratory experiments in the

context of health economics look at the impact of insurance (Huck et al., 2016a), performance

See for example www.jameda.de, www.yelp.com, or www.lawyers.com.
Physicians’ choices have consequences for real patients outside the lab, as the money corresponding to the benefits
of the lab-patients was given to Christoffel Blindenmission charity, caring for real patients.
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disclosure (Godager et al., 2016), non-monetary incentives (Kairies & Krieger, 2013), profes-
sional norms (Kesternich et al., 2015), competition between healthcare providers (Brosig-Koch
et al., 2017a; Han et al., 2017), and whether teams of decision-makers decide differently than
individuals (Han et al., 2020). For a comprehensive review of behavioral experiments in health

economics see (Galizzi & Wiesen, 2018).

The main difference between our study and these earlier studies is the active decisions of sub-
jects in the role of patients. Therefore, we can study interactions between patients and experts
and the dynamics. Patients in our experiment can (i) decide whether to consult an expert and,
in the rating conditions, (ii) rate interactions with experts on a five-star rating scale. This
allows us to investigate the impact of ratings on expert behavior in a controlled laboratory

experiment.

Lastly, we relate to the evolving literature on the value and reliability of (online) rating mech-
anisms in healthcare markets. A considerable amount of studies looked at the association
between online physician ratings and other quality measures. While some find associations
between them (Lu & Rui, 2018), others don’t (Saifee et al., 2019, 2020). Conducting a systematic
literature review, Hong et al. (2019) conclude that the relationship between physician ratings
and clinical outcomes is at best weak. Interestingly, Saifee et al. (2020) argue that they perform
poorly, especially in disciplines characterized by extensive credence goods nature (e.g., chronic
disease care) because there it is particularly difficult for patients to assess the effectiveness of

a particular physician accurately, given the long treatment-horizon.

3. Experiment

The experimental design is based on the credence goods framework of Dulleck & Kerschbamer
(2006) and the seminal experiment by Dulleck et al. (2011). Dulleck et al. (2011) employed
a neutral frame, in our experiment we chose to implement the framing of one of the most
important credence goods markets, health care markets. The experimental instructions thus

referred to expert sellers as physicians and consumers as patients, and the service for which

11



there is asymmetric information is a treatment for a health problem. This framing is applied
based on the insights of Kesternich et al. (2015), Kairies-Schwarz et al. (2017), Reif et al. (2020),
and Angerer et al. (2021b) who explore the effect of different framings in economic laboratory
experiments. Throughout the paper, we will use the wording of ‘expert’ on the one side and

interchangeably ‘patient’ or ’consumer’ for the other market side.

3.1. The basic set-up and parameterization

In the basic setup, experts and patients are grouped in a market of eight subjects, four patients,
and four experts. Patients suffer from a major health problem with probability » = 0.5 and a
minor one with probability (1 — h). The probability h is common knowledge. Patients decide
whether to consult an expert knowing that they suffer from some problem in every period.
They do not get information about the severity of their problem. Experts diagnose their pa-
tients’ problems with certainty and at zero costs. They provide one of two treatments, a major
treatment () or a minor treatment (qz,). The cost for the expert to provide the major treatment
is 6 ECU." The cost for the minor treatment is 2 ECU. Treatment prices, paid by the patients,
are either 8 ECU (py) or 3 ECU (p;) respectively. The major treatment cures both, the major
and the minor health problem, while the minor treatment only cures the minor one. Patients
obtain 10 ECU (v) if cured, and zero if treated insufficiently. The payoff for patients consulting
an expert is the difference between the obtained value and the price charged (py or pr). For ex-
perts, the payoff is the spread between the price charged (py or py) and the cost for the chosen
treatment.'' In case a patient decides against consulting any expert, the patient receives an out-
side option of (-4) ECU (0p:). Experts receive og,, = 0, if they do not interact with any patient
in a given period. Compared to the framework of Dulleck et al. (2011), our basic model differs
in two dimensions. First, the outside option of patients is negative (op,; = —4) illustrating the
disutility of an uncured (health) problem.'* Second, py; and p;, are exogenously fixed, which is

common in many expert markets, notably in highly regulated healthcare markets. Through-

19 Experimental Currency Unit (ECU)

1 Following Dulleck et al. (2011), we assume large economies of scope between diagnosis and treatment. Hence,
patients who decide to consult a physician commit to undergo treatment by this physician.

12 This negative outside option ensures market interaction in order to investigate the effect of ratings.

12



out the experiment, there is neither verifiability nor liability, allowing us to investigate both

undertreatment and overcharging.

The structure of the stage game is as follows (see Figure A1 in Appendix A for an illustration

of the game in extensive form):

1. For each patient, nature draws the type of problem. With probability / patients have a

major problem, and with probability (1 — h) patients have a minor problem.

2. Patients decide whether to consult an expert. If patients decide not to visit an expert, the

period ends. Otherwise, they choose one expert from a list of four."

3. Experts costlessly diagnose the problem, provide a treatment (g or gr), and charge a

price (py or pr).
4. Patients and experts observe their payoff in the respective period.

5. In the conditions with a public rating system after learning the payoff for the respective
period, patients decide whether to rate the interaction with the expert. If they decide
to rate the interaction, they choose the rating on a scale between 0 and 5 stars which is

shown to the expert.

The stage game is played for 16 periods in all experimental conditions.

3.2. Experimental conditions

We employ a 2 x 2 factorial design to test the effect of a public rating system. The four exper-

imental conditions are displayed in Table 1.

The value of a public rating scheme is analyzed and compared in two different expert market
environments: First, a market environment in which patients can, over time, rely on their per-

sonal experience with a particular expert. Second, a market environment in which patients

3 Depending on the experimental condition, experts can be identified through a personal ID (in the personal expe-
rience conditions) and/or the average rating from previous periods is displayed at this stage for each expert (in
the rating conditions).

13



Table 1: Experimental Conditions

Market Environment:

Personal Experience with Expert

No Yes
. . No Baseline Experience
Public Rating
Yes Rating Exp+Rating

Note: In all our experimental conditions physicians compete for patients, i.e., patients choose one expert from
a list of four if they decide to visit an expert.

cannot rely on their personal experience with a particular expert. The latter represents mar-
kets in which patient-expert interactions are often first-time and infrequent (such as specialist
visits), whereas the former represents markets in which patient-expert interactions are more
frequent and repeated (such as general practitioner visits). These two different market environ-
ments are implemented in the experiment as follows: In the experimental conditions without
personal experience with experts, in each period patients choose one expert from a list of four
without being able to identify them. All players are informed beforehand that patients have
no means of identifying experts from previous periods. Thus, although patients observe their
payoffs in each period and can partially infer expert behavior, they cannot attribute it to a
particular expert and therefore cannot build up personal experience with a particular expert.
In the experimental conditions with personal experience, patients can on the contrary iden-
tify experts by a fixed ID (physician 1, physician 2, physician 3, and physician 4) and decide
whether to interact with a particular identified expert. Over the 16 periods of play, they can

thus learn from their personal experience (payoffs) with a particular identified expert.

In the conditions with the public rating system (Rating and Exp+Rating), patients can choose

to rate interactions with experts on a five-star rating scale after receiving their payoff in a given

14



period.' This rating is shown to the respective expert at the end of the period.”” Subsequently,
ratings for each expert over all treated patients are aggregated, averaged, and displayed to
patients. Patients see these public ratings for all experts when they decide whether to interact
and which expert to choose starting in period 5. In the condition without personal experience
(Rating), as highlighted before, patients cannot identify a particular expert and only see the
public ratings. The public ratings of all experts are displayed to experts when they decide on
the type of treatment and which price to charge in a given period (see Appendix C for the

screenshots showing the feedback information provided to patients and physicians).

In addition to the main experimental conditions shown in Table 1, we also ran four further
conditions to be able to separate the role of expert competition, personal experience in the ab-
sence of expert competition, and private ratings (for a detailed description of the experimental
conditions and the results see Appendices B and C). These control conditions will be explained
in the corresponding results sections whenever they are used to disentangle effects in the main

conditions.

3.3. Main outcome variables

Our main outcome variables describe expert behavior, patient decisions, and market efficiency.
Table 2 lists these outcomes and provides their description and measurement for the results

section.'®

Expert behavior On the expert side, given the experimental set-up and incentives, under-
treatment and overcharging are the relevant expert decisions. Undertreatment is defined as

the consumer (patient) needing the major treatment gy, but the expert providing the minor

4 n essence we model a single-dimension rating systems where patients can give one overall rating for every

interaction. Note that many platforms have adopted multidimensional rating systems where patients can rate
multiple dimensions, like waiting times, office environment, or physician knowledge, which seems to enhance
rating informativeness (Chen et al., 2018).

We decided to inform the expert about the private rating to have full information provision about the rating to all
participants irrespective of the history of play. To disentangle the effect of providing this information privately
from the effect of the public disclosure of the average rating, see the results on the private feedback condition in
Appendix B.

16 Section 3.5 lays out in more detail which expert and patient behavior can be supported in equilibrium in the

different experimental conditions.

15
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treatment ¢;. An expert might have incentives to do so since the costs for the major treatment
are higher (6 ECU versus 2 ECU) and the expert can always charge the price of the major treat-
ment (8 ECU). In the results section, undertreatment will be reported in % of the expert-patient
interactions in which patients need the major treatment. In terms of information, patients can
detect undertreatment in a period ex-post via their payoff, as the problem is not cured. In

particular, if the expert charged py, the patient payoff from undertreatment is -8 ECU.

Overcharging is defined as the expert charging the price of the major treatment (py) while
only providing the minor treatment to a patient who has a minor problem. Overcharging
is accordingly reported in % of the expert-patient interactions in which patients need minor
treatment in the results section. In terms of information, patients cannot infer ex post whether
they have been overcharged, as they might have had a major problem requiring the major
treatment charged at py. Thus, an expert can "hide’ behind a major treatment problem when

overcharging.

In principle, there is also scope for overtreatment, which would be providing the major treat-
ment (¢y) and charging for it to a patient with a minor problem, but overtreatment is strictly
dominated by overcharging for the parametrization. In particular, instead of providing the
major treatment with costs of 6 ECU, for a patient with a minor problem, the expert can al-
ways only provide the minor treatment (costs of 2 ECU) and just (over)charge for the major

treatment.

Patient decisions On the patient side, we record whether they choose to interact, and in the
rating conditions whether they choose to provide a rating (captured by the variable feedback)
and what the rating is (captured by variable rating). Given the low outside option, except for
very high-risk aversion, patients should always choose to interact, which is intentional in this
study to mimic credence good markets realistically. Our main focus of patient decisions will

therefore be the ratings themselves.

Market outcomes We use two measures of market outcomes, overall market efficiency and

patient surplus. Market efficiency is driven by interaction (allowing surplus generation) and
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whether there is undertreatment, as undertreatment does not generate patient value. Given our
parametrization, we expect high levels of interactions, such that market efficiency is primarily
determined by undertreatment. We normalize market efficiency, with 0% for no interaction and
100% for an interaction with the correct treatment. Consumer surplus incorporates the prices
paid by patients and is thereby influenced by overcharging, which is not the case for market

efficiency. Consumer surplus is reported in absolute value.

3.4. Experimental protocol

We ran our experiment with 48 subjects in each condition. The sessions were conducted in
the laboratory for experimental economic research at the University of Innsbruck. Overall,
including the additional experimental conditions, 384 students participated. All sessions were
run computerized using z-Tree (Fischbacher, 2007) and students were recruited using hroot
(Bock et al., 2014). The project was approved by the internal review board of the University of
Innsbruck. To ensure our target attendance of 24 participants (some sessions were run with 16
participants only), we invited 30 people to each session, however, dismissed all but 24 partici-
pants before starting the experiment. Those who did not get the chance to participate received
a show-up fee of 4 Euros. At the beginning of each session, we explained the market setup to
the participants, following a standardized protocol. An experimenter presented brief instruc-
tions to all subjects, covering the main features of the decision problem. Afterward, we asked
subjects to read detailed instructions of the game and to answer a set of incentivized control
questions (see Appendix E for the instructions and control questions). Once all subjects cor-
rectly answered the control questions, they were informed of their randomly assigned roles
and played the credence goods game for 16 periods. At the end of the game, subjects partic-
ipated in an individual risk preference task, a dictator game, a lying task, and a trust game.
Finally, participants filled out a questionnaire (see Appendix F for the additional instructions
and the questionnaire). The payment subjects received at the end of the session consisted of
their profits from the credence goods game (4 randomly selected periods), one randomly se-

lected additional task, and a lump sum payment of 2 Euros for answering the questionnaire.
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Subjects earned 24.54 Euros on average and sessions lasted approximately 120 minutes. For an
overview of the sample characteristics, Table B1 (in Appendix B) provides descriptive statistics

on the background information collected by experimental conditions.

