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ABSTRACT

IZA DP No. 12184 FEBRUARY 2019

Credence Goods Markets and the 
Informational Value of New Media: 
A Natural Field Experiment*

Credence goods markets are characterized by pronounced informational asymmetries 

between consumers and expert sellers. As a consequence, consumers are often exploited 

and market efficiency is threatened. However, in the digital age, it has become easy and 

cheap for consumers to self-diagnose their needs using specialized webpages or to access 

other consumers’ reviews on social media platforms in search for trustworthy sellers. We 

present a natural field experiment that examines the causal effect of information acquisition 

from new media on the level of sellers’ price charges for computer repairs. We find that 

even a correct self-diagnosis of a consumer about the appropriate repair does not reduce 

prices, and that an incorrect diagnosis more than doubles them. Internet ratings of repair 

shops are a good predictor of prices. However, the predictive valued of reviews depends 

on whether they are judged as reliable or not. For reviews recommended by the platform 

Yelp we find that good ratings are associated with lower prices and bad ratings with higher 

prices, while non-recommended reviews have a clearly misleading effect, because non-

recommended positive ratings increase the price.
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1. Introduction 

Markets for credence goods (Darby and Karni, 1973; Dulleck and Kerschbamer, 2006; 

Huck et al., 2016a) are ubiquitous in daily life. They include, among others, markets for health 

care, repair and legal services, as well as financial advice and fund management, with all of 

these markets having a huge size in the overall economy.1 The key feature of these markets is 

the informational asymmetry between expert sellers and consumers: Doctors, mechanics, and 

legal or financial experts are typically much better informed about the quality of a good, service 

or asset that fits a consumer’s needs best than patients, clients or private investors. Consumers 

are often even unable to judge ex post whether a particular provision was appropriate or not.2 

The pronounced informational asymmetries present on markets for credence goods create 

strong material incentives for expert sellers to cheat on consumers, particularly through 

overprovision or overcharging (Dulleck and Kerschbamer, 2006).3 Overprovision means that 

expert sellers provide a higher quality (or quantity) than the level that would have maximized 

the gains from trade. This creates an immediate inefficiency since the additional benefits to the 

consumer from the higher quality (or quantity) are lower than the additional costs. An example 

for overprovision is a car mechanic replacing a filter when cleaning it would have been 

sufficient. Overcharging refers to experts charging for more than they have actually provided – 

like a car mechanic putting a new filter on the bill when actually he only cleaned the old filter. 

Overcharging can also lead to inefficiencies in the long run if the fear of getting overcharged 

deters consumers from trading on credence goods markets in the future. Such a process could 

ultimately even lead to the breakdown of the market (similar to Akerlof’s, 1970, analysis of 

lemons markets). 

The fact that the superior information of sellers threatens the efficiency of credence goods 

markets and puts consumers at the risk of exploitation raises the question how to contain such 

negative effects of informational asymmetries. One straightforward approach would be to 

narrow down or even close the information gap between sellers and consumers. In fact, modern 

                                                 
1 For instance, health care expenditures alone account for about 10% of GDP in the OECD-countries  (www.oecd-
library.org). The finance sector represents 9% of worldwide GDP (see The Economist, 2014: 
http://www.economist.com/news/finance-and-economics/21604574-new-paper-shows-industrys-take-has-been-
rising-counting-cost-finance), and repair services generate more than 100 billion Euro per annum in Europe alone 
(ec.europa.eu/eurostat). Links accessed on 10 January 2019. 
2 Somewhat related to the work on credence goods markets are papers by Huck et al. (2012, 2016b) who study the 
provision of experience goods. These goods (like wine) have characteristics that are unobservable for the consumer 
ex ante, but the quality is revealed after buying or consuming them and therefore consumers can judge ex post 
whether they received the quality that yields the highest gains from trade or not. The latter is not possible with 
credence goods (unless underprovision occurs). 
3 Gneezy (2005) shows that cheating behavior (in a sender-receiver game) depends in a very systematic way on 
the material incentives for cheating. Laboratory evidence for such a relationship in a credence goods setting is 
presented in Beck et al. (2013). 
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communication technologies and social media have made it much easier and cheaper for 

consumers to inform themselves. Yet, it is by no means clear whether the information available 

on the internet actually helps consumers and, if so, by how much. For this reason, we present a 

novel natural field experiment (List and Rasul, 2011) in the computer repair market, which 

examines the causal effects of information retrieved from the internet on the extent of fraudulent 

behavior of sellers.4 

Why would modern communication technologies and social media potentially be able to 

affect the level of honest provision, and thus efficiency, on credence goods markets? One can 

think of two main channels that can help consumers on credence goods markets to contain 

exploitation through sellers. The first channel works through specialized internet pages that 

allow individual consumers to self-diagnose their needs, thereby reducing the extent of the 

informational asymmetry between the seller and the consumer.5 The second channel works 

through internet reviews by other consumers which can help to identify expert sellers who 

provide appropriate quality at reasonable prices, thus limiting overprovision and overcharging. 

There are numerous examples for the first channel. For instance, there are several webpages 

that allow consumers to self-diagnose the problem in case a computer can no longer be booted. 

In such situations, the computer issues a characteristic sequence of beeps, based on which 

specialized webpages can facilitate the identification of the source of the problem.6 This reduces 

the degree of asymmetric information on the appropriate repair and, therefore, might help 

computer owners. In markets for financial advice, regulators hope that automated robo-advisers 

provide cheap and unbiased advice to low income investors, thus reducing the informational 

advantage of human financial advisors over their consumers (D’Acunto et al., 2018). In markets 

for health care services, some webpages allow a patient to enter his or her symptoms and then 

generate a diagnosis. Also, patients can upload X-rays to internet portals to get an opinion about 

their health problems (as implemented in Gottschalk et al., 2018)7, thereby helping them to 

avoid useless treatments that tackle the wrong symptoms. As a final example, smart-phone 

applications like Google Maps have made it very easy – and practically costless – for taxi 

                                                 
4 Seen from a broader perspective, our paper relates to the newly emerging field of forensic economics (Zitzewitz, 
2012) and to the literature on what drives individual propensities to act morally or to cheat on others (e.g., Cappelen 
et al., 2017; Gneezy et al., 2018; Abeler et al., 2019). Yet, these strands of the literature have not investigated 
credence goods markets (despite the immense scope of such markets in modern economies). 
5 Of course, also before the advent of the internet, reducing the degree of asymmetry in the information of sellers 
and consumers was possible for consumers by searching for offline information. The internet, however, has made 
it so much easier to acquire information cheaply and almost instantaneously so that the informational asymmetries 
might get reduced to an extent not possible before new media revolutionized the access to information. 
6 For Lenovo machines, for instance, this is the following (German) page: 
https://support.lenovo.com/at/en/solutions/ht035729 (accessed on 10 January 2019). 
7 See also, for instance, https://www.netdoktor.de/symptom-checker/ or https://www.secondopinions.com 
(accessed on 10 January 2019). 
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passengers to find the shortest route to a given destination in an unknown city. This might help 

them to avoid being taken on unreasonable detours – a classic form of overprovision in such 

markets (Balafoutas et al., 2013, 2017). 

