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We develop a field experiment that assesses whether advertising can serve as a signal that enhances
consumers’ evaluations of advertised goods. We implement the experiment on a mobile search platform
that provides listings and reviews for an archetypal experience good, restaurants. In collaboration with
the platform, we randomize about 200,000 users in 13 Asian cities into exposure of ads for about 600+
local restaurants. Within the exposure group, we randomly vary the disclosure to the consumer of whether
a restaurant’s listing is a paid-ad. This enables isolating the effect on outcomes of a user knowing that a
listing is sponsored—a pure signalling effect. We find that this disclosure increases calls to the restaurant
by 77%, holding fixed all other attributes of the ad. The disclosure effect is higher when the consumer
uses the platform away from his typical city of search, when the uncertainty about restaurant quality is
larger, and for restaurants that have received fewer ratings in the past. On the supply side, newer, higher
rated and more popular restaurants are found to advertise more on the platform; and ratings of those that
advertised during the experiment are found to be higher two years later. Taken together, we interpret these
results as consistent with a signalling equilibrium in which ads serve as implicit signals that enhance the
appeal of the advertised restaurants to consumers. Both consumers and advertisers seem to benefit from the
signalling. Consumers shift choices towards restaurants that are better rated (at baseline) in the disclosure
group compared to the no disclosure group, and advertisers gain from the improved outcomes induced by
disclosure.

Key words: Informative advertising, Signalling, Field-experiments, Restaurants, Mobile, Paid-search,
Platforms.

JEL Codes: C93, D82, M3

1. INTRODUCTION

Despite its prominent influence on how social scientists think about the role of advertising,
Nelson’s (1970, 1974) celebrated idea that advertising can serve as a signal of product quality
has proven difficult to test empirically. Consequently, more than 40 years since it was originally
articulated, credible empirical evidence in favor of the signalling view of advertising has remained
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1530 REVIEW OF ECONOMIC STUDIES

rare. Understanding whether advertising actually plays a signalling role and how this role
materializes is important to assess the welfare consequences of advertising: if advertising can
serve as a signal, it can improve the efficiency of markets with search frictions by helping buyers
and sellers communicate. It also has implications for firms targeting their ads. If ads convey
demand-enhancing information about products beyond informing users of their existence and
product attributes, ads could be targeted to users already aware of the product, when there is
considerable uncertainty about the products’ quality. This article describes a field experiment
implemented in collaboration with a large restaurant search platform that enables a test of the
“signalling hypothesis”. We find results consistent with signalling.

Nelson’s work postulates an indirectly informative view of advertising, suggesting that one
role played by advertising is to signal to market participants that the advertising firm is of
high quality. Nelson’s suggestion is formalized in several canonical models that followed (e.g.

Kihlstrom and Riordan 1984; Milgrom and Roberts 1986). In these models, consumers are ex

ante uncertain about the quality of a good, which is revealed to them upon consumption. Firms
with higher quality benefit more from advertising, for example, when high quality firms obtain
more repeat purchase after consumption. A separating equilibrium is achieved when (1) the gain
from the repeat purchase relative to the cost of advertising is higher for high quality firms at
optimally chosen prices and (2) lower quality firms do not gain from mimicking the strategies of
the high quality firms. In the equilibrium, the act of advertising itself conveys information about
quality. Because direct claims about quality in an ad cannot be verified prior to purchase of an
experience good, the indirect way by which advertising reveals quality is relevant. Therefore,
costly advertising serves as a credible signal.

Subsequently, several empirical studies have built on Nelson’s ideas and attempted to test the
signalling hypothesis. One group of studies on the “supply-side” have investigated the predicted
equilibrium associations amongst the key components of the model—advertising, prices, and
quality. Another set of studies on the “demand-side” have used micro-data on consumer exposure
to advertising to explore patterns suggestive of signalling. Researchers using either strategy have
faced challenges in establishing a signalling role for advertising.

A supply-side empirical test of the theory requires (a) a measure of quality that is being signaled
by the firm and (b) a way to match its association with firms’ observed behaviour in a manner that is
falsifiable by the theory. Both these steps are difficult. The main challenge in step (a) is in obtaining
a measure of quality as conceptualized in the theory, which is a construct that is observed to the firm
but is unobserved to the consumer. This is non-trivial when the consumers’ actual information sets
are unobserved. Even if a researcher obtains a measure of quality unavailable to consumers, such as
a performance metric in a technical report, it is hard to rule out that the measure is uncorrelated with
some component of consumers’ unobserved information-sets. By implication, any covariation
between such a quality metric and advertising could reflect the mediation of such omitted variables.
Evidence for correlations between observed metrics of quality—like peer ratings, consumer
reports or time spent at the firm—with advertising actions, thus present a weaker test of the
theory (e.g. see Archibald et al. 1983; Kwoka 1984; Caves and Greene 1996; Thomas et al. 1998;
Kirmani and Rao 2000; Horstmann and MacDonald 2003; Horstmann and MacDonald 2003 for
further discussion).

The challenge in step (b) is that observed patterns of firm-level advertising can often be
explained by reasons other than those postulated by signalling. For instance, the canonical
model predicts that ad-intensity starts high for new goods and falls for established goods as
information about unobserved quality diffuses in the market. A subset of studies focus on
whether observed data are consistent with these life-cycle predictions (e.g. Tellis and Fornell
1988, Horstmann and MacDonald 2003). However, such patterns could also be produced by
changing consumers’ awareness about the product, changes in competitive intensity due to entry,
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changes over time in the costs of advertising in media-markets, all of which have to be ruled out
to establish the empirical relevance of the signalling mechanism.

Testing whether advertising signals quality on the “demand-side” by directly exploring
consumer-level response to ads is also difficult. The main challenge is to disentangle the signalling
effect from other effects of advertising. This concern is severe in data where all relevant aspects of
the ad-message are not observed. Hence, it is usually impossible to say whether consumer response
to advertising is due some aspect of the ad’s message that is unobserved by the econometrician,
or due to the ad reminding the consumer of the product; or due to the consumer’s knowledge
that the firm has advertised. Only the last is a pure signalling effect. A separate concern is the
endogeneity of advertising exposure due to the targeting of advertising by firms or from user
self selection into viewing ads. A final difficulty with consumer-level analysis involves issues of
statistical power arising from the large noise-to-signal ratio of ad-effects at the individual level,
requiring large datasets that are difficult to collect.1

We design a field-experiment that attempts to address these difficulties in a more direct
way compared to the previous literature. Our experiment is implemented in collaboration
with Zomato, a worldwide restaurant-search portal. Zomato provides an online platform
for consumers to search and browse through information on restaurants in local markets. The
experiment is implemented on the platform’s mobile app and introduces search advertising on
Zomato’s mobile platform. The experiment randomizes users into treatment groups in which
they see search ads for local restaurants. The groups are similar on all dimensions except the
manner in which advertising is disclosed. Users in the first see the advertiser’s listing without
any disclosure, whereas users in the second see the listing with an indication disclosing that the
listing is an ad. Therefore, users in both groups are exposed to the same set of ads for the same
restaurants with and without disclosure that the ads are paid for by the advertiser. In the data,
we observe the user-level browsing behaviour, and the restaurants they call.2 This design enables
assessing the effect of a consumer’s knowledge that the firm is advertising, separately from the
ads’ effect on the awareness of the existence of the firm, and from the effect of the content of the
ads. Thus, it facilitates a demand-side test of the signalling effect.