3.5. Predictions and research questions

In this section, we discuss the main theoretical predictions and formulate our research ques-
tions. The analysis is based on the assumptions of rationality and, for simplicity, risk neutrality
of experts and patients. The benchmark is condition Baseline in which patients can choose an
expert, but cannot use information about past expert behavior in their expert choice as they can
neither identify a given expert nor use rating information. This condition implements repeated
first-time expert-patient interactions where patients choose between experts about whom no

information is available.

The outside option of remaining untreated in Baseline and all other conditions is such that
a patient prefers to interact: Even when undertreated in the case of the major problem, and
always charged the high price py, the expected payoff from interacting (-3) is higher than the
outside option (-4). This is different from other credence good experiments and reflects the
important fact that in many credence goods markets, patients are better off seeing the expert
in expectation. Without other-regarding preferences of experts, the unique equilibrium in the
stage game is then that patients always interact and experts always undertreat and overcharge.
As reputation-building of experts is not possible, the equilibrium over all periods is the repeated
stage game equilibrium. If experts have social preferences such as altruism and efficiency con-
cerns, they might however not always undertreat/overcharge. The results from Baseline allow

to have an aggregate measure of these social preferences of experts given the market set-up.

Conditions Rating, Experience and Exp+Rating then allow patients to use information about
past expert behavior, albeit through different channels. The basic patient information takes the
following form: patients observe their payoff from an interaction with an expert, and can infer
whether this expert undertreated them. Furthermore, if they are only charged price p;, (and not

undertreated), they can even infer that the expert did not overcharge them. We will henceforth
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call either of these two basic forms of information (no undertreatment, no overcharging) a

positive patient experience.

In Experience, patients can identify experts and have their own past experiences as infor-
mation about the behavior of an identified expert. Punishing (rewarding) an expert by not
visiting (re-visiting) the expert based on this personal experience information then allows for
reputation equilibria to exist in condition Experience. In these, experts build up a reputation
for quality'” in early periods based on the following patient strategies: patients stay with an
expert for which their belief about a positive experience is sufficiently high in early periods.
Conversely, negative personal information leads to punishment by not (re)choosing the corre-
sponding expert. In late periods, experts who provided a positive experience in early periods
milk their reputation and are rewarded by patients staying with them and thereby allowing
them to make (high) profits at/until the end. The reputation incentives for experts are thus a
back-loaded remuneration, and this works as patients have earlier period personal experience

information.

In Rating, a reputation for quality equilibria may exist as well, albeit through a different chan-
nel. Patients cannot choose experts based on their own experience, but they have access to
aggregated, indirect information from other patients’ experiences. Interpreting this informa-
tion requires a belief about the rating strategies of other patients. If they are such that patients
believe that other patients give a high rating (on the 0-5 star scale) when they had a positive
patient experience, then a higher rating leads to a higher belief about the expert providing a
positive patient experience in early periods. The following patient strategies may then sustain
a reputation for quality equilibria: patients give a high rating to an (unidentified) expert when
they had a positive patient experience, and in the next period choose an (unidentified) expert
with a high rating. In late periods, for rewarding experts with high ratings in early periods,
patients continue to choose experts with the highest ratings in the reputation-milking phase,

in order for these experts to keep their customers.

In terms of outcomes, the following types of a reputation for quality equilibria can be sup-

17 As the design is one of pure moral hazard, by reputation we mean reputation for quality and not a reputation for
type.
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ported:'® Equilibria without undertreatment in early periods, as well as equilibria with-
out undertreatment and without full overcharging in early periods. These differ in whether
patients punish experts by not re-visiting them (Experience) or giving low ratings (Rating) in
early periods only when they receive a negative payoff (undertreatment) or also when they are
charged the high price (pg). The latter case is more complex as patients cannot distinguish be-
tween being overcharged or not: py is not overcharging when the patient had a major problem.
Nevertheless, punishing when charged py can sustain equilibria without full overcharging in

which experts undercharge in early periods."’

Thus, although via different channels, reputation equilibria may exist in both Experience and
Rating as well as the combination (Exp+Rating). Whether they emerge and are more likely to
prevail in Experience or Rating, or require the combination of both, is an empirical question
and the motivation for taking the problem to the lab. The indirect information about expert
behavior in credence goods markets from Rating might thereby be perceived as noisier and
less reliable, as it depends on the rating strategies of other patients. In particular, the belief
about expert behavior (reputation) depends on the beliefs about other patients’ rating behav-
ior. Conversely, the public rating might also be considered as containing more information
and being more salient compared to personal experience. The 2 x 2 experimental design can
provide results both on the effectiveness of a public rating system and whether public rating
and personal experience are complements or substitutes for reputation-building. The focus of

the analysis will thus be on the following research questions:

Research Question 1 What is the impact of public rating information on expert behavior and

market efficiency in markets without personal experience? (Baseline vs. Rating)

Research Question 2 Is public rating information a good substitute for personal experience in-

formation in terms of market outcomes? (Rating vs. Experience)

18 The structure of these equilibria is described below. Appendix D shows the construction. There is a multiplicity
of equilibria with e.g. different switching periods between reputation-building and reputation-milking. Of course,
no reputation equilibria with full undertreatment and overcharging exist as well.

19 Compared to equilibria without undertreatment, those with additionally less than full overcharging have a shorter
period of good expert behavior and a longer period of rewards as expert profits when undercharging are substan-
tially lower.
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Research Question 3 Is public rating information a complement to personal experience infor-

mation in terms of market outcomes? (Experience vs. Exp+Rating)

Research Question 4 Do patients react less strongly to public rating than to personal experience

information? (Analysis of patient decisions in Exp+Rating)

4. Results

In Section 4.1, we will first start with the comparison of aggregate results to answer the main
research questions. To better understand the dynamics behind the aggregate results, and to
confirm whether and how these results confirm our simple hypothesis of reputation-building

for quality, we will analyze in turn ratings and patient decisions in more detail in Section 4.2.

Table 3 reports the aggregate results for the main experimental conditions averaged over mar-
kets and periods, with the corresponding non-parametric tests for the relevant experimental
condition comparison. To complement the non-parametric results, Table 4 reports on the re-
sults from multilevel mixed-effects probit and linear regressions.”” We ran two different mod-
els: The first model shows the effect of our experimental conditions when controlling only
for time trends. In the second model, we control for economic preferences and personal char-
acteristics relevant in a credence goods setting by adding experimental measures for social
preferences, lying, trustworthiness as well as measures for personality traits alongside the stan-
dard socio-demographic covariates. Figure 1 displays the main results averaged over markets

throughout the 16 periods.

4.1. The effects of a public ratings system

Column 1 of Table 3 shows that there is substantial undertreatment and overcharging in a mar-

ket without either personal experience or public rating (Baseline): experts undertreat their

Multilevel mixed-effects models are designed specifically to account for dependencies between observations on
different hierarchical levels. In our case, we use a three-level mixed-effects model to account for the dependency
of observations at the subject and/or market levels.
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Figure 1: Rate of undertreatment, overcharging, efficiency, and consumer surplus by experimental con-
ditions.

patients in 64.7% of all cases and overcharge them in 92% of all cases. Market efficiency, which
is determined by undertreatment and interactions, is at only 70.7%. As a benchmark, full un-
dertreatment with full interaction would lead to a market efficiency of 62.5%, as there is no
efficiency loss for patients with the minor problem, and only no interaction could lead to a

market efficiency below 62.5%.

The introduction of a public rating system (Column 2 of Table 3) leads to a sharp and signifi-
cant decline in undertreatment, dropping from 64.7% in Baseline to only 5.8% in Rating. This
induces a significant increase in market efficiency from 70.7% to 96.2%. Furthermore, over-
charging also significantly decreases from 92% to 47.9%.*' This is a particularly interesting
finding, as overcharging—contrary to undertreatment—cannot be directly observed by the pa-
tient. Despite the possibility to hide behind the probability of a major problem for the treatment
of which the high price can be reasonably charged, the disciplining effect of ratings reduces

this overcharging behavior. The reduction in both undertreatment and overcharging leads

21 These results also hold when restricting the comparison between conditions to the first eight, respectively the
last eight periods.
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Table 3: Overview of results (means).

Markets Wlthf)ut Markets Wlt'h p-values of MWU'
personal experlence personal experlence
%)
S
g . $ N -
S s $ S S5 2§ §3
S 5 S ] T ®§&§ §F
§ < & & g & 84
§ 9 S5 S9 g9
(1) (2) 3) (4) (5) (6) (7)
Expert behavior
Undertreatment (in %) 64.72 5.81 6.81 6.89 0.002 0.794 0.777
Overcharging (in %) 92.03 47.94 36.89 38.07 0.002 0.093 0.974
Overtreatment (in %) 0.00 4.30 6.47 0.56 0.455 0.546 0.303
Consumer decisions
Interaction (in %) 93.75 98.96 99.74 99.48 1.000 0.424 1.000
Feedback (in %) - 93.62 - 88.786
Star-rating - 3.66 - 4.06
Market outcomes
Eﬂiciency (in %) 70.70 96.21 95.42 96.85 0.002 0.849 0.959
Consumer  Surplus  (in ., 3.01 3.05 3.30 0.002 0937  0.485
ECU)
Observations 384 384 384 384

Note: We analyze six independent markets in every experimental condition. In each market, four patients
and four experts interact. The experimental conditions are: Baseline, Experience, Rating, and Exp+Rating.
Please refer to Section 3.2 for a description of the experimental conditions. See Table 2 for a description of the

outcome variables.

! Mann-Whitney U-tests for pairwise differences between conditions with matching groups of 8 subjects as
one independent observation (note that there are no significant differences between conditions Rating and
Exp+Rating in any of our main outcome variables (see Table A1 for all pairwise comparisons)). p-values are

adjusted for the small sample size, using Fisher’s exact test.

to a substantial increase in patient surplus. These as well as all the following results from the

nonparametric analysis on experimental condition comparison are confirmed in the regression

analysis.

Result 1 Introducing a public rating system into a credence good market (without personal expe-

rience) significantly decreases both undertreatment and overcharging and significantly increases

patient surplus and market efficiency.

One important question relating to the above result is whether it is the reputation-building
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Table 4: Average Treatment Effects

Undertreatment Overcharging Efficiency Consumer
Surplus
(1) (2) (3) (4) (5) (6)
Predicted levels in Baseline 0.694 0.648 0.947 0.941 0.707 -1.266
(0.092)  (0.130)  (0.039) (0.032)  (0.068) (0.642)
Marginal Treatment Effects
Rating -0.601%** -0.607*** -0.399*** -0.415***  (.255*** 4.271***
(0.100)  (0.134)  (0.051) (0.039)  (0.069) (0.686)
Experience -0.600** -0.617*** -0.492*** -0.553***  (0.253*** 4.318%**
(0.104)  (0.136)  (0.056) (0.080)  (0.070) (0.718)
Exp+Rating -0.575*** -0.583*** -0.512"** -0.529***  (0.262*** 4.563***
(0.100)  (0.133)  (0.072) (0.060)  (0.069) (0.676)
Period +** +'k* +** +** _*** _**
Additional Games
Amount donated to charity - -
Liar (yes) not sig. not sig.
Trustworthiness not sig. not sig.
Covariates v v
p-values from post-estimation Wald-Test
Rating vs Experience 0.991 0.697 0.069 0.101 0.894 0.907
Rating vs Exp+Rating 0.402 0.505 0.093 0.089 0.572 0.365
Experience vs Exp+Rating 0.567 0.273 0.772 0.781 0.580 0.524
Observations 770 735 1536 1536
Number of Groups 24 24 24 24

Note: The table presents results from multilevel models with random effects at the market and individual levels
(undertreatment & overcharging: columns 1-4) or at the market level for market efficiency (column 5) and con-
sumer surplus (column 6). See Table 2 for a description of the outcome variables. We report effects as marginal
effects, calculated as differences in the expected probabilities between the experimental condition in question
and the baseline condition (Refer to Table A2 for the original regression output). Please refer to Section 3.2 for a
description of the experimental conditions. All regressions include time trends. Covariates: Gender, age, BIG
5 personality traits (extraversion, agreeableness, conscientiousness, neuroticism, openness) measured with a
10-item BIG 5 questionnaire, whether the participant is a business/economics major, self-reported frequency
of practicing religion, number of physician visits in the past 12 months, an indicator for experience with in-
correct physician behavior, an indicator for experience with physician recommendations, relative school per-
formance as a proxy for IQ, a measure for altruism (the amount donated to charity in a dictator game), an
indicator whether the participant is classified as a liar (if reporting 4 or more correct dice rolls out of 12 in a
lying task), and trustworthiness measured in a standard trust game. Robust standard errors in parentheses.