The second channel through which modern technologies might help consumers on 

credence goods markets is the plethora of rating platforms (like Yelp or the one on Google) on 

which consumers give feedback and rate sellers of different types of goods and services. Some 

of these platforms refer to particular types of credence goods providers, such as physicians, 

repair shops, or lawyers.8 With regards to taxi drivers, ratings of these credence goods providers 

are already inbuilt in Uber’s services, for instance, as a quality control measure. If reliable, the 

information contained on rating platforms might also directly help consumers by guiding them 

to trustworthy expert sellers. Through this channel, rating platforms could increase the trade 

volume and thus efficiency on credence goods markets.9 

So far, there is no controlled evidence in support of the conjecture that modern technologies 

actually help consumers to receive appropriate provision of goods and services and to get 

overcharged less than when these technologies are not used. Referring to the first channel of 

information for consumers discussed above, it seems plausible that consumers receive more 

appropriate service or better prices if they demonstrate to expert sellers that they have acquired 

a good knowledge of their needs. Several studies have shown that a lack of knowledge is clearly 

disadvantageous for consumers, but it is as yet unclear whether consumers benefit from 

receiving and revealing additional – but in most cases also noisy – information about their 

needs, compared to a situation where consumers do not reveal anything. Balafoutas et al. (2013, 

2017) show that taxi passengers who reveal that they are unfamiliar with the optimal route to 

their destination or with the tariff system in the respective city are more likely to be taken on 

detours and to be overcharged than passengers who simply state the requested destination. 

Gottschalk et al. (2018) report that patients who are perceived as less informed about the proper 

treatment at a dentist are more likely to be overtreated (with respect to the recommended 

treatment). All of these papers compare binary information levels and investigate whether 

changing the information level of consumers has an effect on the behavior of sellers. We 

                                                 
8 See, for example, https://www.jameda.de or https://lawyers.com or, more generally, https://www.yelp.com 
(accessed on 10 January 2019). 
9 There is a large literature on how ratings of sellers on internet trading platforms affect the behavior of consumers 
(see, e.g., Bolton et al., 2004, Bohnet and Huck, 2004, Grosskopf and Sarin, 2010, Bolton et al., 2013; Huck et al., 
2016b; Bolton et al., 2019). This literature typically investigates sales offers on trading platforms like eBay or 
Amazon on which the price for the good is not unknown to consumers before an interaction. Rather, in these cases 
the quality of the product is unknown ex ante. In our field experiment, the price of an interaction is part of the 
moral hazard problem. More importantly, we analyze a credence goods market where consumers are not even able 
to judge ex post whether they have received the appropriate quality, which distinguishes our work from the 
aforementioned papers. 



5 

examine a broader question, namely whether it is at all useful for consumers to acquire 

additional information on the internet that – in the context of credence goods markets – will 

almost always remain noisy and will not transform a consumer into an expert about the credence 

good. In the case of computer repairs in our field experiment, a webpage will facilitate a self-

diagnosis, but the consumer will hardly be able to judge whether the self-diagnosis is correct 

or not. So, the general question is whether any self-diagnosis through sources from the internet 

– be it correct or not – will benefit the consumer. To address this question it is necessary to 

compare three conditions – one in which the consumer has not acquired a diagnosis through 

sources from the internet, one in which the consumer has acquired an incorrect signal and one 

in which the consumer has acquired a correct signal. To the best of our knowledge no previous 

study has made such a comparison. 

The second channel – internet reviews – which consumers might resort to for information 

about expert sellers need not be helpful for consumers either. First, and foremost, it is less than 

obvious that reviews posted on rating platforms contain useful information as soon as credence 

goods are concerned. This is due to the fact that in credence goods markets consumers are 

typically not even able to judge ex post whether they were provided the good or service that 

maximized the gains from trade. For this reason, the ratings that users may post on rating 

platforms are not necessarily a reliable source of information for actual seller behavior. Second, 

sellers might be able to manipulate or fake the ratings themselves or commission benevolent 

ones, thus reducing the information content of internet ratings further (see Ockenfels and 

Resnick, 2012).10 

To examine the influence of both channels through which consumers in credence goods 

markets can acquire information, we ran a natural field experiment in computer repair shops in 

Germany. In a first wave of the experiment, we manipulated completely refurbished computers 

in a controlled way and then handed them in for repair. We used three treatments: (1) a control 

treatment where we do not mention any possible source of the problem; (2) a treatment where 

the owner of the computer mentions a correct self-diagnosis of the problem; and (3) a treatment 

where the diagnosis offered by the consumer is wrong. We find that mentioning a correct self-

diagnosis about the appropriate repair does not reduce the repair price in comparison to a 

situation where the computer owner simply asks for a repair, and mentioning an incorrect 

diagnosis more than doubles the average price.  This constitutes our first main result. Since the 

signal generated by specialized diagnosis software in the internet is almost always noisy and 

                                                 
10 As early as 2012, the New York Times wrote an article about commissioned reviews of all sorts of products to 
attract the attention of consumers. See https://www.nytimes.com/2012/08/26/business/book-reviewers-for-hire-
meet-a-demand-for-online-raves.html (accessed on 10 January 2019). 
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since consumers cannot distinguish between a correct and an incorrect diagnosis, an implication 

of our first main result is that acquiring and revealing a noisy self-diagnosis is a costly mistake 

for consumers in markets for credence goods. 