The empirical setting has advantages as a field laboratory to assess signalling. First,
signalling is most relevant in markets for experience-goods, in which consumers are information-
constrained, quality sensitive, have uncertainty about the product prior to consumption, and show
repeat purchase for firms revealed to have high quality from their visitation. Restaurants are
examples of such goods. Second, search ads on restaurant search platforms are matched to user
intent and served in response to users who are searching for information about the goods being
advertised, which reduces the chance the ads are annoying and will be skipped. This makes
detection of the signalling effect more likely. Third, the mobile application environment has the
advantage that one obtains a persistent user identifier defined within a closed system that logs

1. Ackerberg’s (2001) analysis outlines how one may distinguish between informative effects of advertising (i.e.

affecting consumer beliefs) versus persuasive effects (i.e. affecting consumer tastes) using such consumer-level data. He
proposes examining whether experienced consumers respond to advertising (which is consistent with persuasive effects).
However, reflecting the issues outlined above, Ackerberg does not distinguish between the direct channels (e.g. information
contained in ads about existence, location, function, or price) versus the indirect channels (i.e. the information contained
in the fact that the firm is willing to spend on advertising) of informative advertising. Related consumer-level studies
include Anand and Shachar (2011), Goeree (2008), and Terui et al. (2011) who estimate models where advertising has
an informative role by affecting consumer’s information sets; Shum (2004) and Erdem et al. (2008) who study the impact
of advertising on consumer price sensitivity; and Homer (1995) and Kirmani (1990, 1997) who report on relationships
between consumer perceptions of advertising and quality in a lab setting. Please see Bagwell (2007) for more discussion.

2. The call action we observe occurs after a consumer visits the restaurant’s page. As detailed later in the article,
calls represent a consumer’s intent to order food from a restaurant.
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engagement with the ads as well as demonstrated interest in the product. This makes randomization
and behaviour-tracking at the individual user-level possible. Finally, a large number of users
(around 200,000) and advertisers (around 600) enables exploring differential patterns of response
along dimensions of consumer- and restaurant-heterogeneity that facilitate additional tests of the
signalling theory, and serve as consistency checks on the effect.

The experimental design leverages aspects of the institutional environment. Firstly, the
Zomato platform had an active advertising market on its website at the time of the experiment,
but no advertising on the mobile app prior to it. Therefore, our experiment estimates the signalling
effect based on the initial beliefs the consumers hold from their experience on the website. Since
the mobile app had no advertising prior to the experiment, users assigned to the no-disclosure
group continue using the app as though there is no advertising on the app. Second, for each
search query originating in the mobile app during the experiment, the experiment retrieves the
restaurants that have contracted to show their ad for the same search query on theZomatowebsite,
and shows their ads to users. By ensuring that ads shown are for restaurants that choose to advertise
on the platform, we estimate effects for a relevant set of advertising restaurants, whose identities
are consistent with consumer beliefs about advertisers on Zomato. Third, the experimental
design incorporates features to minimize concerns that treatments induce “Hawthorne effects” or
“randomization bias” that confound the signalling effect. In particular, the treatment of showing
an advertised listing without disclosing to consumers that it is paid for, is harder to conceptualize
in other media, such as TV. The presence of such an ad would seem odd, and may evoke a
corresponding consumer response. This treatment is more natural as part of an experiment on
a search platform, where ads without disclosure look exactly like “organic” listings. Further,
we implement our experiment in a manner such that the ads introduced by our experiments
are consistent with the user’s expectations from search. More details on this are discussed
later.

Our main results report the effect of disclosure of users’ first ad impressions on their behaviour
in the session.3 We find that disclosing to a consumer that a listing on the platform’s search results is
an ad increases calls to the restaurant by 77% relative to no disclosure. This represents the causal
effect of disclosure, because it keeps all aspects of the ad, including its content and position
on the listings page fixed, and holds consumer type fixed in the comparison on account of the
randomization. This effect is also comparable to the impact of other informational attributes. An
average advertiser in our data obtains similar benefit from ad disclosure, as a two decile increase
in the number of its ratings on the platform. We find that the likelihood of calling the advertiser
conditional on visiting its page is 76% higher among users who see the ad disclosure, relative
to users who see the listing without ad disclosure. Further, we find that exposure to the listing
mainly drives visits to the restaurant’s page, whereas disclosing that the listing is an ad helps
convert the page-visits into calls to the restaurant. These results suggest that the ad disclosure
implicitly conveys a cue to exposed users, which increases the restaurant’s appeal amongst them,
and improves their evaluation of the advertised product. Information from the search platform
cannot completely eliminate consumer’s uncertainty about product quality. Advertising serves as
a signal of the advertiser’s unobserved “type”, and reduces uncertainty. There would be no role
of signalling in a world where the search platform perfectly matches consumers to restaurants.
Therefore, our results also imply that in our empirical setting the Zomato platform does not

3. We do this to avoid bias from within-user feedback effects that may be problematic in longitudinal analysis
(described in more detail later in the article).

D
o
w

n
lo

a
d
e
d
 fro

m
 h

ttp
s
://a

c
a
d
e
m

ic
.o

u
p
.c

o
m

/re
s
tu

d
/a

rtic
le

/8
7
/3

/1
5
2
9
/5

5
8
3
7
4
5
 b

y
 U

N
IV

E
R

S
IT

Y
 O

F
 N

O
R

T
H

 C
A

R
O

L
IN

A
 A

T
 C

H
A

P
E

L
 H

IL
L
 H

E
A

L
T

H
 S

C
I L

IB
 u

s
e
r o

n
 1

6
 J

u
ly

 2
0
2
2



N. S. SAHNI AND H. S. NAIR DOES ADVERTISING SERVE AS A SIGNAL? 1533

perfectly match consumers to restaurants.4 A stylized theoretical model (discussed in Section 5)
explains precisely our interpretation of these results.

Analysing the data further, we test whether the effect of the disclosure is higher for
subpopulations of users that have more uncertainty about the restaurants they are searching
for, as the signalling hypothesis would suggest. We find that users searching in a city different
from where they usually search, visit the listed restaurant’s pages at a significantly higher rate
if it is placed with ad disclosure. We also see that restaurants that have been rated fewer times
on the platform—presumably, those about which consumers a priori have more uncertainty—
benefit more from the ad-disclosure. These effects are consistent with predictions from signalling
theory. Exploring whether consumers are made better or worse off under disclosure, we find that
consumers’ choices shift systematically towards restaurants that are better rated (at baseline) in
the disclosure group compared to the no disclosure group.

Finally, exploring patterns of covariation on the supply-side, we find that restaurants with
higher appeal to consumers (with better ratings), with higher prices and which are newer and
not part of a restaurant-chain (presumably ones that consumers have more uncertainty about)
are more likely to advertise on Zomato. We also find that restaurants that chose to advertise
on Zomato during the experiment are likely to receive higher ratings in the next two years,
compared to those that did not advertise. This is consistent with these restaurants having higher
unobserved quality that is revealed over time through actual consumer experiences. These supply-
side patterns, similar to those reported in some of the past literature, are broadly consistent with
a signalling equilibrium the demand-side results suggest.

This article is related to an empirical literature on digital advertising (e.g. Manchanda et al.