*p < 0.10, " p < 0.05, " p < 0.01.

mechanism that drives this result. While we will analyze ratings and rating dynamics in more

detail in the next section, the comparison of Rating with a control condition in which patients

provide a rating to the expert but in which ratings are not aggregated and publicly displayed
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(condition Rating-Priv) shows that the reputation-building mechanism is very important: In
the control condition, undertreatment goes down compared to Baseline (43% versus 64.7%)
but is substantially higher than in Rating (5.8%). Furthermore, overcharging with 87% stays

almost at the level of Baseline (92% ) in the control condition Rating-Priv.

In the condition with personal experience but without a public rating system, undertreatment
is at only 6.8% and overcharging is at 36.9% (Column 3 of Table 3). Compared to Baseline, we
find a significant decrease in both undertreatment and overcharging which lead to significant
increases in patient surplus and efficiency (p-value MWU: <0.01 all). When comparing Rating
to Experience, we find that aggregate results on expert behavior are very similar: The under-
treatment rate at 5.8% in Rating is almost the same as that in Experience. The overcharging
rate in Rating at 48% is a bit higher than overcharging in Experience (36.9%), but this dif-
ference is significant only at the 10% level. There is no significant difference in either patient
surplus or market efficiency. Thus, overall, a public rating system appears to implement similar
market outcomes as a market in which patients can rely on personal experience information

about experts.

Result 2 There is no significant difference in market outcomes between Rating and Experience.
With respect to overall market outcomes, the public rating system is a good substitute for personal

experience information in the studied credence goods markets.

We now turn to the question of the effect of a public rating system when patients can rely on
information about expert behavior from their personal experience with the expert, in particu-
lar, whether there is a complementarity of personal experience and public rating information.
Columns 3 and 4 of Table 3 show that markets with personal experience, both without and
with a public rating system, have a low level of undertreatment (6.8% and 6.9% respectively)
and moderate levels of overcharging (36.9% and 38.1% respectively). For all variables of ex-
pert behavior as well as patient surplus and efficiency, there are no statistically significant
differences between Exp+Rating and Experience. A crucial observation is that the scope of

improvement of market outcomes by adding public rating information to personal experience
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is quite limited, as outcomes—in particular undertreatment—are already close first best levels.
Similarly, using Result 2, the vice versa observation for adding personal experience information
to a public rating system is analogous. Taken together, we do not find a complementarity of
public rating and personal experience information in our experiment, but this can be explained
by an already high level of market performance in a market with either personal experience or

public rating, which reduces the scope for complementarity.

Result 3 Introducing a public rating system into a market in which patients have personal expe-
rience with experts neither improves (nor worsens) market outcomes. We find no complementary
between public rating and personal experience information with respect to overall market out-

comes.

In addition to the differences between conditions, the coefficient for the time trend shows that
undertreatment and overcharging increase, while market efficiency decreases over time. More-
over, the regression results of the second model reveal that participants who are willing to give
more money to a charity in a dictator game engage significantly less often in undertreatment
or overcharging. We do however not find statistically significant effects for subjects classified

as a liar in our lying task nor trustworthiness.

4.2. Patient ratings and expert selection

In this section, we explore patient behavior with a special emphasis on the ratings and expert

choice.

In Rating, the large majority (93.6%) of interactions are rated and the average rating is 3.7
stars. Similarly, in Exp+Rating 88.7% of interactions are rated with an average rating of 4.1
stars. These average star-ratings hide a substantial differentiation by the patient payoff. Fig-
ure 2 shows the average star-rating by patient payoff for the two experimental conditions with

ratings.
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Figure 2: Rating behavior of consumers. On the left side, we see the means and 95%-CI of ratings for
each of the possible payoffs of patients. The right side shows the cumulative distribution function (CDF)
of given star-ratings, separately for possible payoffs of patients. If patients are undertreated, the payoff
is -8ECU, whereas if they have a minor health condition and are treated appropriately, the payoff is
7ECU. In the case of a minor health problem and appropriate treatment but overcharging, or in the case
of a major health problem and appropriate treatment with charges, the payoff is 2ECU.

When experiencing a negative payoff (-8 ECU) in a period, patients can infer that they were
undertreated in this period.?* Figure 2 reveals that this leads to a rating of 0 stars. In fact, this
was the case for all interactions except for a single one, in which the patient gave a rating
of 1 star. Thus, undertreatment, which can be observed ex-post, leads to an unambiguous

punishment with 0 stars that is symmetric across patients (Table 5).

When receiving a payoff of 7 ECU, patients can infer that they were neither undertreated nor
overcharged.” In that case, 95% of interactions were rated with five stars. The most interesting
part is the rating given for a payoff of 2 ECU: This payoff is generated when the patient either
had a major problem and was appropriately treated and charged or when the patient had a
minor problem and was overcharged. Thus, the expert can ’hide’ behind a major problem
and overcharge in case of a minor problem. The distribution of ratings for this case is more

dispersed, with ratings in the two conditions ranging from 0 (4.25%) to 5 (27.74%) and a median

22 While undertreatment can be observed ex-post, this is not an experience good characteristic but remains a cre-
dence good characteristic as the severity of the problem is drawn randomly in each period.

2 They do not know whether they had a severe or minor problem, so they cannot infer whether the expert might
have even undercharged them.
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rating of 4 stars. Interestingly, there is a statistically significant difference in the distribution of
ratings for the ambiguous’ payoff of 2 ECU between the conditions Rating and Exp+Rating:
The ratings are better in Exp+Rating when patients can learn from personal experience with

an expert (Two-sample Kolmogorov-Smirnov test: D = -0.19, p < 0.01).

Table 5: Ratings response

Star-Rating
(1)
Predicted star-rating if patient payoft is 7ECU 4.89

Marginal effects if ...

... payoft is 2ECU -1.393"**
(0.142)

... payoff is -8ECU -4.894**
(0.159)

Observations 695

Number of groups 12

Note: The table presents marginal treatment effects of multilevel models with random effects at the market
and individual levels. The dependent variables are star-ratings following an interaction with an expert. Robust
standard errors in parentheses.

*p < 0.10,* p < 0.05,** p < 0.01.

Apart from ratings, it is essential for reputation as an indicator of quality to be effective that
patients visit experts whom they anticipate will provide a high quality of care (positive patient
experience). As highlighted in Section 3.5, the channel is staying with an expert in the personal
experience conditions, and going to experts with the highest ratings in the rating conditions,
conditional on symmetric strategies by the other patients. The latter, symmetric strategies
where undertreatment is clearly punished with a bad rating and no undertreatment/no over-
charging is clearly rewarded with a good rating seems to be the case. In Baseline, on the
contrary, patients do not have information that can (re)direct them to experts for which they

can expect high quality.

Figure 3 shows the frequency of a change in expert by the patient payoff. The line corresponds
to the expected frequency associated with random assignment among the 4 experts in a mar-
ket (75%). Figure 3 nicely illustrates that in Baseline, as experts cannot be identified, patients

cannot change intentionally and thus cannot provide incentives via their expert visit decisions.
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In Rating, while patients cannot identify experts, they can decide to stay with best-rated ex-
perts when they receive a high payoff, and this can explain the lower frequencies of change
in Rating compared to Baseline for patient payoffs 2 ECU and 7 ECU. However, and in line
with intuition, the reaction of patients is strongest in markets with personal experience where

experts are identified.

Change experts
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Figure 3: Frequency of a change in expert by realized consumer payoff in a given period.

The regression analysis shown in Table 6 confirms that the decision to change the expert de-
pends strongly on the patient payoff, and the direction of this effect is consistent with what
was expected. While we show the frequency of change also for Baseline and Rating in Fig-
ure 3, the results on the decision to change reported in Table 6 are based only on conditions
Experience and Exp+Rating to account for the fact that patients can only fully intentionally

leave a given expert in these two experimental conditions.

Figure 4 shows expert visits depending on their ranking with respect to both public and private
ratings, and Table 7 provides the corresponding regression results. The private rating of a
patient is the average rating that the patient gave to the expert up to the corresponding period.
We distinguish four categories of visits: whether the expert visited was the highest ranked
in both public and private rating, had the highest public but not private rank, the highest
private but not public rank, or did not fall in either of the previous categories (other). For
interpretation, it is important to note that both public and private ratings are only explicitly
available to a patient in Exp+Rating. For this reason, we speak of realized expert visits but

not choice/selection. In Rating, the private rating is implicit as patients cannot attribute it to
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Table 6: Associations between payoffs of patients and their decision to change the expert.

Change Expert
(1)
Predicted frequency if payoft of patient is 7ECU 0.19

Marginal effects if ...

... payoff is 2ECU 0.213™**
(0.038)
... payoff is -8ECU 0.680™""
(0.092)
Observations 719
Number of groups 12

Note: For this analysis, only the treatments Experience and Exp+Rating are considered. The table presents
results from three-level a model with random effects at the market and individual levels. The dependent vari-
able is a binary indicator of whether a patient changed the expert. We report effects as marginal effects, cal-
culated as differences in the expected probabilities between the payoff in question and the maximum payoff of
7ECU. Robust standard errors in parentheses.

*p < 0.10, " p < 0.05, ** p < 0.01.
a given expert. For the condition Experience in which patients do not rate experts, we have
constructed a hypothetical private and public rating of experts given their choices based on the
corresponding average ratings for the same choices in Rating.** We also display the results for
the control condition Exp+Rating-Priv, which is the same as Experience except that patients
give a private rating to experts which can be used as a private rating and aggregated to a public
rating. It is reassuring to see that the distribution of patients’ expert visits according to ranks

looks almost identical in both conditions.*

The first observation from Figure 4 is that the majority of patients select the publically best-
rated experts in Rating and Exp+Rating. Interestingly, in all conditions, visits with experts
that had both the top public and private rating ranks are the most frequent.?® Thus, even
though both private and public rating are not available in all conditions, the feedback infor-
mation available in the respective condition effectively channels patients to the individually
and publicly best-rated experts. Furthermore, Table 7 shows that the shares of expert visits

for which the private rank but not public rating rank is highest are significantly higher in all

24 To calculate the average rating of various patient-payoffs, we use the decisions of patients in Rating, where
realized payoffs correspond to 0 stars (-8 ECU), 3.28 stars (2 ECU), and 4.85 stars (7 ECU).

25 Note that we reconstruct hypothetical ranks in Experience, while ranks are based on actual ratings in
Exp+Rating-Priv.

26 We also do not find differences in these visit shares between Rating, Experience, and Exp+Rating.
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Figure 4: Distribution of patients’ realized expert visits according to relative private and public rank-
ings of experts. Results for Rating, Experience and control condition Exp+Rating-Priv are shaded as
patients do not have full information on both private and public rankings in these conditions.

conditions with personal experience compared to Rating. Similarly, the shares of expert visits
with the best public but not private rank are (weakly) significantly lower in the conditions with

personal experience compared to rating.

An important question is which type of information is more relevant for patients’ selection of
experts when they have both personal experience information and public rating information
available. To interpret the relative importance of personal experience vs. public rating informa-
tion in expert choice, we look at Exp+Rating in more detail. Figure 5 shows the distribution of
selected experts by the spread in public-private rank (left) and rating (right). Both distributions
are left-skewed (left: -0.667 , p < 0.01%7; right: -1.410 , p < 0.01), revealing that patients, when

selecting experts put more weight on their private experience than on the public rating.

Result 4 The majority of patients select the best-rated experts in Exp+Rating and Rating.

When there is a discrepancy between the private experience and the public ratings, patients seem to

27 For this analysis, we exclude the 140 visits where ranks were equal and only considered interactions where there
was a discrepancy between the private and the public ranking.
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Table 7: Expert visits according to rank.
T ¥ s o
o v
§8 &5 =§ 5
L p L8 2.8 S
5§ S§& £3 S
& 5 f o [ '5':
], & A E
(1) (2) (3) (4)
Levels in Rating 0.415 0.197 0.116 0.271
Marginal Treatment Effects
Exp+Rating 0.008 -0.054* 0.143***  -0.096™**
(0.041)  (0.031)  (0.032)  (0.035)
Experience 0.055 -0.155"**  0.166™* -0.066"
(0.042)  (0.026)  (0.033)  (0.036)
Exp+Rating-Priv 0.102**  -0.173"** 0.123*** -0.052
(0.041)  (0.025)  (0.032)  (0.036)
p-values from post-estimation Wald-Tests
Exp+Rating vs Experience 0.254 0.000 0.527 0.348
Exp+Rating vs Exp+Rating-Priv 0.023 0.000 0.596 0.185
0.259 0.240 0.244 0.699

Experience vs Exp+Rating-Priv
Note: The table presents results from a multinomial logistic regression. We report the predicted frequencies of

choosing experts based on public and private ranks in Rating and the difference between Rating and other

experimental conditions as marginal effects. E.g. patients in Rating choose the private (but not public) best-
rated expert in 11.6% of cases (column 3), while patients in Exp+Rating do so significantly more often, in

25.9% of the cases. See Figure 4 for an illustration of the distribution of physician choices.