Only after running the first wave of our field experiment did we collect internet ratings of 

the shops that we had visited, finding that negative ratings are significantly associated with 

higher prices, while positive ratings have only a mild effect on reducing prices. Based on this 

ex post result, we ran a second wave of the field experiment in a new city. To assess the 

empirical relation between ratings and repair prices, we selected the shops with the highest 

number of internet reviews for inclusion, and we expected ex ante significantly lower prices in 

the better rated shops than in the shops with worse ratings. This is exactly our second main 

result, with prices about 50% higher in the shops with worse ratings.  

Finally, we dug deeper into the predictive power of internet ratings by relying on a 

classification of ratings into recommended ones and non-recommended ones, where the latter 

are considered by the respective platform as less reliable. We find that for recommended ratings 

the relationship between ratings and repair prices is as expected: Shops with more positive 

ratings have significantly lower repair prices and shops with more negative ratings have 

significantly higher prices. Yet, when we look at non-recommended ratings, we see that more 

positive ratings predict higher (rather than lower) prices. Together these findings suggest that 

internet ratings may be a cursed blessing, as it is crucial whether ratings are reliable or somehow 

manipulated (by expert sellers or commissioned reviewers). This constitutes our third main 

result. 

In the following, we present our experimental design of the first wave in section 2, and the 

results of it in section 3. The second wave’s design and results are presented in sections 4 and 

5. Section 6 concludes the paper. 

 

 

2. Self-diagnosis through webpages – Wave 1 of the field experiment 

We conducted the first wave of our field experiment in several German cities – Bonn, 

Cologne, Düsseldorf, Leverkusen, and Munich. In order to run it, we bought 12 identical, 

completely refurbished and perfectly working laptops (see Appendix B for the detailed 

specification). In each of the computers, we removed the random-access memory (RAM) 

modules slightly from their slots. Loose RAM modules are not an exotic problem; rather, it can 

occur easily if a laptop drops on the floor, for instance. A consequence of the loose RAM 

modules is that the computer is prevented from booting, causing a black screen and a distinct 
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acoustic error message. Lenovo has a webpage that allows the inferring of the most likely 

problem conditional on the acoustic messages.11 In our case, the page suggests, as the most 

likely cause, a problem with the RAM modules, and as an alternative, but less likely, problem 

an issue with the main board. According to our university’s IT department, a competent repair 

shop should be able to diagnose and solve this problem correctly within 10-15 minutes. For a 

consumer, it remains ambiguous, however, what the real problem is, for which reason 

appropriate service and pricing are hard to identify. 

The fact that the problem can easily be diagnosed and repaired by a computer shop is an 

important feature of our experiment because our primary research interest is in intentional fraud 

and not in incompetence. Moreover, the estimated repair time of 10 or 15 minutes represents 

another important feature of our experiment, because most shops in Germany charge their 

working time in intervals of 30 minutes. This means that our manipulation left a wide enough 

margin until the first 30-minute interval was reached. Consequently, there should be no 

differences in the working time charged across the treatments specified below. Two other 

features of our manipulation are also noteworthy. First, except for the manipulation all 

computers were in perfect shape. Hence, any kind of additional repair or service constitutes 

overtreatment. Second, the costs for a proper repair only include working time, since no spare 

parts are necessary, and are thus rather low. Specifically, our IT department estimated an 

average repair price of 30 to 50 Euro. This means that it makes sense to perform the repair – a 

feature that would not be fulfilled if the diagnosis and the repair were very costly relative to the 

computer’s value of about 540 Euro.  

The shops for the first wave of our field experiment were selected as follows: We first 

compiled a list of all repair shops in the respective cities using information available online 

(Google, Yellow Pages, city directory, etc.) and assigned to each shop a specific number. Then, 

we used a random number generator (implemented in Wolfram’s Mathematica) to re-rank the 

shops. Beginning with the lowest rank on this re-ranked list, we then randomly allocated one 

of our treatments (as specified below) to each shop making sure that we have basically the same 

number of observations for each of the treatments.  

The interaction with the computer repair shops was implemented in a double-blind fashion 

in the following way. First, we wrote an email (from a private email address using a signature 

containing a postal address in the respective city) to a repair shop with the following fixed text: 

”Hi! I dropped my laptop and now it is no longer able to boot. I only get a black screen and 

some beep signals. I wanted to ask if I can bring the laptop in for repair.” After a repair shop 

                                                 
11 See https://support.lenovo.com/at/en/solutions/ht035729 (accessed on 10 January 2019). 
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had confirmed that we could bring the laptop we sent the actual treatment variation again via 

mail. Only after this treatment variation, we sent experimental helpers with the computer to the 

repair shop. The helpers were unaware of our research question, the treatment variations and of 

course the treatment to which a specific shop had been assigned to. Using such a double-blind 

procedure minimizes the interaction between helpers and repair shop staff and implies that the 

personal encounter when dropping off the computer has no direct impact on the size of the 

treatment effects.12 

The following three treatments were implemented and led to the predictions described in 

the following: 

 BASELINE: In this treatment, the second email to the shop read as follows: “Hi! 

Thanks for your response. A friend of mine will drop off the laptop in the course of this 

week. The password of the laptop is: “veronika123”. Please inform me as soon as you 

know more.” Here we did not mention any potential source of the problem, since this 

reflects a typical case in a credence goods market, given that consumers are usually 

not aware of the prevailing problem and their associated needs. 

 CORRECT: In this treatment, we started with the identical script as in BASELINE, 

but then added the following text: “I informed myself a bit on the internet and I think 

that the beep is caused by a problem of the RAM modules. Maybe this helps.” In this 

case the owner’s self-diagnosis is correct. In theory, repair services are credence goods 

for consumers who are unable to self-diagnose the problem, but ordinary goods for 

other consumers (see Dulleck and Kerschbamer, 2006). At first sight, one might 

therefore expect lower repair prices in CORRECT. However, recall that the diagnosis 

is still noisy, and other sources might cause the problem. For the latter reason, it is 

unclear what to expect from a comparison of prices in BASELINE and CORRECT.  