2006; Yang and Ghose 2010; Chan et al. 2011; Yao and Mela 2011; Rutz and Bucklin 2011;
Johnson 2013; Lewis and Reiley 2014), and more pointedly, to a burgeoning literature that
leverages experimental or quasi-experimental variation on search platforms to address issues
related to search advertising (e.g. Goldfarb and Tucker 2011; Nosko et al., 2015; Sahni 2015;
Narayanan and Kalyanam 2015; Ursu 2018). To our knowledge though, none have focused
explicitly on the role of signalling or disclosure. Outside of advertising, our analysis is closest
to the empirical literature in education that has tested for the signalling role of education
(e.g. Tyler et al. 2000 in particular for a quasi-experiment; and Weiss 1995 for a survey of
empirical work). The difficulties in that literature in distinguishing between human capital
versus signalling (“sheepskin”) explanations for education have parallels to the difficulties here
in distinguishing between direct and indirect informative effects of advertising. This study is
also related to recent empirical papers that have investigated signalling via round-numbered
asking prices by sellers on eBay.com (Backus et al. 2019) and via posted interest rates by
loan seekers on Prosper.com (Zhang and Liu 2012; Kawai et al. 2014). Finally, both this
paper and a companion paper (Sahni and Nair 2018) use data from a broad experiment we
implemented to study two distinct issues related to advertising. Sahni and Nair (2018) are focused
on assessing an experimental design to test whether sponsorship disclosure in “native” advertising
materially deceives consumers as defined under U.S. law; while this paper’s focus is on using
the experimental data (as well as other supply-side information) to test signalling theories of
advertising. This paper is in the domain of assessing the economic mechanisms by which
advertising works; while Sahni and Nair (2018) is in the domain of assessing legal aspects of
digital advertising. The key effects in that paper are pinned down by the contrast between different
formats of disclosure within the ad disclosure group, which is not the focus here. Our results

4. Perfectly matching consumers to restaurants is unlikely in our setting because, as we note in Section 4, the
experiment serves ads for “broad searches” (e.g. “restaurants in New Delhi”), in which consumers do not specify narrow
search criteria in their queries.
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obtained here show the consistency of the results obtained therein with the use of advertising as
a quality signal.

The reader should note that the design and data have two shortcomings. First, the design
might understate the size of the signalling effect. If the search engine’s algorithm is working well,
a searching consumer will believe that organic listings are a good match for his taste. Hence,
what is measured as the difference in outcomes between an ad with disclosure versus without, is
the sum total of a (potentially negative) “not-organic” effect and a (positive signalling-derived)
“is-ad” effect. The not-organic effect reduces the estimated effect. So our test of signalling is
conservative. Second, our main outcome variable—calls to the restaurant—represents only a
proxy for restaurant demand. We do not have access to actual demand/expenditures. We present
later in the paper supporting data suggesting that this is a reasonable proxy in the experimental
markets we consider; nevertheless, in the absence of actual demand data, this remains a limitation.

The rest of the article is outlined as follows. The next section briefly describes our empirical
strategy. The following section describes theZomato platform and details of the field experiment.
The sections after describe market level advertising patterns, the stylized theoretical model, the
main results from the experiment, assessment of heterogeneity, robustness, and aggregate effects.
The last section concludes.

2. EMPIRICAL STRATEGY

To understand our empirical strategy, consider the behaviour of a consumer i who is contemplating
buying from a seller of an archetypical experience good, such as a restaurant. Let r index the
seller, qr the seller’s appeal to the consumer and bi (qr) represent the consumer’s ex ante belief
about qr . For the purpose of this discussion, assume that i is aware of the existence of r. Prior
to a possible purchase, suppose the consumer is exposed to information I (xr,a) about the seller.
I (.) includes a vector of product attributes denoted by xr which we will refer to as “content,” that
informs the consumer about the seller’s appeal. In the context of a search platform, xr includes
attributes like the seller’s average rating, and reviews by other consumers. I (.) is also indexed by
a binary variable a that denotes whether the information is part of an advertisement or not. When
a=1, the consumer realizes that that information is paid for by the vendor (i.e. “paid listing”);
when a=0, the information is presented by the platform (i.e. “organic listing”). On receiving the
information, the consumer’s prior beliefs are updated to a posterior bi (qr |I (xr,a)). The observed
action (y) representing the behaviour of the consumer towards the seller are a function of his
beliefs and are denoted yi

[

bi (qr |I (xr,a))
]

. The observed action of a consumer who is exposed
to no information is denoted yi

[

bi (qr)
]

. Our empirical strategy measures the causal effect of a

on y.
As noted, empirical researchers face two main difficulties in assessing the signalling effect of

advertising from field data on the demand side. A first fundamental difficulty is that information
in an ad arrives as a bundle of xr and (a=1), which makes it difficult to separate the effect of the
content of the ad from the fact that the seller is advertising. In terms of our notation, a researcher
may compare the behaviour of the same individual i in situations when he is exposed to the bundle
versus not,

△
(r)
1i

=yi

[

bi (qr |I (xr,ai =1))
]

−yi

[

bi (qr)
]

. (2.1)

However, △
(r)
1i

is not the right treatment effect because it does not hold content xr constant in
comparing the situations with and without exposure to information. The second difficulty is related
to self-selection: generally, the set of consumers who get exposed to advertising is different from
the set of consumers who do not, because ads are targeted, and typically get displayed to users
who are more likely to generate the desired action. A researcher might compare the behaviour
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of consumers who are exposed to the information (indexed by i) to those who are not (indexed
by k),

△
(r)
2ik

=yi

[

bi (qr |I (xr,ai =1))
]

−yk

[

bk (qr)
]

. (2.2)

In comparison △
(r)
2ik

we face the same issue as in �
(r)
1i

, plus that fact that the treatment ai is
correlated with yi due to selection into exposure. It is clear that both do not deliver the valid
causal effect of ai on yi.

2.1. The empirical strategy in this article

We aim to compare the behaviour of an individual exposed to the same content either as part of
a paid advertisement by the seller or not. That is, we aim to construct the comparison,

△
(r)
i =yi

[

bi (qr |I (xr,ai =1))
]

−yi

[

bi (qr |I (xr,ai =0))
]

representing the causal effect on buying behaviour of the consumers’ knowledge that the content
is paid for by the seller. This contrast is implemented on the Zomato platform by randomizing
across users the same content with and without revealing the content is paid for by the advertising
restaurant. By randomizing a across users, we are able to estimate an average treatment effect of
the ad-disclosure across all participating advertisers on the platform,

△=Er△
(r) =Er

[

Eiyi {bi (qr |I (xr,a=1))}−Eiyi {bi (qr |I (xr,a=0))}
]

.

In Section 5 below, we present a stylized model that relates this comparison to signalling theory
in a consumer-search setting like ours, and explains our interpretation. Based on the predictions
of this theory, we analyse heterogeneity in these treatment effects. In the next two sections, we
describe the empirical setting, the field-experiment, and the control and treatment groups in more
detail.

3. APPLICATION SETTING AND FIELD EXPERIMENT

3.1. Zomato.com

Pursuant to the acquisition of urbanspoon.com in 2015, the Zomato platform hosts
searchable listings on about 1.4 million restaurants in 22 countries, counting approximately
90 million visits each month across its website and mobile applications. As comparison, Yelp,
the market leader for online listings of local businesses (not just restaurants), is present in 32
countries and is visited by approximately 142 million users monthly (Yelp.com 2015). Compared
to competing restaurant platforms, Zomato is differentiated by having a strong presence in South
Asia and the Middle East, in large cities traditionally under served by online restaurant search
platforms, and by having a more comprehensive and reliable database about restaurant attributes
than traditional crowd sourced content platforms.5 In 2014, 30 million unique users used Zomato
every month to search for restaurants.