*p <0.10," p < 0.05, " p < 0.01.

put more weight on information from private experiences when choosing experts in Exp+Rating.

4.3. Ratings and expert profits

We can now turn to the impact of public ratings on expert outcomes. Table 8 shows the rela-
tionship between average public expert ratings and the sum of interactions, starting in period
five, for all the conditions with public ratings pooled.?® Aggregating and confirming the previ-

ous results, we find that higher public ratings are rewarded with a significantly higher number

of interactions.
28 We exclude the first four periods from our analysis since patients could only see public ratings from the fifth

period onwards
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Figure 5: Distribution of selected experts by the spread in public-private rank (left) and rating (right).
Left: The dashed line shows the distribution of choices according to ranks including equal ranks. We
observed 266 interactions where patients chose an expert for whom they had both, private experiences,
and a public rating. Of those, patients selected an expert with equal ranks in 53% (140 interactions).
The solid line (shaded area) only shows the distribution of selected experts when there was a discrep-
ancy between the private and the public ranking. Testing for normality reveals that the distribution is
significantly skewed to the left (-0.667, p < 0.01). Right: we show the distribution of selected experts
according to differences between the private and public average ratings (private average rating - public
average rating). Hence, positive (negative) numbers indicate that the expert had a better private (public)
rating. The distribution is significantly skewed to the left (-1.410, p < 0.01).

Table 8: Associations between interactions and ratings.

Sum of Interactions?

Public Average Rating’ 0.668"**
(0.127)

Observations 558

Number of groups 12

Note: Two-level model with random effects at the market level. Robust standard errors in parentheses.

! Average expert rating at the beginning of a period calculated as %

2 Sum of interactions of an expert in a given round, starting in period 5.

*p < 0.10,** p < 0.05,** p < 0.01.
Good ratings not only lead to more interaction but also weakly higher expert profits. The first
model of Table 9 reports the results of a multilevel mixed-effects linear regression, where the
experimental profit (sum of all profits generated by physicians over the course of the experi-
ment) is regressed on the overall rating of expert (average of all ratings obtained over the course
of the experiment). The second model of Table 9 explores the association between the profit
an expert generated from an individual interaction and the corresponding rating the patient

left for this interaction. As expected, a higher rating for an individual interaction is associated
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with significantly lower profits for the interaction. However, the results show a weakly signifi-
cantly positive relationship between overall ratings and the sum of experimental profits. Thus,

at least weakly, building a good reputation pays off for experts.

Table 9: Associations between profits and ratings of experts.

Overall Profit® Profit from interaction*

(1) ()
Overall Rating’ 11.131*
(5.022)
Rating? -0.615™**
(0.078)
Observations 48 695
Number of groups 12 12

Note: The table presents results from two-level models with random effects at the market levels. The first col-
umn explores the association between the total profit generated by experts and their average rating over all 16
periods. The second column explores the association between the profits of a expert and ratings for individual
interactions. The second column includes time trends. Robust standard errors in parentheses.

! Average expert rating over the course of the 16 periods calculated as Swmof all ratings
# of all ratings

2 Rating for an expert from an interaction with a patient
3 Sum of profits generated by the experts over the course of 16 periods.
4 Profit for an expert from an interaction with a patient

*p < 0.10, " p < 0.05, ** p < 0.01.
To disentangle the dynamics of the relation between ratings and expert profit over the course of
the experiment, we regress the sum of experimental profits on the average ratings of experts
in distinct blocks of periods (Table 10). We find that high average ratings generated in the
first four periods are associated with high total experimental profits. This association weak-
ens throughout the experiment until it does not reach statistical significance in the last four

periods.

5. Conclusion

Online rating platforms have become increasingly common in recent years. Nevertheless, there
is a lack of studies that investigate the causal effect of public feedback systems on market out-
comes. In this paper, we experimentally investigate the effect of the prominent five-star rating
system on expert behavior in a healthcare credence good market. The experiment thereby dis-

tinguishes between two different market environments: Those in which consumers (patients)
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Table 10: Associations between profits and ratings of physicians generated in distinct phases of the
experiment.

Overall Profit
(1) () 3) (4)
Average Rating' (Per. 1-4) 10.626**
(3.990)
Average Rating' (Per. 5-8) 4.160*
(2.107)
Average Rating' (Per. 9-12) 4.290*
(1.694)
Average Rating' (Per. 13-16) 0.082
(2.694)
Observations 44 40 41 41
Number of groups 12 12 12 12

Note: The table presents results from two-level models with random effects at the market levels. The depen-
dent variables are the sums of profits generated by an expert over the course of the entire experiment (16 pe-
riods). Robust standard errors in parentheses.

! Average Rating obtained in the distinct blocks of periods (period 0-4, period 5-8, period 9-12, period 13-16).

*p < 0.10,** p < 0.05, ™ p < 0.01.
can base their expert choice on their own previous experience with a particular expert, and
those in which this is not the case. The results show that even though patients cannot judge
all relevant quality aspects even ex-post, a public rating system significantly improves mar-
ket efficiency and consumer surplus. Even overcharging, which cannot be detected, decreases
significantly. When it comes to expert behavior, ratings can influence it essentially in two
ways—directly, through a signal sent by the consumer to an expert, and indirectly, through
the reputational effect of those ratings. Our results suggest that the reputational effect is the

driving force.

Furthermore, we find that a public rating system is a good substitute for personal experience
information to enhance market outcomes. Market efficiency and consumer surplus are on the
same levels in markets with a public rating system compared to personal experience markets.
When patients have both personal experiences as well as public ratings to base their decisions
on, they tend to prioritize the former over public ratings. This aligns with previous research
in experience goods suggesting that public feedback systems are particularly helpful for those
interacting for the first time, like tourists and travelers (Fang, 2022), but do not offer additional

benefits when market participants can rely on personal relationships (Cai et al., 2014).
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Considering ratings, we see that patients use them effectively to reward or punish experts,
which allows reputation equilibria to emerge. We find that consumers symmetrically punish
experts with a zero rating when being undertreated, give low ratings (albeit more dispersed)
when being charged the high price, and reward—again symmetrically—experts for which they
know that they did neither undertreat nor overcharge with a five-star rating. These rating
strategies appear to be well understood by all market participants as they then strongly direct
subsequent expert choice. Experts that follow a reputation for quality strategy in early periods
thus generate higher ratings which in turn lead them to interact with more patients over the
course of the experiment. Furthermore, we find that higher overall ratings are associated with
higher experimental profits, suggesting that experts indeed benefit from building up a good

rating/reputation for themselves.

Despite the potential benefits of public rating mechanisms, there are also concerns about their
accuracy and reliability. Ratings are affected by various factors other than the genuine quality
of the service provided (Doing-Harris et al., 2016; Lopez et al., 2012; Okike et al., 2016), in
particular in credence goods markets. Compared to the experimental setup, ratings tend to be
more subjective and the information provided about the quality of expert decisions becomes
less reliable. Review fraud is another potential concern. Studying the resilience of public rating
platforms in the face of growing levels of noise and reduced reliability of feedback is a vital

area for future research.
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Appendix A Additional Figures and Tables
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Figure A1: Game tree for one period. The shaded sub-game shows the rating decision of patients

in the feedback conditions. After observing their payoffs, patients can rate their interaction with the
physician on a five-star rating system. Note that in this game tree, we only draw the feedback decision
for one particular outcome (2, 2). It is worth mentioning that patients (in experimental conditions with
feedback) have the ability to rate each interaction with an expert, irrespective of the realized payoft.
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Table A2: Average Treatment Effects (regression output)

Undertreatment Overcharging Efficiency Consumer
Surplus
1) @) ®) (© ©) (6)
Rating -3.005*** -2.894*** -2.075"**-1.773"**  0.255™** 4.271***
(-4.99)  (-447)  (-4.18) (-5.11) (3.70) (6.22)
Experience -3.000°** -3.065"* -2.398"**-2.188"""  0.253"** 4.318™*
(-4.48)  (-4.66)  (-4.68) (-4.82) (3.62) (6.02)
Exp+Rating -2.7777% -2.585"F -2.4717**-2.114™"" 0.262"* 4.563"*"
(-536)  (-4.59)  (-4.73) (-5.91) (3.81) (6.74)
Period 0.086™*  0.087"*  0.052** 0.051** -0.006*** -0.076**
(3.08)  (3.23)  (3.04) (3.06) (-3.48) (-2.91)
Male (yes) -0.332 -0.416*
(-1.11) (-2.38)
Age (in years) -0.025 -0.049
(-0.59) (-1.95)
Amount donated to charity in a dictator game -0.162** -0.098**
(-3.10) (-3.02)
Liar (yes) 0.877 0.432
(1.73) (1.73)
Trustworthiness 0.544 -0.163
(0.81) (-0.39)
Extraversion -0.298 -0.0712
(-1.30) (-0.60)
Agreeableness -0.404* 0.101
(-2.35) (0.65)
Conscientiousness 0.0837 -0.221%
(0.39) (-2.20)
Neuroticism -0.179 0.171
(-0.86) (1.15)
Openness 0.001 -0.131
(0.00) (-1.32)
Frequency of practicing religion (sometimes) -0.661 -0.008
(-1.81) (-0.04)
Frequency of practicing religion (often) -0.059 -0.765*
(-0.17) (-2.00)
Relative school performance -0.001 0.000
(-0.09) (0.01)
Experience with incorrect physician behavior (yes) -0.831* 0.016
(-2.29) (0.07)
Number of physician visits in the past 12 months 0.005 -0.032
(0.23) (-1.50)
Experience with incorrect physician behavior (yes) 1.173** 0.224
(2.81) (0.70)
Economics/business major (yes) -0.060 -0.091
(-0.18) (-0.30)
Constant 0.101 2.695 1.807*** 3.737** 0.754™** -0.618
(0.24)  (1.02)  (3.74) (3.01)  (11.38) (-0.89)
Observations 770 735 1536 1536
Number of Groups 24 24 24 24

Note: The table presents results from multilevel models with random effects at the market and individual
levels (undertreatment & overcharging: columns 1-4) or at the market level for market efficiency (column 5)
and consumer surplus (column 6). Dependent Variables: The level of undertreatment: patient needs gy, but
the physician provides q;), the level of overcharging: patient needs ¢, the physician provides ¢; but charges
for g;,), and market efficiency, defined as zero if there was no interaction, one if the patient was treated cor-
rectly, 0.25 (0.67) if the patient was undertreated (overtreated). Consumer surplus is the payoff of patients in
a given period. Covariates: Gender, age, BIG 5 personality traits (extraversion, agreeableness, conscientious-
ness, neuroticism, openness) measured with a 10-item BIG 5 questionnaire, whether the participant is a busi-
ness/economics major, self-reported frequency of practicing religion (never is the reference category), number
of expert visits in the past 12 months, an indicator for experience with incorrect expert behavior, an indica-
tor for experience with expert recommendations, relative school performance as a proxy for IQ, a measure for
altruism (the amount donated to charity in a dictatorpgagne), an indicator whether the participant is classified
as a liar (if reporting 4« more corvech dicerotlsoub 0012 fmalyiog taglk) and trustworthiness measured in a
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Appendix B Additional Information and Results

In addition to the four conditions discussed in the paper, we ran four further conditions to
investigate the role of competition (patients can choose among 4 experts), personal experience
in the absence of competition, and private ratings on market outcomes. Descriptive statistics

of our sample for all experimental conditions separately are shown in Table B1.

To disentangle the effect of personal experience and competition, we ran two conditions in
which patients were randomly matched with an expert in each round and thus, there was
no competition between experts. In one condition, experts are identifiable and patients can
thus attribute personal information to a given expert, (ExpNoComp) and in the other condi-
tion physicians are not identifiable (NoComp). Comparing condition Experience (Baseline)
with ExpNoComp (NoComp) shows the effect of adding competition in a market with (with-
out) personal experience information, whereas the comparison of ExpNoComp with no-Comp
shows the effect of adding personal experience information into a setting without competition

between experts.

To disentangle the effect of providing a private rating to experts from the reputational effect
of a public rating system, we ran two additional rating conditions in which patients can rate
the interaction with the physician without showing the rating to other market participants
(Rating-Priv and Exp+Rating-Priv). Comparing condition Baseline with Rating-Priv, re-
spectively Experience with Exp+Rating-Priv shows the effect of providing feedback (cheap
talk) to the expert, whereas the comparison between Rating-Priv with Rating, respectively

Exp+Rating-Priv and Exp+Rating shows the effect of reputational incentives of the ratings.

Table B2 reports the aggregate results of our main outcome variables for all experimental con-
ditions averaged over markets and periods. The following discussion is based on the results

from the regression analysis, which are largely in line with the non-parametric tests.