 INCORRECT: Here, we started with the identical script as in BASELINE, but then 

added the following text: “I informed myself a bit on the internet and I think that the 

beep is caused by a problem of the motherboard. Maybe this helps.” In this case the 

owner’s self-diagnosis is wrong. Yet, recall that the acoustic error message suggested 

a problem with the main board as a potential, although less likely, source of the 

problem. This means that our script conveys a realistic possibility, and it does not 

signal incompetence on the side of the consumer (which shops might be tempted to 

exploit). It is important to note that our treatment variation was deliberately designed 

                                                 
12 Our helpers were instructed simply to drop off the computer at the repair shop and keep the interaction as short 
as possible. 
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in such a way that the wrong self-diagnosis by the customer is easily detected by a 

competent repairer. Indeed, our IT department assured us that a competent shop would 

immediately notice that the motherboard did not cause the problem and that the latter 

was due rather to the loose RAM modules. So, even if a repair shop took the incorrect 

self-diagnosis of the consumer as the starting point, generating a correct diagnosis and 

repairing the PC should be easily done within 30 minutes, meaning that the price an 

honest shop charges in INCORRECT should not be higher than the price charged in 

BASELINE. However, the incorrect self-diagnosis arguably generates more room for 

a dishonest expert seller to overtreat or overcharge the customer. Assuming that some 

shops exploit this opportunity, we expected higher prices in total in INCORRECT than 

both in BASELINE and CORRECT. 

 

This first wave of our experiment was conducted between November 2015 and July 2016. 

We sent seven undercover helpers (“mystery shoppers”) with one manipulated computer each 

during regular opening hours to the repair shops on our list. As specified above, treatment 

assignment was random and experimental helpers were blind to the treatment. 

 

 

3. Results of Wave 1 – The effects of a self-diagnosis from the web 

In total, we collected 71 observations; 24 for BASELINE, 24 for CORRECT, and 23 for 

INCORRECT. Out of these shops, one shop in INCORRECT claimed that the computer could 

not be repaired and charged 20 Euro for the diagnosis. We exclude the latter shop from the data 

analysis, since no service was provided in this case. This leaves us with 70 observations for the 

analysis. 

The mean duration from handing in the computer to getting it back was 3.53 days, and the 

median was 2 days (with practically no differences across treatments). When we picked up the 

computer, it was not always possible to identify from the bill – or even upon request in the shop 

if the working time was not shown on the bill – how much working time was charged for the 

repair.13 From all cases with known working time (50 of the 70 shops in our data base), we see 

that the average working time was shortest in BASELINE (0.51 hours, N=20), intermediate in 

CORRECT (0.62 hours, N=16) and longest in INCORRECT (0.86 hours, N=14). 

 

 

                                                 
13 According to German law, it is not mandatory to indicate the working time on the bill. 
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Figure 1. Average repair prices, conditional on treatment 

 
 

 

Given that there are no significant treatment differences in the likelihood of a successful 

repair, the repair price – which is obviously observable in all cases – is the key indicator of 

service provision.14 Figure 1 shows the average price across the three treatments. It is 38.21 

Euro in BASELINE (N=24), 44.85 Euro in CORRECT (N=24), and 84.50 Euro in 

INCORRECT (N=22). Figure 2 presents the cumulative distribution function, showing that the 

variance of repair prices is considerably larger in INCORRECT than in the other two 

treatments. 

 

  

                                                 
14 From the 70 observations in our data base, one shop saved the data on an external hard drive, but did not repair 
the computer. All the other shops were able to repair the laptop. 
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Figure 2. Cumulative distribution function of repair prices,  

conditional on treatment 

 
 

Table 1 presents an OLS-regression with the repair price as the dependent variable and two 

dummies for the treatments CORRECT and INCORRECT, as well as a number of control 

variables as independent variables. These variables are motivated as follows: The idea behind 

controlling for whether a shop is run by a single person or not (“One-man business”) is that, in 

the case of a one-man business, the owner is the single residual claimant of all revenues. This 

means that one-man businesses might have less diluted incentives to charge higher prices, 

compared to multi-person shops where employees typically receive fixed wages. Additionally, 

inspired by Mimra et al. (2016) and Rasch and Waibel (2018), we control for the “number of 

competitors”– i.e., the number of other repair shops within a circle of 5 kilometers – to account 

for possible competition effects. Finally, we control for the average “rental price” of apartments 

in the district.15 This variable may be important for two reasons. First, it can be taken as a proxy 

for the average wealth in a given district from which typically customers are attracted. If expert 

sellers engage in price discrimination of customers (Gneezy et al., 2012), the average rental 

price may turn out to have a positive coefficient. Second, the rental price may capture an 

                                                 
15 This information was taken from www.wohnungsboerse.net.  
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important element of a shop’s cost function, namely the rent for the shop, which is why shops 

in more expensive districts might charge higher prices.  

 

Table 1. Regression analysis of repair prices 

 

Dependent variable (OLS regressions) 

Independent variables 

[1] 

Repair price 

(in Euro) 

[2] 

Repair Price  

(in Euro) 

CORRECT treatment (1=yes) 16.09 

(10.78) 

26.51* 

(13.51) 

INCORRECT treatment (1=yes) 

 

53.56** 

(23.42) 

62.07** 

(25.67) 

One-man business (1=yes) 15.37 

(14.10) 

28.80* 

(15.67) 

Number of competitors within 5 km 

 

1.66** 

(0.76) 

1.96** 

(0.87) 

Rental price in the district of the shop (€/m²) 

 

1.72 

(1.55) 

0.01 

(1.44) 

Constant -10.50 

(23.41) 

-15.47 

(28.27) 

Negative ratings (log of number of ratings 

with 1 star or 2 stars plus 1) 

 30.04** 

(15.01) 

Positive ratings (log of number of ratings 

with 3 stars or better plus 1) 

 -1.66 

(4.56) 

# Observations 70 70 

OLS-regressions (robust standard errors) with repair price (in Euro) as independent variable, including, as 

explanatory variables, a treatment dummy for CORRECT, a treatment dummy for INCORRECT, a dummy for 

being a one-man business, the number of other shops within a radius of 5 km, and an index for the average rental 

price in the district of the shop. 

***, **, * denote significance at the 1%, 5%, 10% level, standard errors in parentheses. 

 

Column [1] of Table 1 presents the results of our OLS-regression. We take BASELINE as 

the benchmark, and find that CORRECT increases prices, but not significantly so. This at least 

means that a correct self-diagnosis by the customer does not reduce repair prices compared to 

the BASELINE where consumers do not mention any possible source, but simply describe the 

problem when handing in the computer for repair. Contrary to the null-effect of a correct self-
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diagnosis, however, the treatment effect of INCORRECT is economically very large and 

statistically significant. Controlling for the other explanatory variables, the estimated price 

difference between BASELINE and INCORRECT is almost 50 Euro. Given an average repair 

price of 38 Euro in BASELINE, this implies an estimated price increase of about 130% in case 

the consumer states a wrong diagnosis. Recall that our IT department predicted the wrong 

diagnosis in treatment INCORRECT (“problem with the motherboard”) to be quickly 

recognized, and that finding out about the real RAM problem and fixing it should be possible 

in less than 30 minutes, which is the first unit of working time that shops charge for.  