5. From TechCrunch (2015): “Zomato started in 2008 as a supercharged portal for restaurant search that went
beyond basic names and addresses. Zomato staff would visit venues, collecting menus, and photos that would be scanned
and input into Zomato’s larger database (think Google Maps’ roving cars but for restaurants) which in turn would be
used to power searches not only for certain restaurants but places where consumers could go for very specific dishes, for
example. This filled a niche: smaller and independent venues are not always up to date with their online presence (many
don’t even have websites today) and this provided a way to find them on the web. It also helped differentiate Zomato
from the likes of Yelp and others that looped in crowdsourced information, which can be hard to verify as not being biased
and more generally keep up to date.”
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1536 REVIEW OF ECONOMIC STUDIES

TheZomatoplatform is accessible via an internet website or via a mobile application available
onAndroid or AppleiOS smartphones. The website was launched in July 2008, theAndroid
app in February 2010, and the iOS app in May 2011. On accessing the platform, users can search
for restaurants by inputing a set of text-based keywords (e.g. some combination of the restaurant
name, location, cuisine, or other attribute), or by searching by pre-established categories (e.g.

a list of recommended restaurants in the users’ location that are open for service at the time
of search). A variety of filters based on geographic location, cuisine, and intention (as defined
as “home-delivery, dine-out or night-life”) can be applied as part of the search as desired. In
response to the search, a list of restaurants that are determined by the platform to be relevant to
the search criteria are displayed to the user on a search results page. Following the online search
literature, we refer to these as “organic” listings. If an advertiser or a set of advertisers have
contracted with Zomato to show ads for the search criteria and filters used, a set of advertised
listings are also displayed on the search results page. We refer to these as “paid” listings or simply
“ads”. The user can click on any of the displayed listings and subsequently browse a set of pages
containing additional information specific to the listed restaurant. At any point of time, thousands
of restaurants advertise on the Zomato website. Ads were served on the website from its launch
days, but were officially launched on the mobile apps only in November 2014. Our experiment
(described in more detail below) is implemented in August–September 2014 on the Android
version of the Zomato app. Thus, as noted in the introduction, in the pre-experiment period,
users are exposed to ads on the Zomato website, but see no ads on their mobile apps.

3.1.1. App search experience. To understand how the experiment works, we describe a
user’s pre-experiment search experience on the Zomato Android mobile app in more detail.
Figure (1a) shows a series of snapshots of a search session on the app. Applying a search criteria
takes the individual to a search results page that displays listings that satisfy the user’s criteria.
The search results are sorted by the search engine’s measure of “popularity” of a restaurant, unless
the user specifies an alternate sorting criterion. Each listing on the search results page presents
the name of the restaurant, its cuisine, its location, a flag for whether or not the menu is available,
the number of photos available, along with the number and average value (on a five point scale:
0 lowest, 5 highest) of ratings given to the restaurant by past Zomato users (see Figure (1a)).
Clicking on a listing takes the user to an “info” page that provides more information about the
restaurant as shown in Figure (1b). This page has tabs that allow the user to view the restaurants’
menu, its photos, its location on a map, and to add reviews and photos if desired. It also shows
the restaurants’ rating information and allows the user to browse through reviews provided by
other users on the platform. Users interested in the restaurant can click on a button on this page
to call the restaurant directly from their mobile phone. All user actions are tracked on the app.

3.1.2. Advertising on Zomato.com website. As mentioned, there is no mobile
advertising on Zomato prior to the experiment, but restaurants actively advertise on the
Zomato.com website. To advertise, restaurants contract with Zomato to buy ads for a specific
set of search criteria. A typical contract outlines the target location specified by the user that
initiates the search, the category of the search, the day, and the position on which the advertised
listing will be displayed. To specify location, Zomato divides each city it operates in into a set
of non-overlapping (approximately) 5 miles × 5 miles zones and allows restaurants to buy ads
at any level of aggregation over these zones. To specify search intent, Zomato specifies three
search categories viz., “home-delivery,” “dine-out,” or “night-life” as described previously. The
contracting advertiser can specify the criteria for his ads narrowly (e.g. “shows ad at position X

for any user who searches for home-delivery with target location specified as Y on Fridays for
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N. S. SAHNI AND H. S. NAIR DOES ADVERTISING SERVE AS A SIGNAL? 1537

Figure 1

Screen shots of search experience on Zomato Android App. (a) Search flow for a user. (b) Information screen for

user upon clicking on a restaurant listing

Notes: The top panel shows a snapshot of the search experience of a user on the Zomato Android app. The user

searches for restaurants by inputing a set of text-based keywords (including for example, some combination of the

restaurant name, location, cuisine, or other attribute), or by searching by pre-established categories (like requesting a list

of recommended restaurants in the users location that are open for service at the time of search), while applying a

variety of search filters (including limiting the search by geographic location, cuisine, and intention as defined as

“home-delivery, dine-out, or night-life”). In response to the search, a list of restaurants that are determined by the

platform to be most relevant to the search criteria are displayed on a search results page. The user can click on any of the

displayed listings and is led to an info page that contains information specific to the listed restaurant including users

reviews, the restaurant’s menu, photos, and a map. The bottom panel shows a snapshot of the information screen a user

sees when he clicks on the search listing of a restaurant. The user is led to a screen from which he can browse several

tabs to view the menu, read the reviews, see a map of the restaurant, or add his own review. The user can also call the

restaurant from within the app, which we track as an activity key to conversion.
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1538 REVIEW OF ECONOMIC STUDIES

the next 2 weeks”), or broadly (“show ad at position X for any user who searches with target
location specified as Y +Z on Fridays for the next 2 weeks”), depending on its needs. When a
search is initiated on the Zomato website that satisfies a desired criteria, the contracted ad is
shown. If more than one advertiser has contracted for that search criteria, Zomato uses its own
proprietary algorithms to vary across users the positions at which these advertisers will be shown
that day. Advertisers can negotiate separately to be exclusively featured at a given position for a
given search criteria to avoid this. All ads are local.

3.2. Description of supply-side patterns

To explore these, we look at the set of 142,934 restaurants in our data which received at least
one review as of baseline.6 The database includes for these restaurants the average rating across
reviewing users, the number of reviews, the estimate average cost for two people to have a meal
at the restaurant (a price-index), as well as the date on which the restaurant is entered into the
Zomato database. We use the values for these variable reported just prior to the beginning
of the experiment and compare these in the cross-section. We therefore caution the reader
these comparisons are suggestive and may be picking up unobserved differences in restaurant
characteristics.

We describe how the probability that a restaurant advertises on Zomato during the study is
related to the average rating, number of ratings it receives, cost for two, and days since it was
added to the database. Since these variables are market-specific and difficult to compare across
regions, we compute the decile of each restaurant’s value on each of these variables within the
zone in which it is located, and use the deciles as covariates in the regression below. We interpret
the average rating as a proxy for the appeal of the restaurant, the number of ratings as proxy for
its popularity, and/or a measure of uncertainty around the average, and the days-since-added as a
proxy for the age of the restaurant since its market entry.7

Table 1 presents a multivariate analysis, regressing whether or not a restaurant advertised on
restaurant characteristics including market fixed effects. Column (1) uses the absolute value of the
characteristics, while columns (2) and (3) use within-market deciles. We also include an indicator
of whether the restaurant is a part of a chain.8 Both columns (1) and (2) show that holding other
characteristics constant, the likelihood of advertising increases with ratings, cost and the number
of times the restaurant is rated, and decreases with days since the restaurant was added. Chain
restaurants are also seen to be less likely to advertise.9 Column (3) investigates how the advertising
behaviour changes with characteristics of other restaurants in the focal restaurant’s zone. For each
zone, we calculate the average characteristics of restaurants in that zone, and categorize the zone
into one of ten deciles based on the rank of its average within its city on that characteristic.10

6. We obtain access to a snapshot of the restaurant profile database at baseline. Out of 210,302 restaurants in the
database, we retained 142,934 restaurants that had at least one rating provided. Out of these, 15,976 were missing the
date added, 31 missing the number of total ratings, and 3,522 missing the price index.