Competition: In markets without personal experience information, we find that competition
(NoComp vs. Baseline) does not alter market outcomes, except for an unexpected and weakly
significant increase in undertreatment. However, the introduction of competition does not
result in significantly different levels of market efficiency. If instead, personal experience in-
formation is available, allowing patients to choose among experts significantly improves mar-
ket outcomes. Undertreatment- and overcharging rates are significantly lower in Experience
compared with ExpNoComp, leading to higher overall market efficiency. This finding is in line
with Huck et al. (2012) who find that only if some form of reputation-building is coupled with
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competition, market outcomes are enhanced. Similar findings were reported by Brosig-Koch
et al. (2017a) and Han et al. (2017), who show that competition among healthcare providers

results in higher patient well-being.

Private Feedback: Comparing Baseline with Rating-Priv, respectively Experience with
Exp+Rating-Priv allows analyzing the impact of private ratings from patients to experts. In
markets without reputation-building (Baseline) the mere fact that patients can send private
ratings (Rating-Priv) to experts significantly decreases undertreatment, whereas there is no
effect on overall efficiency. Allowing patients to give a private rating to experts in markets with
personal experience information (Exp+Rating-Priv) leads to an unexpected but significant

increase in overcharging rates while overall market efficiency is not affected.

Reputation effect of ratings: We saw that private ratings seems not to improve market
outcomes by and large, except for a reduction in undertreatment in markets with first-time
interactions. We have seen, however, that the possibility to rate experts enhances market out-
comes when it enables experts to build up a reputation for quality as in condition Rating.
Comparing Rating-Priv with Rating, allows us to analyze the reputational effect of public
rating mechanisms. We find highly significant decreases in undertreatment- and overcharging
rates, which translate into significantly higher efficiency levels when ratings are made public,

allowing patients to guide their choice of experts.
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Table B1: Descriptive Statistics

Markets without Markets with
personal experience personal experience
2
& % Q, 5 $ §0 !\SQ' n':
S I3 £ & § s S &
ERES S ) g & g 3
§ S g 5 S ¥ 2 §
s S f 0§ & F 3
& N & B 8
L3
Male [%] 41.7 52.1 56.3 43.8 43.8 54.2 50.0 39.6
Age (in years) 22.3 22.8 22.1 22.5 22.8 22.9 234 23.7
(2.82)  (3.07) (243) (2.63) (4.08) (285 (5.69) (5.23)
Relative School Performance 0.72 0.71 0.76 0.73 0.70 0.76 0.73 0.74
(0.180) (0.222) (0.143) (0.182)  (0.201) (0.141) (0.184) (0.185)
Number of Physician Visits last year 4.92 5.83 4.19 4.54 4.94 4.73 5.96 4.88
(4.78)  (6.56) (3.02)  (4.05) (5.19) (3.58) (14.23) (3.72)
Exp. with incorrect physician behavior [%] 56.3 45.8 33.3 60.4 271 37.5 50.0 39.6
(49.6) (49.8) (47.1)  (48.9) (445)  (375) (50.0) (48.9)
Exp. with physician recommendation [%] 81.3 75.0 - 79.2 77.1 83.3 87.5 75.0
(39.4)  (43.8) - (41.0) (425)  (37.7) (334) (43.8)
Business/Economics major [%] 29.2 52.1 39.6 333 33.3 47.9 50.0 37.5

(45.9)  (50.4) (49.4) (47.6) (47.6)  (50.5) (50.5)  (48.9)

Frequency of practicing Religion [%]

Never 54.17 58.33 50 56.25 77.08 50 58.33 52.08
Rarely 33.33 33.33 41.67 37.5 18.75 43.75 27.08 41.67
Often 12.5 8.33 8.33 6.25 4.17 6.25 14.58 6.25
Extraversion 3.48 3.43 3.55 3.65 3.32 3.46 3.53 3.40
0.97) (1.01) (0.86)  (1.00) 0.92) (0.81) (0.83)  (0.96)
Agreeableness 3.26 3.12 3.26 3.36 3.22 3.26 3.12 3.15
(0.83)  (0.96) (0.78)  (0.80) (0.98)  (0.89) (0.88)  (0.91)
Conscientiousness 3.56 3.43 3.37 3.88 3.33 3.52 3.56 3.63
0.77)  (0.79)  (0.87)  (0.80) (0.86) (0.87) (0.85) (0.87)
Neuroticism 2.87 2.96 2.95 2.82 2.95 291 2.75 2.93
(0.95)  (0.84) (1.02)  (1.09) 0.92) (0.92) (1.09) (1.05)
Openness 3.81 3.52 3.50 3.64 3.50 3.55 3.60 3.30
(0.95)  (0.93) (1.14) (0.92) (1.16)  (1.06)  (1.08)  (0.92)
DGKeep 8.78 8.03 7.87 8.20 7.11 7.48 5.74 7.42
(3.18) (3.41) (3.55) (3.41) (4.18) (3.56) (3.98) (3.87)
Risk Aversion 11.71 12.46 12.19 11.27 12.33 12.56 13.23 13.31
(2.81) (3.86) (3.52) (3.00) (3.02) (2.92) (3.43) (3.38)
Trustworthiness 0.29 0.31 0.31 0.38 0.40 0.43 0.43 0.32
(0.26) (0.21) (0.26)  (0.23) (0.28) (0.21) (0.24)  (0.22)
Lying 9.77 8.42 9.15 9.25 8.85 7.40 7.27 8.81
(2.90) (3.67) (324) (3.17) (3.12) (3.71) (3.85) (3.46)
Experimental Payoff (physicians) 75.25 42.33 69.33 70.46 40.33 38.50 61.17 43.46
(23.51) (18.91) (17.02) (27.55)  (21.49) (22.90) (13.72) (25.88)
Experimental Payoff (patients) -20.25 48.08 -1.83  -1.54 48.83  52.75 8.75 46.38

(30.27) (16.27) (20.29) (23.06)  (18.05) (13.97) (19.50) (18.08)

Note: We analyze six independent markets in every experimental condition. In each market, four patients and
four physicians interact. Means (standard deviations). DG-Keep is the amount kept in a dictator game (DG) as
a measure of altruism, trustworthiness is measured as the share sent back to the first-mover in a trust game,
risk aversion is the number of safe choices in a choice list with 20 binary decision problems between a risky
prospect and a safe option, lying ranging from 0 to 12 measured in the lying task, the BIG 5 personality traits
(extraversion, agreeableness, conscientiousness, neuroticism, and openness) measured with a 10-item BIG 5
questionnaire and the other demographic background variables, as well as the frequency of practicing religion
(never, often, rarely), experience with incorrect physician behavior, number of physician visits, self-reported
relative school performance as a proxy for IQ, and experience with physician recommendations (absent in no-
Comp), are measured in the post-experimental questionnaire (see Appendix F for a detailed description of all
these measures). The experimental payoff is the sum of payoffs in ECU generated by participants over the 16
periods (not the payout they received at the session’s end).

*p <0.10," p < 0.05, ™ p < 0.01.
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Table B2: Overview of all results (means).

Markets without Markets with
personal experience personal experience
2
. -
J 0 SQ' & S S S 0
3 5 S do S S Q S
S IS Q S ) X 20 )
S S S ], ) &
Q X b3 S o) & & +
3¢ ~ ]
X K Ky Q?
Ry
Expert behavior
Overtreatment (in %) 0.00 43 060 1.61 6.47 0.56 049  0.49
Undertreatment (in %) 64.72 5.81 3990 4293 6.81 6.89 2482 11.76
Overcharging (in %) 92.03 4794 91.02 86.65 36.89 38.07 8854 4851
Consumer decisions
Interaction (in %) 93.75 98.96 96.88 98.70 99.74 99.48 91.41 100.00
Feedback (in %) - 93.62 - 84.57 - 88.68 - 77.60
- 3.66 - 3.02 - 4.06 - 3.73

Star-rating

Market outcomes
Efficiency (in %) 70.70 96.21 80.77 81.06 95.42 96.85 82.53 95.42
Consumer Surplus (in ECU)  -1.27 3.01 -0.11 -0.10 3.05 330 055 @ 2.89

Observations 384 384 384 384 384 384 384 384

Note: We analyze six independent markets in every experimental condition. In each market, four patients and
four experts interact. The experimental conditions are: Baseline, Rating, No Competition (NoComp), Private
Feedback (Rating-Priv), Experience, Exp+Rating, Experience without Competition (ExpNoComp), and Ex-
perience with private Feedback (Exp+Rating-Priv). Please refer to Section 3.2 for a description of the main
experimental conditions and to Appendix B for a description of the additional conditions.
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Appendix C Detailed information about the rating

conditions and screenshots

In Rating physicians see at the end of each period the private rating®® for patients they treated,
and who decided to rate them. Besides, physicians (Figure C1) and patients (Figure C2) observe
the public average rating® of all physicians over all treated patients when they make their
decisions starting in period five. The reason for displaying the public average rating only
from period five onwards is to render direct reputation-building impossible in the first couple
of rounds, where not many ratings have been submitted so far and identification might be

possible via those ratings.

In Rating-Priv, physicians receive at the end of each period a private rating from patients they
treated, and who decided to rate them. Neither physicians (Figure C3), nor patients (Figure
C4) see any ratings when taking their decisions. Their decision screens look the same as in

Baseline.

In Exp+Rating physicians see at the end of each period the private rating for patients they
treated, and who decided to rate them. In line with Rating, patients (Figure C5) and physicians
(Figure C6) observe the public average rating of each physician over all treated patients when
they make their decisions (from period 2 onwards). Figure C5 shows the decision screen for a
patient. However, unlike in condition Rating, physicians also see the private average ratings’!
received from each patient separately, and patients see their own private average ratings from
previous interactions for each physician separately on top of the average public ratings over
all patients. It is important to distinguish between the two average ratings. While the public
average rating is the average rating for a physician from all patients, the private average rating

is the average rating for a physician from one patient.

In Exp+Rating-Priv, physicians receive at the end of each period a private rating from patients
they treated, and who decided to rate them. Patients see the private average rating for all
physicians they rated so far when they decide whether, and which of the physicians to visit
(Figure C7). Additionally, physicians observe their private average rating per patient when

they decide about treatments and prices (Figure C8).

29 Private rating from one patient to one physician in any given round on a five-star rating scale. Note that rating a
physician is optional in our experiment. Patients may decide not to rate physicians they interacted with.

30 The public average rating is calculated as the sum of all ratings for a given physician, divided by the number of
ratings for this physician.

31 The private average rating is calculated as the sum of all ratings for a physician by a given patient, divided by the
number of ratings the patient has given the physician so far.
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Decision 1: Consult a physician?

As patient you can decide if you want to consult a physician in this period.

Do you want to consult a physician in this period? O Yes Ono

If so, which physician do you chose? (please chose only one)

. Public Rating (Number) Public Rating (Stars)
Physician (public average rating per physician from  (public average rating per physician from Consult Physician
pervious interactions) pervious interactions)
QO consult 1 physician
1% Physician 3.80 O clear selection
L It 2" physician
2" Physician 3.25 PAQRQA@ I @id O consu
v Q clear selection
" -
- : QO consult 3™ physician
37 Physician 3.00 7_/% i\{— 7_/% 7_//k i\i QO clear selection
n -
" . Q consult 4™ physician
4% Physician 4.20 ***** QO clear selection

Figure C1: Decision screen of patients in Rating. Patients are asked whether to visit a physician or not.
If they do, they may choose one from a list of four. Starting in period five, they see the public average
rating once as a number (column 2) and once as a star rating (column 3). These two columns are absent
in the first four periods.

Decision 2 & 3: Treatment and Prices
Chose the treatment for your patients and the price:

The price for the mild treatment is 3 points. The costs are 2 points.
The price for the severe treatment is 8 points. The costs are 6 points.

Patient Type of iliness Choose a treatment Choose a price
o . Q mild treatment Q price for mild treatment
1% Patient mild illness O severe treatment QO price for severe treatment
27 patient . O mild treatment QO price for mild treatment
severe iliness QO severe treatment QO price for severe treatment
d R QO mild treatment Q price for mild treatment
3" Patient N
QO severe treatment QO price for severe treatment
. . mild treatment rice for mild treatment
4™ Patient severe illness o oe N
O severe treatment O price for severe treatment
Other Physician Other Physician Your Rating Other Physician
Public Rating (Number) 3.80 3.25 3.00 4.20

Yolokdok Tk Yokdokok  Yoioiodok

Public Rating (Stars)

Figure C2: Decision screen of physicians in Rating. Physicians see the type of illness of patients
visiting them (column 2). Starting in period five, they see the public rating of themselves and the other
physicians. They have to choose a treatment and a price for every visiting patient.
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Decision 1: Consult a physician

As patient you can decide if you want to consult a physician in this period.
Do you want to consulta physician in this period? ~ Qyes Ono

If so, which physician do you chose? (please chose onlv one)

Patient Consult Physician

QO consult 1% physician

S phoc

1" Physician O clear selection

2 physician O consult 2" physician
v QO clear selection

34 physici O consult 3 physician
ysician

O clear selection

O consult 4™ physician

th ppc
4™ Physician QO clear selection

Figure C3: Decision screen of patients in Rating-Priv. Patients are asked whether to visit a physician
or not. If they do, they may choose one from a list of four.