Our main treatment results are robust to controlling for the additional explanatory variables 

described above and included in column [1]. The dummy for the number of competitors within 

5 km is significantly positive, confirming earlier results of Dulleck et al. (2011) and Mimra et 

al. (2016), namely that competition increases the likelihood of fraudulent behavior on the seller 

side. One explanation for the price-increasing effect of competition might be that shops with a 

larger number of competitors are typically more centrally located in the cities under 

investigation. A more central location might mean more occasional customers who can be 

exploited more easily without being punished by the market in the future. A more decentralized 

shop – with fewer competitors around – may have more regular customers with repeat visits 

and hence may be inclined to charge them less (similar to findings in Schneider, 2012). The 

dummy for a one-man business is positive, but insignificant in column [1], and so is the dummy 

for the average rental price in the district of the shop. We summarize our main findings from 

Table 1 as our first result and our first implication: 

 

Result 1 and Implication 1: A correct self-diagnosis does not reduce prices, while an 

incorrect one increases repair prices substantially. Since the diagnosis provided by specialized 

software on the internet is almost always noisy and since consumers cannot distinguish between 

a correct and an incorrect diagnosis, an implication of our result is that acquiring and 

revealing a noisy self-diagnosis is, in expectation, a costly mistake for consumers in markets 

for credence goods. 

 

So far, we have analyzed whether it is a good strategy for consumers to use information 

provided on the internet for a (possibly noisy) self-diagnosis of their needs (in our case: the 

source of the computer problem). As Result 1 shows, revealing such a self-diagnosis to the 

expert seller is a costly mistake. After having concluded this wave of our field experiment, we 

realized that we could look ex post into the internet ratings of the repair shops in our database.  



14 

Doing so would allow us to identify whether rating platforms contain useful information for 

consumers even in the case of credence goods markets in which consumers typically cannot 

judge their exact needs even after service or goods provision by sellers. 

We looked up the internet ratings of our 70 shops on Yelp and Google (because these 

platforms have the most reviews about repair services) and classified them into positive and 

negative ratings. As negative ratings, we took those with 1 or 2 stars, and as positive ratings 

those with 3, 4, or 5 stars. In Appendix A we show in Table A1 that the results do not change 

qualitatively if we would classified all ratings with 1, 2, or 3 stars as negative, and those with 4 

or 5 stars as positive. 

Column [2] of Table 1 adds the logs of the number of positive and negative ratings (adding 

1 to this number in order not to lose shops without any of these ratings) to the variables already 

included in column [1]. We see that negative ratings have a significantly price-increasing effect. 

Positive ratings, however, are insignificant (but have a negative sign, as expected). Adding the 

ratings changes a few of the other results from column [1]. First, the dummy for CORRECT is 

now weakly significantly positive, indicating  that revealing a self-diagnosis is a costly mistake, 

not only in expectation but even for the (best) case where the self-diagnosis is correct. Second, 

the dummy for a one-man business becomes weakly significantly positive in column [2], 

supporting the hypothesis that if shop owners are the full residual claimants they have higher 

incentives to charge higher prices (for the same service).   

 

 

4. The usefulness of internet ratings – Wave 2 of the field experiment 

Given that in wave 1 of our experiment we accessed and considered internet ratings only 

ex post after collecting the data on repair prices, we added a second wave of data collection to 

analyze the usefulness – but also the potential pitfalls – of internet ratings in credence goods 

markets in more detail and with an ex ante hypothesis. 

Wave 2 was run in March and April 2017. We used the same RAM-manipulation as 

described above for the first wave. This time, however, we did not implement different 

treatments, but had only what we call a BASELINE-2 condition. Since we had no treatment 

variations, double-blindness was no longer an issue. For this reason, the communication with 

the repair shops was no longer via e-mail. Instead, the mystery shoppers (i.e., our experimental 

helpers) approached the shops directly with the manipulated computer and the following script: 

“Hi! I dropped my laptop and now it is no longer able to boot. I only get a black screen and 

some beep signals. I wanted to ask if you can repair it.” 
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Data were collected in a new city, Berlin, the largest city in Germany. Based on power 

calculations that we derived from the first wave, we aimed at collecting 60 observations to 

detect a price difference between better-rated shops and worse-rated shops at a 5%-significance 

level with 80% power.16 To assess the empirical relation between ratings and repair prices we 

decided to include in our sample those computer repair shops in Berlin that had the largest 

number of internet reviews on Yelp and Google. Of the more than 100 repair shops in this new 

city, 58 shops had 3 or more reviews. Those 58 shops were targeted in wave 2 of our 

experiment. We sent our experimental helpers to each of these shops with a request for a repair. 

Unknown to the helpers, we started with the hypothesis – based on our wave 1 results – that 

those shops whose average rating is worse (i.e., lower) than the median average rating across 

all shops would charge higher prices than the shops whose average rating is better (i.e., higher) 

than this median. 

 

 

5. Results of Wave 2 – The predictive power of internet ratings and the 

problem with non-recommended reviews 

We first look at the repair prices of shops, contingent on their average rating. For that we 

perform a median split of the average rating of all 58 shops. Those shops with an average rating 

below the median charged on average 59.52 Euro (N=29), while those with an average rating 

above the median had a significantly lower average price of 43.48 Euro (N=29), which confirms 

our directional hypothesis (p < 0.05; one-sided t-test). Figure 3 shows the cumulative 

distribution function of prices, with the graph for the shops rated below the median lying always 

to the right of the better-rated shops.  Recall that all 58 shops were handling completely identical 

(and identically manipulated) computers. Since all shops were able to repair the computer, it is 

striking – to our mind – that the internet reviews are a significant predictor of which set of shops 

charges higher prices for the same (successful) repair than others. This is summarized in our 

second result. 