7. Restaurants are added in Zomato’s database by a field team that regularly surveys the market and updates the
database. Therefore, within a market, days since a restaurant is added is likely to be correlated with when the restaurant
started, albeit noisily.

8. In the data, we observe a chain id corresponding to each restaurant id. We say a restaurant is a part of a chain
if it has at least one other restaurant with the same chain id.

9. Note that column (1) uses as a covariate “days since the restaurant was added,” which is the opposite of the
covariate “decile of the date when the restaurant is added” used in column (2), so we see opposite signed coefficients,
implying the same directional effect.

10. To be clear, here’s an example. Suppose a restaurant r has “Zone decile:Avg rating” of 10. This implies that
if we compare zones based on average restaurant ratings, r’s zone is within the top 10% in its city. We chose to create
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TABLE 1
Regressing restaurant advertising decision on restaurant characteristics

Coeff: t-stat Coeff: t-stat Coeff: t-stat

Restaurant rating 0.00784 18.32
Days since restaurant added −0.0000403 −14.49
Cost for two (USD) 0.000613 8.74
Number of ratings 0.000184 9.66
Restaurant is in a chain −0.00824 −6.95 −0.00962 −8.09 −0.0134 −10.13
Decile restaurant rating 0.00158 6.36 0.0024 9.89
Decile date restaurant added 0.00306 15.18 0.0033 12.89
Decile cost for two (USD) 0.00291 16.54 0.0027 12.03
Decile number of ratings 0.00351 14.01 0.0031 9.76
Zone decile: Avg rating −0.0003 −0.55
Zone decile: Avg Num Ratings 0.0014 2.73
Zone decile: Avg Date added −0.0009 −2.61
Zone decile: Avg Price Index 0.0007 1.94
Zone decile: Prop. of chain res 0.001 3.18
Zone decile: Num. of res −0.0004 −1.44
Intercept 0.0158 11.98 −0.0302 −20.78 −0.0392 −7.97

Market fixed effects Yes Yes Yes
Num observations 65,192 65,192 65,192

Notes: The table reports results from regressing an indicator of whether a restaurant advertised on restaurant characteristics
and market fixed effects. The unit of observation is a restaurant for which we observe the regression variables. Column
(1) uses the absolute value of the restaurant characteristics as explanatory variables while columns (2) and (3) use
the restaurant’s within-market decile. Column (3) adds Zone deciles as explanatory variables to check how advertising
behaviour changes with the average characteristic of restaurants in the advertiser’s zone. The Zone deciles are created by
first creating average characteristics of restaurants within a zone and assigning the zone to a decile based on its average
relative to other zones.

Including these characteristics in the regression shows that while a chain restaurant is less likely
to advertise, existence of chain restaurants in a restaurant’s zone is positively associated with
advertising. A restaurant is also more likely to advertise if it is in a zone with older restaurants
and with more ratings. Supplementary Appendix A presents additional plots that show these
correlations continue to hold in univariate analyses.

These patterns seem broadly consistent with a signalling equilibrium in which restaurants
of higher-than-average “quality” advertise more to signal their appeal to consumers. The higher
advertising propensity of newer restaurants, especially those of higher rating, and its gradual
reduction over time can be explained with canonical signalling setups in which firms use ads as
signal early in their life-cycle and scale back on dissipative advertising as information diffuses in
the market and uncertainty about the restaurant’s appeal reduces. Signalling arguments can justify
the higher advertising propensity of independent restaurants (not part of a chain); presumably,
consumers have more uncertainty about these restaurants. The fact that higher priced restaurants
tend to advertise more is also consistent with signalling equilibria in product markets where
marginal costs increase with quality.11 While we do not have access to cost data, most components
of marginal costs including food, labour, and service, tend to be higher for better restaurants.

“within-city” deciles that pick a zone’s rank relative to other zones within its city. This helps differentiate say, costly areas
within a city from less costly ones in that city. This is not a consequential choice; inferences from the regression below
remain the same if we create deciles across all zones.

11. As Milgrom and Roberts (1986) note, whether or not high quality firms use high prices and high advertising to
signal quality depend on the relative marginal costs between high and low quality firms. When marginal costs increase
with quality, equilibria exist where the high quality firms set high prices and uses high advertising outlays to signal its
quality. To see this, assume that there are two firms of high and low quality, such that the high quality firm has higher
marginal costs. Assume that advertising is dissipative, and that the higher quality firm obtains more repeat business once
consumers visit the firm and experience the good. From a position of equal initial prices, assume that the high quality
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1540 REVIEW OF ECONOMIC STUDIES

TABLE 2
Ratings two-years after experiment

Dependent variable: rating in 2016

Restaurant advertised in 2014 (0/1) 0.411 (0.094) 0.176 (0.076)
Rating in 2014 0.241 (0.061)
Intercept 3.066 (0.080) 2.479 (0.208)

N 283 283

Notes: The table shows coefficients and standard errors in parentheses from regressions comparing ratings of restaurants in
2016 depending on whether they advertised in 2014. Column 1 regresses 2016 ratings on whether the restaurant advertised
in 2014. The coefficient is positive and significant suggesting that restaurants that advertised in 2014 have a higher rating
in 2016. Column 2 adds control for ratings in 2014. Both coefficients are positive and statistically significant, suggesting
that restaurants with higher ratings in 2014 tend to have higher rating in 2016; and that among restaurants with the same
rating in 2014, those that advertised had a higher rating in 2016.

We further ask, are consumers likely to have a better experience at advertising restaurants
relative to similarly rated non-advertising restaurants? We expect this to be true in a signalling
equilibrium. Specifically, the restaurants that advertise are expected to be better along dimensions
that are unobserved to consumers at the time of purchase. The higher unobserved quality could
be revealed over time through consumption experiences. We use the ratings information to assess
evidence for this. If we view ratings as summarizing consumption experiences, we expect ratings
in the future (as well as the improvement in those ratings relative to baseline) to be higher for
restaurants that advertised during the experiment relative to those that did not. To check whether
this is the case, we pick at random 200 restaurants that advertise during our experimental time
period, and 200 restaurants that do not. We search for their ratings on Zomato in September 2016
(two years after our experiment). We found 137 that advertised and 146 that had not advertised
in 2014 (the probability of finding a restaurant is the same whether or not the restaurant had
advertised; p = 0.32). Table 2 reports regressions comparing the 2016 ratings of restaurants
depending on whether they advertised in 2014. Looking at the first column, we see the restaurants
that advertised in 2014 have a higher rating in 2016. The second column reports the same
regression but controlling for 2014 ratings. Among restaurants with the same rating in 2014, we
see those that advertised also have a higher rating in 2016, i.e., the fact that a restaurant advertised
is able to predict a better consumption experience for consumers beyond what is predicted by its
contemporaneous ratings.12

Overall, these descriptive facts on the “supply-side” are broadly consistent with signalling
theory. However, we note that they are only suggestive, because tests of signalling in
across-restaurant comparisons are confounded with unobservable product and market-specific
differences as cautioned in the Introduction. For this reason, we base a test for signalling primarily
on more carefully constructed comparisons on the demand-side.13

firm increases its prices a bit. Then, the number of current consumers it loses should be the same as that of the low quality
firm, but the “pain” of this current loss should be lower for the high quality firm as its margin per lost consumer is lower.
However, if these lost consumers had actually visited the firm, they would have revisited and repurchased at a higher
rate for the high quality firm, because their visit reveals its quality is higher. So, the “pain” associated with lost repeats
is likely higher for the high quality firm. Since the price increase effects on current and repeats go in opposite directions,
its possible that the high quality firm cannot use high-prices alone to signal quality, and will also need to use advertising
to signal quality. In the possible equilibria in this scenario, the high quality firm sets its prices above its full-information
level and chooses a high level of advertising to separate from the low quality firm. If on the other hand, marginal costs
decrease with quality, low prices will signal high quality in this model, and there is no need to use advertising as a signal.