Decision 2 & 3: Treatment and Prices

Chose the treatment for your patients and the price:

The price for the mild treatment is 3 points. The costs are 2 points.
The price for the severe treatment is 8 points. The costs are 6 points.

Patient Type of iliness Choose a treatment Choose a price

st : L O mild treatment QO price for mild treatment
1* Patient mild illness O severe treatment QO price for severe treatment

2 patient ) O mild treatment Q price for mild treatment
severe iliness O severe treatment QO price for severe treatment

3 patient QO mild treatment Q price for mild treatment
O severe treatment O price for severe treatment

mild treatment rice for mild treatment
47 Patient severe illness 8 severe treatment 8 zrice for severe treatment

Figure C4: Decision screen of physicians in Rating-Priv. Physicians see the type of illness of patients
visiting them (column 2). They have to choose a treatment and a price for every visiting patient.
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Decision 1: Consult a physician?

As patient you can decide if you want to consult a physician in this period.

Do you want to consult a physician in this period? ~ Ovyes

Ono

If so, which physician do you chose? (please chose only one)

- Public Rating (Number) Public Rating (Stars) Private Rating (Number) Private Rating (Stars)
Physician (public average rating per physician from  (public average rating per physician from  (own average rating per physician from  (own average rating per physician from Consult Physician
pervious interactions) pervious interactions) pervious interactions) pervious interactions)
. Q consult physician 1
Physician 1 3.80 4.60 O clear selection
) It physician 2
Physician 2 325 Q consult physician
O clear selection
) A O consult physician 3
Physician 3 3.00 225 I I I O dlear selection
O consult physician 4
Ph 4 4.20
Yeician O clear selection

Figure C5: Decision screen of patients in Exp+Rating. Patients are asked whether to visit a physician
or not. If they do, they may choose one from a list of four. Starting in the second period, they see the
public average rating once as a number (column 2) and once as a star rating (column 3). Additionally,
they see their private average rating for those physicians they already rated as a number (column 4) and

a star rating (column 5).

Decision 2 & 3: Treatment and Prices
Chose the treatment for your patients and the price:

The price for the mild treatment is 3 points. The costs are 2 points.
The price for the severe treatment is 8 points. The costs are 6 points.

Physician

Average Rating of Patient Average Rating in Stars

Type of illness
(from previous interactions)  (from previous interactions)

Choose a treatment Choose a price

Patient 1

mild illness

O mild treatment
Q severe treatment

Q price for mild treatment
QO price for severe treatment

Patient 2

Frteedok

QO mild treatment
Q severe treatment

QO price for mild treatment
Q price for severe treatment

Patient 3

QO mild treatment
Q severe treatment

Q price for mild treatment
O price for severe treatment

Patient 4

2.10 VA QAR A QAo e mild illness

QO mild treatment
Q severe treatment

Q price for mild treatment
QO price for severe treatment

Other Physician Other Physician Your Rating

Other Physician

Public Rating (Number) 3.80 3.25

3.00

N U R U U S W U SV S A TR Sy e

4.20

Figure C6: Decision screen of physicians in Exp+Rating. Physicians see the type of illness of patients
visiting them (column 4). Starting in period two, they see the private average rating from patients
(columns 2 and 3). Additionally, they see the public rating of themselves and other physicians. They

have to choose a treatment and a price for every visiting patient.
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Decision 1: Consult a physician?

As patient you can decide if you want to consult a physician in this period.

Do you want to consult a physician in this period? O Yes Ono

If so, which physician do you chose? (please chose only one)

. Rating (Number) Rating (Stars)
Physician i ici i ici Consult Physician
(own average rating per physician from  (own average rating per physician from !
pervious interactions) pervious interactions)

iﬁkiﬁd& consult physician 1
Physician 1 0.00 o Py

QO clear selection
Physician 2 3.60 ***** Q consult physician 2
’ ' QO clear selection

- QO consult physician 3
Physician 3 O clear selection

- Q consult physician 4
Physician 4 4.00 7 ?i 37 Y ﬁ r QO clear selection

Figure C7: Decision screen of patients in Exp+Rating-Priv. Patients are asked whether to visit a
physician or not. If they do, they may choose one from a list of four. Starting in the second period, they

see their private average rating for those physicians they already rated as a number (column 2) and a
star rating (column 3).

Decision 2 & 3: Treatment and Prices
Chose the treatment for your patients and the price:

The price for the mild treatment is 3 points. The costs are 2 points.
The price for the severe treatment is 8 points. The costs are 6 points.

Physician Average Rating of Patient Average Rating in Stars Type of illness Choose a treatment Choose a price
(from previous interactions)  (from previous interactions)
~ ek O mild treatment Q price for mild treatment
Patient 1 mild ilness QO severe treatment QO price for severe treatment
Patient 2 Q mild treatment (o) price for mild treatment
Q severe treatment Q price for severe treatment
. Q mild treatment Q price for mild treatment
Patient 3 i
QO severe treatment QO price for severe treatment
s mild treatment Q price for mild treatment
Patient 4 o
e i}**** O severe treatment QO price for severe treatment

Figure C8: Decision screen of physicians in Exp+Rating-Priv. Physicians see the type of illness of
patients visiting them (column 4). Starting in period two, they see the private average rating from
patients (columns 2 and 3). They have to choose a treatment and a price for every visiting patient.
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Appendix D Predictions

In this section, we construct a reputation for quality equilibria for the experimental conditions

Rating, Experience and Exp+Rating.

We assume that patients and experts are rational, risk-neutral, and maximize their own payoff.
All information but the patients’ health problem type in a given round is common knowledge.
The repeated one-shot equilibrium in which experts provide the minor treatment and charge
for the major treatment (price py) and patients always interact is an equilibrium in all experi-
mental conditions. In the following, we construct further symmetric equilibria in which experts
do not undertreat/build up a reputation in early periods. The reputation equilibria shown below
are not unique, similar ones can be constructed in which the no undertreatment/reputation-
building phase is for instance shorter. If necessary, we use masculine pronouns (he) for patients

and feminine pronouns (she) for experts.

Condition Experience

Equilibrium without undertreatment in early periods

« Expert’s strategy: Provide sufficient treatment (minor treatment for a minor health prob-
lem, major treatment for a major health problem) and charge for the major treatment in
periods 1-15. Provide the minor treatment and charge for the major treatment in period
16.

« Patient’s beliefs: Expert provides sufficient treatment and charges for major treatment
(price py) in periods 1-15. Expert provides minor treatment (gz) and charges for the

major treatment (py) in periods 16.

- Patient’s strategy: Visit an expert every period. Pick one at random in the first period.
In periods 2-15, visit the same expert in the following periods as long as she never un-
dertreated. In periods 1-15, if undertreated, randomly pick one of the experts that never
undertreated the patient before. If there is no such expert, randomly select one. In period
16, choose the expert visited that never undertreated the patient in any period 1-15. If
there is no such expert, choose an expert at random among those never visited before. If

there is no expert never visited, randomly select one.

Verification: Patients’ beliefs are consistent with experts’ strategies. Next turning to patients’
strategy: In every period it is rational for a patient to interact as the the lowest expected payoft
from interaction (in periods 13-16), 0.5 - 2 + 0.5 - (—8) = (—3) is higher than the outside op-
tion (—4). Furthermore, it is payoff-maximizing to stay with an expert that never undertreated
them. Considering experts, we have to verify that there exists no profitable deviation. In pe-

riod 16, an expert has no incentive to deviate from her strategy as providing a minor treatment



(qr) and charging for the major treatment (py) to every patient, independently of the health
problem of a patient and the number of patients, maximizes the expert’s payoff. Next, we have
to show that sticking to the strategy in periods 1-15 is optimal. In period 15, an expert with a
major problem patient has a continuation payoff of 6 4+ 0 from undertreating this patient, as
the patient will not return given the above strategies, whereas the continuation period from
not undertreating is 2 + 6 since the patient will return in period 16. Thus, there is no incentive
to deviate to undertreatment in period 15 (for one or more patients). In earlier periods, the
continuation payoff of an expert from undertreatment remains the same, whereas the continu-
ation payoff from sticking to the strategy is even higher as the patient returns in more periods.

Hence, there is no deviation incentive for an expert.

Equilibrium without undertreatment and without full overcharging in early periods

« Expert’s strategy: Provide sufficient treatment (minor treatment for minor health prob-
lem, major treatment for major health problem) in periods 1-15, charge for the minor
treatment (py) in periods 1-11, and charge for the major treatment (py) in periods 12-15.

Provide the minor treatment and charge for the major treatment in period 16.

« Patient’s beliefs: Expert provides sufficient treatment in periods 1-15. Experts charge
for the minor treatment (py) in periods 1-11 and charge for the major treatment (py) in
periods 12-15. Expert provides minor treatment (¢;,) and charges for the major treatment
(pg) in period 16.

« Patient’s strategy: Visit an expert every period. Pick one at random in the first period. In
periods 2-15, visit the same expert in the following periods as long as she never under-
treated in any of the previous periods and always charged p;, in periods 1-11. In periods
1-11, if undertreated or charged py, randomly pick one of the experts that never under-
treated or charged the patient py before. If there is no such expert, randomly select one.
In period 16, choose an expert visited that never undertreated the patient in any period
1-15 and never charged p — H in periods 1-11. If there is no such expert, choose an expert
at random among those never visited before. If there is no expert never visited, randomly

select one.

Verification: Patients’ beliefs are consistent with experts’ strategies. Next turning to patients’
strategy: In every period it is rational for a patient to interact as the lowest expected payoff
from interaction (in periods 13-16), 0.5-2+0.5- (—8) = (—3) is higher than the outside option
(—4). Furthermore, it is payoff-maximizing to stay with an expert that never undertreated them.
Considering experts, we have to verify that there exists no profitable deviation. In period 16,
an expert has no incentive to deviate from her strategy as providing a minor treatment (qr,)
and charging for the major treatment (py) maximizes the expert’s payoff. Next, we have to

show that sticking to the strategy in periods 12-15 is optimal. In period 15, an expert with a



major problem patient has a continuation payoff of 6+ 0 from undertreating this patient, as the
patient will not return given the above strategies, whereas the continuation period from not
undertreating is 2 + 6 since the patient will return in period 16. Thus, there is no incentive to
deviate to undertreatment in period 15 (for one or more patients). In earlier periods for periods
12-15, the continuation payoff of an expert from undertreatment remains the same, whereas
the continuation payoff from sticking to the strategy is even higher as the patient returns in
more periods. Hence, there is no deviation incentive for an expert. In periods 1-11, the expert
makes an expected loss per patient of -1 from not undertreating and always charging p;,, and
a loss of -3 with a given major problem patient. The profit from deviating for a major problem
patient in period 11is 6 + (16 — 11) - 0 = 6 which is lower than the continuation payoff from
sticking to the strategy with this patient which amounts to —3 + (15 — 11)4 + 6 = 19. As
the expert makes losses in the first periods, deviation incentives are larger in period 1: The
continuation profit from deviating for a major problem patient in period 1is 6 + (15) -0 = 6
which is lower than the continuation payoff from sticking to the strategy with this patient
which amounts to —3 — 1(11 — 1) +4(15 — 11) + 6 = 9. Hence, no expert has an incentive to

deviate.

Condition Rating

Equilibrium without undertreatment in early periods

« Provision and charging strategy of an expert: Provide sufficient treatment (minor treat-
ment for a minor health problem, major for a major health problem) and charge for the
major treatment in periods 1-13. Provide the minor treatment and charge for the major

treatment in periods 14-16.

« Patient’s beliefs: Expert provides sufficient treatment and charges for major treatment
(pm) in periods 1-13. Expert provides minor treatment (gz) and charges for the major

treatment (py) in the periods 14-16.

« Patient’s strategy: Visit an expert every period. Randomly pick one expert in periods
1 — 4. In periods 1-13, give a rating for every interaction following the rule: A rating of
5 stars if the payoff from interaction in the current period is positive, a rating of 0 stars
otherwise. Starting in period 5 until period 13, choose randomly among experts with
a five-star rating. If, there is no such expert, visit an expert that was never been rated
before. If there is no expert with a five-star rating and no expert that was never rated
before, pick the highest-rated expert. In periods 14-16, pick the highest-rated expert and

do not rate interactions.