 

Result 2 and Implication 2: Internet ratings are indicative of repair prices: Shops with 

an average rating below the median charge on average significantly higher prices than shops 

                                                 
16 For our power calculations, we considered the observations in BASELINE in the first wave as our basis for the 
effect size of ratings, performed a median split of the average rating of all shops with at least two reviews, 
calculated the average price for above-median (25.84€) and below-median shops (47.61€), and then performed the 
calculation to get a difference between above-median and below-median shops at the 5%-significance level with 
80% power. 
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with an average rating above the median. An immediate implication is that consumers can 

profit from the internet ratings of former consumers – even in markets where informational 

asymmetries continue to be present even after consumption. 

 

Figure 3. Cumulative distribution function of repair prices, conditional on 

average rating above or below median 

 

 

Result 2 is encouraging, but there might be more to ratings than just looking at averages 

and consider all ratings as equally valuable. After all, sellers have incentives to get good reviews 

and ratings, as good reviews may attract consumers and thus increase revenues and profits. 

Good customer service that pays off in customers writing nice reviews is one means for 

increasing the number of positive ratings. An alternative means for shop owners to increase 

their average rating is to “order” good reviews from friends or even fake good reviews through 

self-generated user profiles. There is abundant evidence that internet review platforms are not 

immune to this type of fraudulent behavior on the side of sellers (see, e.g., Ockenfels and 

Resnick, 2012; Streitfeld 2012; Luca and Zervas, 2016). 

Given the possibility that some reviews might be manipulated or even faked, it would 

potentially be useful to discriminate between more and less reliable reviews in order to see 
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whether those two types of reviews have different predictive value for the repair prices of our 

manipulated computers. Actually, a specific feature of the review platform Yelp allows one to 

distinguish between recommended and non-recommended reviews, and in the following we 

exploit this feature to examine whether these two types of reviews differ in their predictive 

power for prices. 

On its internet site, Yelp explains its classification in recommended, respectively non-

recommended, reviews as follows: “We use automated software to recommend the reviews we 

think will be the most helpful to the Yelp community based primarily on quality, reliability, 

and the reviewer’s activity on Yelp.”17 This means that Yelp tries to filter out fake reviews, for 

instance where shops are supposed to write about themselves, or reviews from reviewers who 

have a poor reputation in the community. 

In Table 2, we present, for the 58 shops in our database, the average number of 

recommended and non-recommended reviews and the distribution of ratings from 1 star to 5 

stars.18 Column [1] shows data for recommended reviews, and column [2] for non-

recommended ones. The first thing to note is that only 23% of the total number of reviews are 

recommended by Yelp. A second important observation is that the average rating of 

recommended reviews is (at 3.94) lower than the average rating of non-recommended ratings 

(4.28). The difference is highly significant (p=0.0017, two-sided t-test), indicating that non-

recommended reviews are systematically more positive than recommended ones. This is mainly 

due to the much larger fraction of 5-star ratings in the set of non-recommended reviews than in 

the recommended reviews. In column [3] of Table 2, we show the reviews from Google for the 

58 shops in our database. Google does not offer a distinction between recommended and non-

recommended shops. For this reason, we are going to treat the Google reviews as separate from 

the two sets of Yelp reviews in the following analysis, in which we address the question whether 

the three data sets are related in different ways to repair prices in wave 2 of our field experiment. 

 

  

                                                 
17 See the “Not Recommended” section on the following webpage: 
https://www.yelp.com/biz/notebookservice030-berlin-3?osq=laptop+reparatur (accessed on 10 January 2019). 
18 These data were retrieved from the rating platforms in June 2017. 
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Table 2. Descriptive statistics of ratings on Yelp and Google (Wave 2) 

[1] 

YELP 

RECOMMENDED 

(N=241 reviews) 

[2] 

YELP  

NON-RECOMMENDED 

(N=825 reviews) 

[3] 

GOOGLE 

 

(N=1,518 reviews) 

 Mean Min. Max. Mean Min. Max. Mean Min. Max. 

Number of 

reviews per 

shop 

3.69 

(5.02) 

0 27 14.22 

(30.18) 

0 145 26.17 

(33.10) 

3 227 

Mean rating 

per shop  

3.94 

(1.46) 

  4.28 

(1.43) 

  4.25 

(1.44) 

  

Number of 1 

star ratings 

0.57 

(0.57) 

0 5 2.02 

(5.05) 

0 33 3.66 

(4.87) 

0 27 

Number of 2 

star ratings 

0.12 

(0.42) 

0 2 0.26 

(0.95) 

0 5 0.71 

(1.33) 

0 7 

Number of 3 

star ratings 

0.28 

(0.81) 

0 5 0.24 

(0.66) 

0 4 0.59 

(1.33) 

0 8 

Number of 4 

star ratings 

0.74 

(1.46) 

0 6 0.90 

(2.61) 

0 17 1.72 

(4.50) 

0 32 

Number of 5 

star ratings 

1.98 

(2.93) 

0 15 10.79 

(23.72) 

0 109 19.5 

(24.40) 

0 153 

Standard deviation in parentheses. 

 

 

In Table 3, we regress the repair prices in wave 2 on positive and negative ratings and on 

the three control variables that we had already used and described in Table 1. With regard to 

the ratings, we distinguish between recommended and non-recommended reviews on Yelp, 

keeping Google reviews as a separate category.19 

 

  

                                                 
19 In Table A2 in the appendix we show an alternative specification where all ratings with 1, 2, or 3 stars are 
classified as negative, while those with 4 or 5 stars are classified as positive. The qualitative results remain 
unchanged. 
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Table 3. Recommended and non-recommended reviews and repair price 

Dependent variable (OLS-regressions) 

Independent variables 

Repair price 

(in Euro) 

Recommended reviews on Yelp  

Negative ratings (log number of 1-star & 2-star ratings plus 1) 23.85** 

(10.24) 

Positive ratings (log number of 3-star, 4-star, and 5-star ratings 

plus 1) 

-17.00** 

(7.81) 

Non-recommended reviews on Yelp  

Negative ratings (log number of 1-star & 2-star ratings plus 1) 2.33 

(7.72) 

Positive ratings (log number of 3-star, 4-star, and 5-star ratings 

plus 1) 

15.12** 

(6.63) 

Reviews on Google  

Negative ratings (log number of 1-star & 2-star ratings plus 1) -5.71 

(6.58) 

Positive ratings (log number of 3-star, 4-star, and 5-star ratings 

plus 1) 

-13.63** 

(5.96) 

One-man business (1=yes) 11.46 

(10.92) 

# Competitors within 5km 

 

-1.04 

(1.23) 

Rental price in the district (€/m2) 
 

-0.97 

(3.21) 

Constant 99.64*** 

(36.02) 

# Observations (repair shops) 58 

OLS-regressions with repair price (in Euro) as independent variable, including, as explanatory variables, positive 

and negative ratings of recommended andnon-recommended reviews on Yelp, and on Google (where there is no 

distinction between recommended and non-recommended reviews). Additional controls like in Table 3 apply. 