12. Thanks to Matt Gentzkow for suggesting this test.
13. Casual empiricism suggests that the best restaurants do not advertise heavily. There is also some evidence

in the data of non-monotonicity in the probability of advertising at the very high end of the ratings. See
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4. FIELD EXPERIMENT

The field experiment adds search ads into the Zomato mobile platform. The collaboration with
Zomato was motivated by the firm’s desire to assess the viability of advertising on its mobile
platform through pre-launch “A/B” testing (i.e. randomized controlled trials). The experiment
starts in July 2014, when a new update of the android app was launched with the experiments
encoded in it and made available on Google Play app store. The 13 cities in our data are: (India)
Delhi, Kolkata, Mumbai, Bangalore, Pune, Hyderabad, Chennai, Lucknow, Ahmedabad; (UAE)
Sharjah, Abu Dhabi; (Philippines) Manila; (Indonesia) Jakarta.14 Our raw data starts on 9 August
2014 and ends on 26 September 2014, when the next update of the app was launched. Following
this, advertisements were formally launched on the Zomato mobile platform in November
2014.15

4.1. Users and randomization

Any user who downloads the updated app with the experiment in it becomes part of the experiment
and is allocated to one of several groups (described below). Randomization is induced at the user
level and is persistent across all sessions by that user. Every user is assigned a unique id, and all
activities of the user on the app subsequent to allocation to one of the experimental groups are
tracked.

4.2. Experimental treatments

Users are randomized into three experimental groups:

1. Control: Users in the control group are shown no advertising and are exposed to only organic
listings. These users experience no difference between the experimental and pre-experimental
regimes, and serve as a baseline
2. Treatment A (“Ad with no disclosure”): Users in group are shown the same organic listings
as those in the control group, along with additional paid listings, but without any indication that
these paid listings are ads.
3. Treatment B (“Ad with disclosure”): Users in Group B are shown the same organic listings as
those in the control group, along with exactly the same additional paid listings as those in Group

Supplementary Appendix A. How do we reconcile that with signalling? What is relevant to signalling is the advertising
behaviour of those restaurants when they were new to the market and consumers did not know they were good. Our
data suggest that better restaurants indeed tend to advertise more on the platform when they are new; if we include an
interaction between rating and age in the regressions reported in Table 1, the interaction term’s coefficient is positive, and
the rating’s coefficient turns negative, indicating new and higher rated restaurants are more likely to advertise. Other theory
has pointed out that “counter-signalling” equilibria that obtains with multidimensional signals and large heterogeneity
across firms can also explain this phenomena (Orzach et al. 2002). In these equilibria, even noisy signals are sufficient
to separate the “best” firms from the “low” quality firms. The “medium” quality firms then use advertising to separate
themselves from the “low” quality firms, while the “best” firms avoid advertising to separate from those with “medium”
quality. Note that even in these models, advertising works as a signalling device, serving to separate firms of differing
quality, which is what we are testing here.

14. These comprise large cities in what Zomato refers to as “Full-stack” regions. The firm defines these
as “(a) large markets (b) growing very fast (c) [where] Zomato is the strongest player in its space.” See
http://blog.zomato.com/post/131277554406/shifting-focus-to-what-matters-and-what

-works.

15. For an announcement of the introduction of the mobile ads, see “Zomato Introduces Ads On The Mobile
App; Doubles Consumer Reach For Merchants,” 26 November 2014, http://www.thestartupjournal.

com/zomato-mobile-app-ads.
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1542 REVIEW OF ECONOMIC STUDIES

A, but with an indication that the paidlistings are ads. Apart from the ad-indication, all other
aspects of the ad, including the identity of the advertising restaurant, the content of the listing,
and its position in the search results is the same between Groups A and B.

The contrast between Groups A and B helps estimate the signalling effects of advertising. We
include the control group because it benchmarks the firm’s no-advertising regime. Figure 2 shows
an example of the three experimental groups. The left panel shows the control group, in which
users are shown no advertising. The middle panel shows Group A, wherein users are shown
additional paid listings (here for the restaurant “Smoke House Deli”), but without any indication
that these paid listings are ads. The right panel shows Group B, in which users are shown exactly
the same additional paid listings as those in Group A, but with a yellow label indicating that the
paid listings are ads. Apart from the label, all other aspects of the ad is the same between Groups
A and B.16

4.3. Choice of advertisers included in experiment

The inclusion of advertisers reflects the logic explained in the Introduction section. We show ads
for restaurants that choose to advertise in equilibrium. When a user searches on the Zomato
mobile app, his search criterion (the set of filters applied) is directed to an algorithm that reveals
the restaurants whose ads the person would have seen if he was on the website rather than the
mobile app. These restaurants are then advertised on the mobile app’s search listings page for
users in Groups A and B. This way, we include in the experiment a set of advertisers that are
interested in advertising on the platform in response to the search criteria applied by the user, and
also mirror on the app the profile of advertisers on the website. The advertisers enjoy the potential
benefits of the added mobile exposure for free during the duration of the experiment.17

The ads are all served on the search results page shown to a user. A search results page consists
of 20 listings. The page may show up to three ads, placed in slots among the organic links as
shown in the figures above. The order and position of the slots is decided by Zomato’s algorithm
(i.e. we do not randomize over these; discussed below). The first ad appears after four organic
listings on average across the searches in the data. Clicking on a restaurant’s ad takes a user to
its info page. Ads are displayed only on the search results pages, and not on the restaurant info
pages. There is no change in a restaurant’s info pages across the experimental groups, regardless
of whether or not the restaurant is advertised.

To keep the scale manageable and to reduce experimental interference, we do not show mobile
ads for all possible search criteria. Ads in the experiment appear in search results only for broadly

defined search criteria; only when the search is based on (a) target location and/or (b) the search
categories “home-delivery,” “dine-out,” or “night-life”. If a consumer includes a cuisine in the
search filter (or any other narrow factor apart from target location and search category) he does
not see any ads in the search results, by design. Since advertising is sold on the basis of the
customer’s target location and these three category filters, this helps ensure the search criteria

16. The yellow label with the white text denoting “Ad” is chosen to match the disclosure practice of popular search
platforms like Google and Yelp. Within group B, we also sub-randomize users into alternative ways of ad-disclosure used
in the industry, so as to explore robustness and alternative mechanisms. The experimental group and the sub-conditions
remain the same for a user across the time period of the experiment (there is no re-randomization over time). This article
focuses on the contrast in outcomes between disclosure versus no-disclosure and aggregates these sub-conditions. A
companion paper (Sahni and Nair 2018) explores these alternatives in more detail, and reports no statistically significant
difference in outcomes across these sub-conditions.