Verification: Patients’ beliefs are consistent with the experts’ strategy. Next turning to patients’
strategy: In every period it is rational for a patient to interact as the lowest expected payoft

from interaction (in periods 14-16), 0.5-2+0.5- (—8) = (—3) is higher than the outside option
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(—4). Furthermore, starting in period 5, it is rational for a patient to choose the expert with a
five-star rating as any rating lower than 5, given the symmetric patient strategy, signals that
this expert undertreated some patients in earlier periods. For experts, we have to verify that
there exists no profitable deviation from the strategy stated above in any period. In periods
14-16, providing a minor treatment (g;,) and charging for the major treatment (py) to a visiting
patient maximizes the expert’s payoff. Next, we show that there is also no deviation incentive
in any period 5-13: In period 13, an expert with the highest deviation incentives (four major
problem patients) has a continuation payoff of 4 - 6 + 0 = 24 from undertreating her patients,
as patients will give a rating of 0 stars and hence there will be no patients visiting in periods
14-16, as the expert will not have a 5-star rating anymore and given the above-specified strate-
gies of patients (and other experts). The expected continuation period from not undertreating
is 2-4 4 6 - 3 = 26 since the patients will give a rating of 5 stars and, given the symmetric
strategies, the expert will have in expectation one patient visiting in each of the periods 14-16.
Thus, there is no incentive to deviate to undertreatment in period 13. In earlier periods 5-12,
the continuation payoff of an expert from undertreatment remains the same, whereas the con-
tinuation payoff from sticking to the strategy is even higher as patients return in more periods.
Hence, there is no deviation incentive for an expert in periods 5-13. It remains to show that
experts do not deviate in periods 1-4 in which no public ratings are available for expert choice.
The incentive to deviate is strongest in period 1, as patients do not adapt their expert choice in
periods 2-4. The maximal deviation profit (undertreating four patients with a major disease in
period 1 and undertreating any patient thereafter) is 6-4+3-6 = 42, whereas the continuation
payoff from sticking to the above strategy is 2 -4 + 12 -4 + 6 - 3 = 74. Thus, no expert has an

incentive to deviate.

Equilibrium without undertreatment and without full overcharging in early periods

« Expert’s strategy: Provide sufficient treatment (minor treatment for minor health prob-
lem, major treatment for major health problem) in periods 1-13, charge for the minor
treatment (p;) in periods 1-3, and charge for the major treatment (py) in periods 4-13.

Provide the minor treatment and charge for the major treatment in periods 14-16.

- Patient’s beliefs: Expert provides sufficient treatment in periods 1-13. Experts charge
for the minor treatment (p;) in periods 1-3 and charge for the major treatment (py) in
periods 4-13. Expert provides minor treatment (g;) and charges for the major treatment
(pg) in periods 14-16.

- Patient’s strategy: Visit an expert every period. Randomly pick one expert in periods
1 — 4. In periods 1-3, give a rating for every interaction following the rule: A rating
of 5 stars if the payoff from the interaction is 7 (correct treatment, p;), a rating of 0

stars otherwise. In periods 4-13, give a rating for every interaction following the rule: A
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rating of 5 stars if the payoff from the interaction is positive, a rating of 0 stars otherwise.
Starting in period 5 until period 13, choose randomly among experts with a five-star
rating. If, there is no such expert, visit an expert that was never been rated before. If
there is no expert with a five-star rating and no expert that was never rated before, pick
the highest-rated expert. In periods 14-16, pick the highest-rated expert and do not rate

interactions.

Verification: Patients’ beliefs are consistent with experts’ strategies. Next turning to patients’
strategy: In every period it is rational for a patient to interact as the lowest expected payoft
from interaction (in periods 14-16), 0.5 - 2 + 0.5 - (—8) = (—3) is higher than the outside
option (—4). Considering experts, we have to verify that there exists no profitable deviation.
In periods 14-16, an expert has no incentive to deviate from her strategy as providing a minor
treatment (gz,) and charging for the major treatment (p;) maximizes the expert’s payoff. Next,
we have to show that sticking to the strategy in periods 4-13 is optimal. In period 13, an
expert with the highest deviation incentives (four major problem patients) has a continuation
payoff of 4 - 6 + 0 = 24 from undertreating her patients, as patients will give a rating of
0 stars and hence there will be no patients visiting in periods 14-16, as the expert will not
have a 5-star rating anymore and given the above-specified strategies of patients (and other
experts). The expected continuation period from not undertreating is 2- 446 -3 = 26 since the
patients will give a rating of 5 stars and, given the symmetric strategies, the expert will have
in expectation one patient visiting in each of the periods 14-16. Thus, there is no incentive
to deviate to undertreatment in period 13. In earlier periods 4-13, the continuation payoff
of an expert from undertreatment remains the same, whereas the continuation payoff from
sticking to the strategy is even higher as patients return in more periods. In periods 1-3, the
expert makes an expected loss per patient of -1 from not undertreating and always charging
pr, and a loss of -3 with a given major problem patient. The incentive to deviate is strongest
in period 1, as patients do not adapt their expert choice in periods 2-4 and experts make losses
in early periods. The maximal deviation profit, when facing four major problem patients, is
6-44 3.6 = 42, whereas the continuation payoff from sticking to the above strategy is
—3-4—1-24+10-4+ 6 -3 = 44. Thus, no expert has an incentive to deviate.

Condition Exp+Rating

Reputation equilibria can be constructed as for Experience.
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Appendix E Short- and long instructions for Rating and

Exp+Rating and control questions

To save space, we report the instructions for Rating and show the variations for Exp+Rating

in brackets and underlined.



Short-Instructions (without screenshots)

Problem

* 16 periods

* 2 roles: Physician and patient

* Random allocation of the role (remains the same over the entire 16 rounds)

*  The patient has an illness in every round

* 2 types of illness: minor and major illness

* Illness is randomly re-determined in each round

* The physician may then freely choose from one of two treatment types: minor and major
treatment

* NOTE: minor and major treatment cure minor illness, BUT only major treatment cures
major illness
Each round consists of max. 4 decisions (see description below)

Information patient Information physician

* The patient does not know at any time whether ¢ The physician learns what illness the patient

he has a minor or major illness in the respective has when the patient decides to go to the
round physician
* The only information the patient receives is ... * Furthermore, the physician receives
* ... his payoff after decision 2 and 3 information about ...
... 1ifhis illness was cured ¢ ... her payoff per patient according to her
* ... starting in round 5, the public average decision 3
rating per physician * ... decision 4 of her patients
» [(after submission of a rating) his private e ... starting in round 5, her own public
average rating per physician and the public feedback, as well as the public feedback of
feedback per physician] other physicians [her private average

rating per patient (according to the given
rating) and her own public feedback, as
well as the public feedback of other

physicians]




Decision 1
patient

*Consult a physician? YES or NO
* YES: Select a physician, then proceed to
Decision 2

* NO: Round ends here:
* Payoff patient: -4 points
* Payoff physician: 0 points

Decision 2
physician

Decision 3
physician

*Price for the treatment (P) ?
* price for MINOR treatment:
P =3 points
* price for MAJOR treatment:
P = 8 points

Decision 4
physician

*Type of treatment: minor or major?
eminor treatment: costs (K) for physician:
K =2 points
*major treatment: costs (K) for physician:
K =6 points

*Rating the physician? YES or NO
*YES: Rating of the physician with 0 - 5 stars
(0 =not at all satisfied, 5 = very satisfied)
*NO: no rating

Payoff patient
N-P

Iliness cured: N = 10 points (Price chosen in decision 3 minus the

IlIness not cured: N = 0 points decision 2)

Payoff physician
P-K

costs of the treatment chosen in

\- J




Long-Instructions
Dear participants, welcome to today’s experiment!

Please read the instructions for the experiment carefully. All statements in the instructions are true. Your
payoff at the end of the experiment depends on how well you have understood those instructions. All
data gathered during the experiment will be treated confidentially and evaluated anonymously.

We ask you to remove all items, including other reading materials and writing utensils from the table,
and switch off your mobile phone, as well as any other electronic devices. If you have a question, raise
your hand and one of the experimenters will come to you to answer your question privately.

All personal designations in this experiment refer equally to men and women.
Thank you very much for your participation in today’s experiment.
Instructions for the experiment

Thank you very much for your participation in the experiment. Please do not speak to other participants
until the end of the experiment.

2 roles and 16 rounds

This experiment consists of 16 rounds, each with the same sequence of decisions. The sequence of
decisions is explained in detail below.

There are 2 roles in the experiment: Physician and patient. At the beginning of the experiment, you
will be randomly assigned one of these roles and maintain this role for the entire experiment. On the
first screen of the experiment, you can see which role is assigned to you. This role remains the same
throughout all periods.

At the beginning of the experiment, you will be randomly assigned to a group of 7 other players. This
group remains the same for all periods and consists of 4 physicians and 4 patients. If you are a patient,
the 4 physicians (1%, 2nd 3rd apd 4t physician) [physician 1, physician 2, physician 3, and physician 4]
in your group are your potential interaction partners. If you are a physician, then your potential
interaction partners are the 4 patients (1, 2™, 3, and 4 patients) [patient 1, patient 2, patient 3, and
patient 4] in your group. Note: The order of the physicians varies randomly from round to round, i.e.
the first physician in round one does not necessarily have to be the first physician in round two. The
order of the patients varies randomly from round to round as well. [The identification (1, 2, 3, 4) are
fixed throughout the experiment, i.e.: A certain patient or physician always has the same identification
number (physician 1 is the same person in every round, patient 1 is the same person in every round,

ete.)]

All participants receive the same information regarding the rules of the game, including the costs and
payoffs for both players.

Overview of the decision situation

Every patient is suffering from an illness in each period. There are 2 types of illnesses, a minor and a
major illness. Which kind of illness a patient has is determined randomly each new period. The patient
suffers with a 50% chance from a minor illness and with a 50% chance from a major illness. Imagine
a coin toss in each period — if the coin shows "head", then the patient suffers from a minor illness, if it
shows "tails", the patient suffers from a major illness. At no time is the patient informed whether he has
a minor or major illness in a particular round. The physician learns what illness a patient suffers from



only when the patient decides to consult the physician. The physician may then freely choose from one
of two treatment types (minor or major treatment). However, a major illness is only cured by a major
treatment. A minor illness is cured by a minor or a major treatment.

Overview of the decisions in a round

Each round consists of a maximum of 4 decisions, which are made consecutively. Decision 1 (consult
the physician) is made by the patient; decision 2 (treatment) and 3 (price) are made by the physician;
decision 4 (rating) is again made by the patient.

The sequence of the decisions of a round and presentation of their consequences
Decision 1

The patient decides whether he wants to consult ONE physician and WHICH of the 4 physicians (1st,
2nd, 3rd, and 4th physician) he wants to visit (if and with which physician he wants to interact). The
order of the physicians is random — at which position a physician appears (as first, second, third, or
fourth physician) is determined randomly in each new round.

[The patient decides whether he wants to consult ONE physician and WHICH of the 4 physicians
(physician 1, physician 2. physician 3, and physician 4) he wants to visit (if and with which physician
he wants to interact).]

If so, the physician in decision 2 and 3 chooses a treatment and sets a price (see below). However, the
patient cannot observe which treatment the physician has chosen.

If not, this round ends for the patient. If no patient visits a physician in a given round, the round ends
for her as well.

Decision 2

If the patient decides to consult a physician in decision 1, the physician learns the nature of the
patient’s illness before making her decision 2. Then the physician chooses a treatment. At no time is
the patient informed about the treatment chosen by the physician.

The treatment incurs a cost for the physician.

The minor treatment costs the physician 2 points (= experimental currency unit) and cures only a
minor illness.

The major treatment costs the physician 6 points (= experimental currency unit) and cures both, minor
and the major illness.

Physicians can choose treatments independently of the type of illness.

Decision 3

The physician charges a price for the treatment. Two prices are available:

* The price for the minor treatment is 3 points.

* The price for the major treatment is 8 points.

The chosen price need not be equal to the price of the treatment chosen in decision 2; it may also be the
price of the other treatment.



Decision 4

The patient receives information about his payoff in this round and whether his illness has been cured
or not.

Now the patient decides whether he wants to evaluate the interaction with the physician. If not, this
round ends for him. If yes, the patient rates the interaction between 0 (= not satisfied at all) and 5 (=
very satisfied) stars.

Afterward, the physician receives information about her payoff and, in case the patient evaluated her,
her rating from this round. The round ends then.

Note: The other physicians and patients also see the ratings: As soon as at least one physician was rated
by at least one patient (i.e. at least one interaction with a physician has been rated), from the fifth round
onwards [in the subsequent periods] all patients see the public feedback of that physician (i.e. the
average value of the ratings from all patients per physician) when asked for their decision 1.