***, **,* denote significance at the 1%, 5% and 10% level, standard errors in parentheses. 
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The first two explanatory variables in Table 3 draw on recommended reviews on Yelp and 

they reveal a pattern that matches our ex ante hypothesis: Negative ratings are associated with 

significantly higher repair prices, while positive ratings correlate significantly with lower 

prices. This confirms the result that we had obtained ex post from wave 1 in the ex ante setting 

of wave 2. Yet, we are now able to examine in a more refined way how ratings are related to 

actual repair prices. The second set of explanatory variables refers to non-recommended 

reviews, and here we note that negative ratings are insignificant, while positive ratings have a 

significantly positive effect on prices – which is exactly opposite to the effect of recommended 

positive reviews on Yelp! We consider the latter a striking, albeit not entirely unexpected, 

finding. In fact, it lends credibility to Yelp’s classification of non-recommended reviews, as 

non-recommended positive reviews seem to misguide consumers. Negative ratings that are non-

recommended do not have a significant effect, implying that they do not contain useful 

information for consumers.20 Reviews on Google have a price-decreasing effect when they are 

positive, but no significant effect when they are negative. The latter result is in contrast to the 

significantly price-increasing effect of recommended negative reviews on Yelp, but in line with 

the non-significant impact of non-recommended negative reviews on this platform. So, 

compared to recommended Yelp reviews, reviews on Google seem to have much less 

informational value. This may be due to the different ways of dealing with fake reviews on 

Yelp and on Google – with the latter being much more lenient towards companies suspected of 

producing fake reviews.21 The three additional controls at the bottom of Table 3 remain 

insignificant, which is partly different from the findings in Table 1. A potential explanation for 

the insignificance of these control variables is that in Table 3 we capture more information from 

the ratings than we were able to do in Table 1 – where we did not differentiate between 

recommended and non-recommended ratings. Overall, we summarize the main findings and 

implications from looking deeper into the informational value of internet reviews as our third 

result as follows: 

 

Result 3 and Implication 3: The informational value of internet ratings is heterogeneous: 

the most informative ratings are recommended ones (on Yelp) where negative ratings have 

                                                 
20 In principle, non-recommended negative ratings could well have a significant price-decreasing effect. This 
would be the case, for instance, if shops wrote or commissioned negative reviews for their most dangerous 
competitors in order to look better themselves in relative terms (see https://www.nytimes.com/2011/05/22/your-
money/22haggler.html?_r=2 for casual evidence pointing in this direction). If correctly identified as fake reviews 
by the Yelp software, this kind of unfair competition could lead to a significant negative correlation between non-
recommended negative ratings and repair prices. We do not find such an effect. 
21 See the elaborate discussion of Joy Hawkins on https://searchengineland.com/yelp-vs-google-how-do-they-
deal-with-fake-reviews-307332 (accessed on 26 January 2019). 
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strongly price-increasing effects and positive ratings strongly price-decreasing effects; for non-

recommended positive reviews the correlation is exactly reversed (non-recommended positive 

ratings increase prices), while non-recommended negative reviews are not informative for 

prices. Together these results suggest that consumers in credence goods markets can benefit 

from the wisdom of crowds – manifested in internet ratings – but that they should take the 

distinction between recommended and non-recommended ratings seriously and they should rely 

more on platforms that have more restrictive filters for potentially commissioned or fake 

reviews. 

 

 

6. Conclusion 

Modern communication technologies have transformed and often disrupted markets in a 

significant way. For instance, digital platforms like eBay, Amazon, or Airbnb  have expanded 

the scope of trade by making a match between sellers and buyers much easier than in former 

(offline) times (Roth and Ockenfels, 2002; Bolton et al., 2013, 2019). Digitization has also 

affected labor markets by making extremely flexible work contracts with extraordinarily 

adjustable working hours feasible (like with Uber, where drivers can practically decide 

themselves when and how long they want to work, thus creating a positive driver value of this 

flexibility; Chen et al., 2019). Modern communication technologies might also have an 

important impact on markets for credence goods where informationally disadvantaged 

consumers are systematically exploited by better informed experts. The size of these markets 

is huge – and the issue of fraudulent behavior on the seller side looms large (Iizuka, 2007; 

Schneider, 2012; Kerschbamer and Sutter, 2017). The question whether and to which degree 

consumers on credence goods markets can benefit from new media is therefore a crucial one 

and it has not been addressed so far in the literature. 

The present study has addressed this question by performing a field experiment in a market 

for credence goods. The starting point of our project has been the conjecture that the digital era 

has made it much easier – and much cheaper – for consumers to gather information which can 

help them to diagnose their needs or to assess the trustworthiness of sellers on credence goods 

markets – and our main research interest was the causal link between information retrieved 

from the internet and from social media and the extent to which consumers are cheated upon 

by sellers on credence goods markets. 

Our field experiment has been run in the market for computer repairs. In the first wave of 

our experiment we have found that consumers make a costly mistake when they acquire a noisy 
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self-diagnosis from specialized webpages about the problem of their computer and reveal this 

self-diagnosis to the repair shop. Mentioning a correct self-diagnosis about the appropriate 

repair does not reduce the repair price in comparison to a situation where the computer owner 

simply asks for a repair, and mentioning an incorrect diagnosis more than doubles the average 

price.22 This constitutes our first main result. 

While improving a consumer’s information about the source of the problem does not 

reduce exploitation through sellers, improving her information about previous customers’ 

experiences with a particular seller might be potentially useful: In the second wave of our 

experiment we have found that shops with better internet ratings charge significantly lower 

prices (for the same and successful repair) than shops with worse ratings. This finding 

constitutes our second main result and it is particularly remarkable because a defining feature 

of a credence good is exactly that consumers typically cannot judge even after an interaction 

with a seller whether they received the good or service that maximized their consumer surplus. 