17. Advertisers also cannot track if calls to the restaurant originate from the Zomato website or from the app.
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Figure 2

Experimental conditions

Notes: The figure shows a snapshot of the three experimental groups. In the control group, users are shown no

advertising and are exposed to only organic listings. In Group A, users are shown additional paid listings (here for the

restaurant “Smoke House Deli”), but without any indication that these paid listings are ads. In Group B, users are shown

exactly the same additional paid listings as those in group A, but with an indication—here, a yellow label—indicating

that the paid listings are ads. Apart from the indication, all other aspects of the ad, including the identity of the

advertising restaurant, the content of the listing, and its position in the search results is the same between Groups A and

B. In a typical search in the data, the first ad appears after four organic listings, which is likely to be below the page-fold

(i.e. a user has to scroll down after arriving at a search-result page to see an ad).

for which ads are shown are aligned with those desired by advertisers (if an ad is shown as part
of the experiment, there will for sure exist an advertiser that desired to advertise to that search).
Also, by showing ads based on only these broadly defined searches, we reduce the chance the
advertised restaurants are unrelated to the users’ search intent. For example, we avoid a situation
where a user searches for a specific cuisine (e.g. Chinese restaurants) and sees restaurants in the
search results that serve that cuisine, but ads that may not.18

Consider an individual who applied a search criterion for which a restaurant r’s ad is to be
placed. If he is in the control group, he may see r’s link once, as a part of the organic listings. If
he is in group A, he may see r’s link at least once if r does not appear in the organic listings, or

18. Search listings that appear when a user clicks the “Nearby” tab on the Zomato app are also excluded from
the experiment. We did not place any ads for such searches in our experiment. The rationale follows. In general, when
a user clicks on the “Nearby” tab, Zomato shows him restaurant listings sorted by their distance from the user’s actual
location (obtained via GPS). Placing an experimental ad in such a list may seem odd, especially in treatment A (no ad
disclosure), if the advertiser is not located closer to the user compared to the restaurant listed below the ad. By excluding
these searches, our experiment avoids situations that can be potentially confusing for the consumer.
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twice if r does appear in the organic listings. Finally, if he is in group B, he may see r’s link once
as an ad, and again if r appears in the organic listings.19

4.4. Order and positions

On the mobile app, the order and position of advertised restaurants in both the paid and organic
listings is determined by the platform on the basis of its own proprietary algorithms and its
contractual arrangements. While ad-position is not under our control nor is randomized, what
should be noted is the experiment ensures that if a restaurant’s ad is shown in a given position
in response to a particular search criteria in Group A, its ad will be shown in response that
same search criteria in the same position in Group B as well. This implies that position is held
fixed in comparisons between Groups A and B. Further, while the sequence of organic listings
are determined by the platform on the basis of its own proprietary algorithms, the experiment
ensures that the sequence of organic listings shown for a given search criteria are the same in the
control, A and B. This facilitates interpreting the difference between the groups as driven by the
manipulations we induced to paid listings.

To fix ideas, suppose the advertising returned in Figure 2—“Smoke House Deli”—has
contracted for its ads to appear in response to searches from the “Hauz Khas Village” location
in New Delhi City on 9 August 2014, and Zomato displays its ad in Group A as shown. Then,
all searches in Group B from the “Hauz Khas Village” location in New Delhi City on 9 August
2014 with the “Smoke House Deli” ad served will also feature it on the same position. Further,
the same sequence of organic listings that appeared in response to the search in Groups A and B
appear in the control group as well.

5. A SIMPLE TWO FIRM MODEL

How would signalling change consumer behaviour between treatments A and B? We present a
stylized theoretical model that explains our view on how signalling occurs in a setting like above,
and helps interpret the difference in behaviour between treatments. The exposition is as follows.
We first set up a model corresponding to Treatment B; then for Treatment A, and finally, contrast
consumer behaviour between the two. The main difference between the model in Treatments A
and B is in the information structure faced by the agents. From the consumer’s perspective, while
ads and organic listings can be discerned in Treatment B, both listings are perceived as organic
in Treatment A. We use this model to interpret our data. Supplementary Appendix B reviews the
elements of the model in more detail.

The model works as follows. While considering a purchase, a consumer is uncertain whether
a product will satisfy his need. Some uncertainty can be resolved by searching on a search
engine, which reveals information it has about the products. Firms selling the products have the
information that can resolve the remaining uncertainty. In equilibrium, the firm with the better
product advertises, paying the ad cost to signal high quality. The consumer visits the search
engine, makes inferences and decides to purchase optimally.

19. Advertisers rarely appear in the organic results on the same search results page as their ads. An advertiser and
its organic listing appears on the first page together in 5.2% of all searches in our data. Due to randomization, this number
is on average the same across the three groups (p = 0.50). The findings in the paper are not sensitive to omitting searches
in which an advertiser appears twice in groups A and B. See Section 7.
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5.1. Model setup

There are two firms, j=1,2, one search engine and one consumer in the model. Each firm

produces one product. The search engine is a stylized version of Zomato. It lists the two products

on its search listings page, with the advertiser’s listing on top. The search engine also hosts two

information pages, one for each product. A product’s information page can be accessed by clicking

its listing, which might be identified as an ad by the consumer (when subject to Treatment B), or

otherwise as an organic listing.

The consumer has a need that may be satisfied by consuming a product. The chance that either

product will satisfy the need depends on the product’s “quality,” which is ex ante uncertain to the

consumer. A product j satisfies the need if the quality of j = sj +ej >0, where sj is the quality

of j ’s search attribute and ej is the quality of j’s experience attribute. The experience attribute is

not verifiable by the consumer before purchase; it is revealed only after purchase. The freshness

of a restaurant’s food is an experience attribute in the restaurant context. The search attribute is

potentially verifiable before purchase. In the restaurant context it could be the restaurant’s menu.

To make the analysis below easier, we assume that sj = s̄j +vj, where s̄j is the mean, and vj is

mean-zero and symmetrically distributed with cdf F . Therefore, given beliefs about s̄j and ej, the

probability of j satisfying the consumer’s need is P(sj +ej >0) = F
(

ej + s̄j

)

.20,21

One of the firms is higher on the experience attribute with ej = HE , and the other is low with

value LE (HE >LE). Without loss of generality, let firm 1 be high-type on the experience attribute

and firm 2 be low-type on the experience attribute. Similarly, one of the firms has a relatively

high s̄j =HS (e.g. in expectation, the consumer is more likely to be satisfied by the menu offered

by the restaurant). The other has a lower s̄j =LS (HS >LS). Nature allocates the search attribute

randomly such that, with probability 1
2 , firm 1 is HS and firm 2 is LS and, with probability 1

2 , firm

1 is LS and firm 2 is HSs.

The search engine has information on the products’ search attributes, which it displays on

the info pages. The search engine knows which product’s search attribute has a higher quality

on average, through its algorithms and databases. That is, it knows s̄j (not sj). The search engine

has no information on the experience attributes; it does not know, and cannot learn ej. Therefore,

when the search engine shows more than one organic listing, it sorts them by s̄j. The analogy in

the restaurant context is as follows. The search engine may know the menus for both restaurants,

but not the freshness of the ingredients they use. It may also be able to predict which restaurant’s

menu is more popular, among the searching consumers. But it might not be able to predict whose

menu is preferred by a given consumer.