Furthermore, starting in round five [in the subsequent periods], physicians see their own public
feedback and the public feedback of the other physicians in their group when asked for their decision 2
& 3.

[Note: The other physicians and patients also see the ratings: As soon as at least one physician was rated

by at least one patient (i.e. at least one interaction with a physician has been rated), all patients see the
public feedback of that physician (i.e. the average value of the ratings from all patients per physician)
in the following rounds when asked for their decision 1. In addition to the public feedback, patients see
their private average rating per physician (if at least one interaction with the respective physician has
already taken place with subsequent rating).]

Physicians see their private average rating for each of their patients at decision 2 & 3 (if there has been

at least one interaction with the respective patient) in the following rounds. Besides, physicians also see
their own public feedback and the public feedback of the other physicians in their group.]

Payoffs
I) No interaction (Patient decides not to consult the physician)

If the patient ends the period in decision 1 (decision "ne" of the patient), then he receives -4 points in
this period, i.e. he makes a loss of 4 points. If no patient in a given round consults a physician, the
round ends for her, and she receives a payoff of zero points.

Otherwise (decision “yes” of the patient) the payoffs are as follows:
II) Interaction (Patient decides to consult the physician)

The physician receives the price (in points) chosen in decision 3 minus the costs of the treatment
chosen in decision 2 for each of her patients.

For the patient, the payoff depends on whether the treatment cured the patient’s condition.

a) The treatment has cured the disease. The patient receives 10 points minus the price demanded
in decision 3.

b) The treatment has not cured the disease. The patient must pay the price demanded in
decision 3.



Two examples to illustrate this:
Example 1:

e The patient decides to consult a physician (Do you want to see a physician in this round = “yes”
in decision 1).
e The patient has a major condition.

e The physician chooses a major treatment and charges the price for the major treatment.

Payoff patient: 10 — 8 =2
benefit treatment  price major tratment
Payoff physician: 8 - 6 =2

. " h_v—/
price major treatment  cost major tratment

Example 2:

o The patient decides to consult a physician (Do you want to see a physician in this round = “yes”
in decision 1).
e The patient has a minor condition.

e The physician chooses a major treatment and charges the price for the major treatment.

Payoff patient: 10 — 8 =2

N ———
benefit treatment  price major tratment

Payoff physician: 8 - 6 =2

price major treatment  cost major tratment

The patient and the physician will be informed at the end of each period about their respective payoffs
in this period. Besides, the patient learns whether his illness has been cured.

At the beginning of the experiment, you will receive an initial endowment of 11 points. You will also
receive another 5 points for answering the control questions. From this initial endowment, you can
pay for possible losses in individual rounds. Losses can be compensated by winnings from other rounds
as well.

At the end of the experiment, four periods will be drawn randomly for payment. For the calculation of
payoffs, the initial endowment and the profits or losses over the four payoff-relevant periods are added
together. If you have made a total loss at the end of the experiment, you must pay this loss to the
experimenter. By participating in the experiment, you agree to this condition. Please note that it is
always possible to avoid losses in the experiment with certainty. The total number of points will be
exchanged for cash at the end of the experiment using the following exchange rate:

1 point = 60 Euro-Cent
(i.e. 5 points = 3 Euro).

You find the experimental receipts on your table. At the end of the experiment, please insert your payoff
from the experiment (which you can see on your final screen) on the receipt as well as your first and last
name in block letters and sign the receipt.



Control Questions

Here we show the control questions for Rating and Exp+Rating. Only if the question in Exp+Rating

differs from the one in Rating we reported report it and underline it.

It is important to make sure that all participants have fully understood the experiment. Should something
has remained unclear, please ask the experimenter. You will receive 5 points (= 3 Euro) for answering

the questions correctly. Please answer the following questions:

Question

Correct Answer

1. How many decisions does a patient maximally make per period?

2

rating within your group (of 4 patients and 4 physicians)? (only one answer is correct)

2. How many decisions does a physician maximally make per period? 2
Assess whether the statements below are true or false.

3. "The patient learns what illness he suffers from in a particular period.” F
4. "If the physician cures the patient's illness, the total payoff of the patient in this period is F
exactly 10 points. “

5. "Your initial endowment of 11 points is worth 6.60 euros." T
6. "A physician can identify a patient through the order of line-up over the rounds. That F
means, for example, that the first patient in the line-up is always the same person."

6. “The number of identification (1-4) of patients and physicians are fixed throughout the T
experiment, i.e. patient (physician) 1 is the same participant in every period.”

7. "A patient can identify a physician throughout the periods by the order in which they are
presented to him, i.e. for example, that the first physician in the list is always the same F
person."

7. Assume you are a patient and rate your interaction with a physician. Who sees your All physicians

and patients

8. From the fifth period onwards, all physicians and all patients within the group (of 4
patients and 4 physicians) see the average rating of those physicians already rated as they
make their decisions.

T

There was no similar question to question 8 in Exp+Rating. The control questions

proceeded with question 9 (as question §)

Please calculate the payoffs for the patient and the physician in the following

examples

9. The patient chooses "No" in decision 1.

Patient: -4
Physician: 0

10. The patient chooses "Yes" in decision 1 and chooses a physician. The patient suffers
from a minor illness. The physician chooses a minor treatment and charges the price for a
minor treatment.

Patient: 7
Physician: 1

11. The patient chooses "Yes" in decision 1 and chooses a physician. The patient suffers
from a minor illness. The physician chooses a minor treatment and charges the price for a
major treatment

Patient: 2
Physician: 6

12. The patient chooses "Yes" in decision 1 and chooses a physician. The patient suffers
from a major illness. The physician chooses a minor treatment and charges the price for a
major treatment.

Patient: -8
Physician: 6




Appendix F Experimental Instructions for additional

games and questionnaire

Part 2:
The experiment is not yet over. There are 4 more parts following. At the end of the experiment,

one of these parts (part 2, part 3, part 4, or part 5) is randomly selected for payment.

In part 2, you have to make a decision regarding your payoff as well as the payoff of another
person. This person is a patient who is supported by the organization "Licht fiir die Welt". The
organization “Licht fur die Welt” is known worldwide for preventing and curing preventable
blindness. It enables eye surgery and supplies people with eyeglasses and medicines for
eye diseases in South America, Africa, and Asia. You have an endowment of € 12 and you need
to decide how you want to divide the money. There are two fields on your screen. One field
is marked "amount for me" and the other field is marked "amount for Licht fiir die Welt". The
amounts you enter always have to add up to € 12, in units of € 0.1 (i.e., 10 cents). The transfer
will be made online at the end of the experiment. To be able to donate to the organization "Licht
fur die Welt" correctly, we kindly ask the participant with ID 1 to confirm that the money has
been transferred to the organization after the online transfer has been made. As a reminder, this
part will only be paid if part 2 is randomly selected for payment at the end of the experiment.
This also applies to the donation to "Licht fir die Welt".

Part 3:

As a reminder, this part will only be paid if part 3 is randomly selected for payment at the end
of the experiment. Part 3 consists of 20 decisions. Below, you are asked to decide for each
situation. Each of your choices is a selection between "Option A" and "Option B". "Option A"
always offers an uncertain payoff: with a 50% probability, you will receive € 12, and with a 50%
probability you receive € 0. "Option B" always offers a safe payoff: with 100% probability you
receive an amount that varies from decision to decision (that is, you receive the guaranteed

payoff of that row).
The decision situation will be presented to you on the screen as follows:

If part 3 happens to be paid out, one of the 20 decisions (lines) will be randomly selected for
payment. Additionally, it will be randomly determined if you won the lottery (you receive €
12) or if you lost the lottery (you receive € 0) (if you have chosen the lottery option). When

you have made all decisions, please confirm with "OK".

Part 4:
As a reminder, this part will only be paid if part 4 is randomly selected for payment at the end

of the experiment. Part 4 is about guessing the outcome of a die roll in a situation marked



Part 3

Please choose the option you prefer (A or B) in every row.

Option A Your Choice | Option B: guaranteed profit
AO Os EUR 0.60
AO Os EUR1.20
AO Os EUR 1.80
EUR 2.40
AO Os EUR3.00
AO Os EUR 3.60
Profit AO OB EUR4.20
of EUROwitha — —
probability of 50% A0 Os EUR4.80
EURS.40
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by randomness. You play 12 rounds of a dice guessing game. Thereby you should guess the
number shown on the dice. The more outcomes you guess correctly, the more money you earn.

Each round of the game works as follows:

1. First, guess what number will result from the die roll. If you have a number in your head,

press the "Next" button.

2. Now you see a dice rolled randomly by the computer. Below the dice, you have to enter

what number you have guessed.

For each correctly guessed dice you receive 1 €. For each wrongly guessed die roll you receive
20 cents. The profits of all 12 rounds are added up at the end.

Part 5:

As a reminder, this part will only be paid if part 5 is randomly selected for payment at the end
of the experiment. Part 5 works as follows: There are two roles, the role of player A and player
B. Both players have an initial endowment of € 4 each. Player A has to decide how much of
this endowment (between € 0 and € 4, in 50-cent increments) he wants to send to player B. The
total amount sent to player B is tripled. The rest is kept by player A (without tripling). Player B
may then decide how much of the tripled amount he wants to send back to player A. You have
to decide in the role of player A (see the left side of the decision situation on the screenshot
below) as well as in the role of player B (for all possible situations, see the right side of the
decision situation on the screenshot below). Only at the end of the game, it will be randomly
determined in which role you are in. Besides, you will be assigned to a partner playing the
other role. You receive the payoff for your decisions in the role chosen for you at random, in

combination with the behavior of your randomly assigned partner.
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Part 5

Assume you randomly chosen to be in the role
of player A. How much of your endowment
(EUR 4) are you willing to send to player B in
this case?

Now assume you randomly chosen to be in the role of player 8.

You have an endowment of EUR 4

In the table below you see all possible amounts you could get from player A. Decide for every situation how
much you want to send back to player A, had you received this amount.

Send to player B

Assume you received ..
(already tripled

from player A

mount)

then1send .. of it back to player A Your payoff and payoff of player A

00

How well do the following statements describe your personality?

Strongly  Rather Rather Strongly
I see myself as someone who ... Neither
disagree disagree agree agree
. is reserved o) 0] 0) 0)
. is generally trusting 0] 0] O 0] 0]
. tends to be lazy ¢} 0] 0] 0] 0]
. is relaxed, handles stress well O @) @) (@) O
. has few artistic interests O 0) 0] 0] 0]
. is outgoing, sociable ¢} O 0] 0] 0]
. tends to find fault with others (0] o) o) o) 0]
. does a thorough job O O 0] 0 O
. gets nervous easily (0] O O O O
. has an active imagination O 0] 0] 0] 0]

Please indicate your gender:
o Female
o Male
How old are you?
Which field of study are you in?

Which subject do you study?

(If you are doing several studies, please indicate all and write the study program in parenthesis)

What semester are you in?



What was your average monthly net income over the last year, taking into account all sources
of income such as scholarships, student loans, earned income, parental financial support, et

cetera? Please round to the nearest ten Euro.

How often do you practice your religion?

o often
o rarely

O never
Please enter here your (average) grade from the Matura/Abitur certificate.

Which grading scale was used in your Matura/Abitur certificate?

o 1-5 (5 worst rating)
o 1-6 (6 worst rating)
o 1-10 (10 best rating)
o 0-15 (15 best rating)

o 0-100 (100 best rating)

o

other (please specify including explanation)

How do you rate your past average school achievements compared to your former classmates?
Answer on a scale from 0 -100 (0 you are the worst student in the class, 100 you are the best student in

the class).

How many times have you visited a physician in the last 12 months (including all routine

check-ups at the general practitioner, dentist, etc.)?

Have you ever had the impression that a physician is performing more or fewer treatments

than necessary or is charging for services that he has not provided?

o Yes

o No

Have you ever rated a physician or recommended one?
o No feedback/recommendation
o Private feedback to physician

o Feedback through rating platforms for physicians

o Recommendation to a friend
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o Other (please specify including explanation)

Have you ever requested a recommendation for a physician?
o Never requested a recommendation
o Private recommendation from a friend

o Looked it up on rating platforms for physicians

o Other (please specify including explanation)
Were the instructions clear and understandable for you? What could be improved?

Do you have any other comments for us?

F-5



	Introduction
	Related literature
	Experiment
	The basic set-up and parameterization
	Experimental conditions
	Main outcome variables
	Experimental protocol
	Predictions and research questions

	Results
	The effects of a public ratings system
	Patient ratings and expert selection
	Ratings and expert profits

	Conclusion
	Additional Figures and Tables
	Additional Information and Results
	Detailed information about the rating conditions and screenshots
	Predictions
	Short- and long instructions for Rating and Exp+Rating and control questions
	Experimental Instructions for additional games and questionnaire