As a consequence, it is less than straightforward to assume that internet reviews carry useful 

information for future consumers in credence goods markets. 

A third main result of our field experiment has been that not all reviews are equally useful: 

Motivated by reports in the media about potentially fake or commissioned internet reviews,23 

we have examined how reviews that are classified on one platform (Yelp) as either 

recommended or non-recommended are related to actual service provision and repair prices. 

While for recommended reviews we have found that negative reviews are associated with 

significantly higher prices, and positive reviews with significantly lower prices, our result with 

respect to non-recommended reviews is rather striking: If such non-recommended reviews are 

positive, they are associated with significantly higher prices, which is completely contrary to 

the price-decreasing effect of recommended positive reviews. 

Of course, discriminating between trustworthy and non-trustworthy reviews is a challenge. 

In an interview for the New York Times, a media representative of Yelp, Vince Sollitto, stated 

that Yelp would not reveal its algorithm for classifying reviews as recommended or not. Yet, 

Sollitto said “our job is to find and filter out fake reviews. At the same time we let our audience 

know that this system isn’t perfect. Some legitimate content might get filtered and some 

illegitimate content might sneak through. We’re working hard at it. It’s a tough one.”24 Our 

third main result suggests that the algorithm used by Yelp to discriminate between 

                                                 
22 The finding that a correct self-diagnosis does not reduce the repair price resembles the result in Gottschalk et al. 
(2018) that a second opinion does not reduce overtreatment. 
23 See, for instance, the New York Times article: https://www.nytimes.com/2011/08/20/technology/finding-fake-
reviews-online.html?_r=1&ref=todayspaper (accessed on 10 January 2019). 
24 See https://www.nytimes.com/2011/05/22/your-money/22haggler.html (accessed on 10 January 2019). 
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recommended and non-recommended reviews is helpful in identifying reviews that should not 

be trusted by consumers. On the contrary, reviews on Google have much less informational 

value for consumers, possibly because of their more lenient stance towards companies that are 

suspected of fake reviews. In sum, this implies that consumer protection on credence goods 

markets – and more generally on all markets with informational asymmetries – might not only 

depend on regulation from governmental authorities, but it might benefit significantly from 

private review platforms (such as Yelp) that use artificial intelligence to assess the 

trustworthiness of reviews posted on such platforms. 

We are confident that even more can be gained in the future for consumers by analyzing 

the content of internet reviews, and not only the rating itself, because such an analysis might 

reveal more insights into which expert sellers take advantage of consumers and which do not. 

Our natural field experiment has provided a first causal investigation of how social media 

platforms can inform and benefit consumers on credence goods markets. We consider it as a 

fruitful direction for future research to study other markets also – for instance, health care 

markets or the markets for financial or legal advice – and their conditions under which the 

information from social media is rather a blessing (by helping consumers to get appropriate 

quality without cheating) than a curse (by falling prey to fake reviews that mislead consumers 

and expose them to exploitation). 
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Appendix 

 

A. Additional tables 

 

 

Table A1. Regression analysis of repair prices 

 

Dependent variable (OLS regressions) 

Independent variables 

[1] 

Repair Price  

(in Euro) 

CORRECT treatment (1=yes) 23.59* 

(12.21) 

INCORRECT treatment (1=yes) 

 

60.49** 

(25.30) 

One-man business (1=yes) 25.12* 

(15.06) 

Number of competitors within 5 km 

 

1.94** 

(0.88) 

Rental price in the district of the shop (€/m²) 

 

0.25 

(1.45) 

Constant -14.87 

(28.67) 

Negative ratings (log of number of ratings 

with 1 star, 2 stars, or 3 stars plus 1) 

20.72** 

(9.49) 

Positive ratings (log of number of ratings 

with 4 stars or better plus 1) 

-0.80 

(6.38) 

# Observations 70 

OLS-regressions (robust standard errors) with repair price (in Euro) as independent variable, including as 

explanatory variables a treatment dummy for CORRECT, a treatment dummy for INCORRECT, a dummy for 

being a one-man business, the number of other shops within a radius of 5km and the rental prices in the district 

of the shop. 

***, **, * denote significance at the 1%, 5%, 10% level, standard errors in parentheses. 
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Table A2. Recommended and non-recommended reviews and repair price 

Dependent variable (OLS-

regressions) 

Independent variables 

Repair price 

(in Euro) 

Recommended reviews on Yelp  

Negative ratings (log number of 

1, 2 & 3 star ratings plus 1) 

16.23* 

(9.13) 

Positive ratings (log number of 

4 and 5 stars ratings plus 1) 

-16.76* 

(8.95) 

Non-recommended reviews on Yelp  

Negative ratings (log number of 

1, 2 & 3 star ratings plus 1) 

-3.69 

(8.66) 

Positive ratings (log number of 

4 and 5 stars ratings plus 1) 

18.73** 

(7.27) 

Reviews on Google  

Negative ratings (log number of 

1, 2 & 3 star ratings plus 1) 

-6.30 

(7.13) 

Positive ratings (log number of 

4 and 5 stars ratings plus 1) 

-13.07** 

(5.73) 

One-man business (1=yes) 11.07 

(12.02) 

# Competitors within 5km 

 

-0.83 

(1.43) 

Rental price in the district -1.48 

(3.50) 

Constant 102.79*** 

(38.24) 

# Observations 58 

OLS-regressions with repair price (in Euro) as independent variable, including as explanatory variables positive 

and negative ratings of recommended, respectively non-recommended, reviews on Yelp, and on Google (where 

there is no distinction between recommended and non-recommended reviews). Additional controls like in Table 3 

apply. 

***, **,* denote significance at the 1%, 5% and 10% level, standard errors in parentheses. 
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B. Specification of notebooks 

We bought identical notebooks to be able to speed up the data collection process by bringing 

each of them to a different shop. The notebooks were completely refurbished and the cost was 

about EUR 540 for each. The notebooks had the following configuration: Lenovo ThinkPad 

X230 – 2325-B15 refurbished/ Intel Core i5-3320 Processor 2 x 40 GHz/ 8192MB DDR3/ 128-

GB SSD hard disk drive Samsung 850 Pro/ 1,366 × 768 pixel (HD) flat display/Intel HD 

Graphics 4000/ Intel 6300 AGN Wireless/ Windows 7 Professional (64 bit)/ 12-mo 

warranty/new battery.  

 