If his need is satisfied, the consumer obtains a payoff of 1. Otherwise, he gets 0. The consumer

faces two kinds of costs. Visiting the product-page on the search engine and perusing it incurs a

search cost of c. He also incurs a transaction cost t while buying the product. In our setting, the

transaction cost could be the cost of traveling to a restaurant, or waiting for the food to arrive in

case of home delivery.22 The firm with LE gets a normalized payoff of 1 on selling the product,

20. The likelihood that the need is satisfied is P(sj +ej >0) = P(s̄j +vj +ej >0) = P(vj >−s̄j −ej) =1- F
(

−ej − s̄j

)

=
F

(

ej + s̄j

)

. The last step follows because of the symmetry of the cdf F .
21. One could interpret this as following. The consumer’s taste for the search attribute is drawn from a distribution.

For instance, even if j is the preferred product on average, i.e., has a higher s̄j +ej , there is a chance the consumer will
not be satisfied by it if he gets a bad enough draw from the distribution. This “heterogeneity” causes him to potentially
visit multiple product pages on the search engine.

22. We assume 1> t > 1
2 to simplify the workings of the model below. Relaxing this assumption does not

change the main implications (see Supplementary Appendix B). Other parameter restrictions are also explained in the
Supplementary Appendix.

D
o
w

n
lo

a
d
e
d
 fro

m
 h

ttp
s
://a

c
a
d
e
m

ic
.o

u
p
.c

o
m

/re
s
tu

d
/a

rtic
le

/8
7
/3

/1
5
2
9
/5

5
8
3
7
4
5
 b

y
 U

N
IV

E
R

S
IT

Y
 O

F
 N

O
R

T
H

 C
A

R
O

L
IN

A
 A

T
 C

H
A

P
E

L
 H

IL
L
 H

E
A

L
T

H
 S

C
I L

IB
 u

s
e
r o

n
 1

6
 J

u
ly

 2
0
2
2



1546 REVIEW OF ECONOMIC STUDIES

and the firm with HE gets 1+π (π >0). The difference π represents the additional payoff due

to repeat purchase, or higher order-size, that accrues to the product with the higher experience

attribute.

5.2. Information structure and timing of the model

Values HS,LS,HE,LE , distribution F (.), consumer payoffs and costs c,t, firm’s payoffs π are
common knowledge. In the beginning, each player knows different pieces of the remaining
information. Each firm knows the mean quality of its own and its competing product’s search
attributes; it also knows the experience attribute qualities for both firms. That is, each firm knows
s̄1,e1,s̄2,e2. The search engine knows the mean search attribute qualities of both products i.e.,
s̄1,s̄2, but not e1,e2. The consumer does not know s̄1,e1,s̄2,e2. No player knows the consumer’s
exact quality value of the search attributes (s1 and s2).

The purchase decision unfolds in three stages. In Stage 1 the search engine assigns the ad
to firm 1 or 2 via a second price auction with no reserve price. In Stage 2, the consumer visits
the search engine, sees the search listings, and engages in optimal search. Consumer information
acquisition in Stage 2 is as follows. If he is in treatment B, he infers e1,e2 on seeing the identity of
the advertiser. If he is in treatment A, he infers s̄1, s̄2 on seeing the ordering of the listings. After
making his inferences, the consumer can choose to click on any product listing, and explore its
product info page. On arriving and perusing product j’s info page, sj is revealed, and search cost
c is incurred. Upon obtaining the additional information, the consumer can choose to proceed to
purchase the product; if not, the consumer can incur the search cost again to browse the info page
of the other product, and proceed to purchase it if desired. Finally, in Stage 3, if the consumer
purchases j, he incurs transaction cost t. After purchase of j, ej is revealed.

5.3. Consumer beliefs and behaviour in Treatment B

The following occurs in a separating equilibrium (detailed in Supplementary Appendix B). Firm
1 (type HE) advertises and is placed on top with a disclosure indicating the ad. The consumer
believes it to be high on the experience attribute. Therefore, he believes e1 =HE and e2 =LE . He
is not able to infer the search attribute by looking at the listings. Hence, the consumer expects firm
1 to be more likely to fulfill his need relative to firm 2 based on the information he has. Therefore,
he visits the advertiser’s page first with probability 1, and is likely to buy with probability
F(s̄1 +HE).

5.4. Consumer beliefs and behaviour in Treatment A

Treatment A experimentally manipulates only the disclosure of the ad, holding other factors
such as the firms’ advertising behaviour constant.23 Therefore, much of the set up remains the
same as in treatment B, with two exceptions. First, since the ad is not disclosed, it appears
as the top organic link in the listings. Second, the consumer in Treatment A believes there is
no advertising on the platform.24 Hence, the following occurs in equilibrium. Firm 1’s ad is
placed on top without disclosure. The consumer perceives all listings as organic, and believes

23. Firms are unaware of treatment A, and advertise believing the ad will be shown as in treatment B.
24. This parallels our experimental scenario. Consumers randomized into treatment A believe there is no advertising

on the app.
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the top organic listing, which is firm 1, is high-type on the search attribute. He is unable to make
inferences about the experience attribute. Since the consumer believes firm 1 (advertiser) to be
more likely to satisfy his need, he visits firm 1 with probability 1. On visiting firm 1’s page s1

becomes known. Given the existence of a transaction cost, we show in Supplementary Appendix B
that, in equilibrium, the consumer buys only when s1 +LE >0, otherwise he gets a negative
expected payoff from purchase. Therefore the probability the consumer buys is F(s̄1 +LE) (see
Supplementary Appendix B).

5.5. Comparing Treatment B versus Treatment A

Page-visits to the advertiser do not change between A and B, and, the purchase probability is

higher in treatment B by F(s̄1 +HE)−F(s̄1 +LE)>0. This is the main prediction of the model.

Further, noting that the value of advertising as a signal of quality to the consumer is higher ceteris

paribus when the uncertainty about the experience attribute is higher, we consider a comparative

static implied by the model: i.e., How does the difference between treatment A and B change

when the variance in ex ante consumer beliefs about the experience attribute increases? In the

model, the variance in ex ante consumer beliefs about the experience attribute across the two

firms is 1
4 (HE −LE)2.25 A mean preserving increase in variance occurs when HE →HE +δ and

LE →LE −δ for δ>0. The model predicts this increases the effect of disclosure on purchase. This

is because the change in purchase probability from treatment A to B is F(s̄1 +HE +δ)−F(s̄1 +

LE −δ)> F(s̄1 +HE)−F(s̄1 +LE) as F(.) is increasing in its arguments.

5.5.1. Discussion. The intuition behind the model’s predicted change in consumer

behaviour from ad disclosure is as follows. Without ad disclosure, the consumer in Treatment

A is uncertain about the experience attribute, but believes the advertiser is high type on the

search dimension and visits the advertiser first. When the ad is disclosed, in Treatment B, the

consumer is uncertain about the search attribute, but believes the advertiser is high type on

the experience dimension, and visits it first. So page visits do not change between the treatments.

On visiting the advertiser’s page, the search attribute is fully revealed in both treatments. But

the consumer infers the experience attribute due to ad disclosure in Treatment B, and believes

the advertiser to be higher on the experience dimension. So the consumer purchases from the

advertiser with higher probability in Treatment B, relative to A. The model clarifies what we

mean by “signalling”: it is the change in the consumer’s belief about the product’s experience

attribute due to advertising—causing the consumer to believe that the advertiser is high-type on

the experience attribute.

In this model, the search engine does not display any search attribute information on the search

listings page. Therefore, the consumer visits the advertiser’s page with probability 1. In reality,

search engines display some information (e.g. Zomato displays a restaurant’s cuisine) along

with organic listings. Consumers may have an idiosyncratic response to this information, which

induces a probability < 1 on visiting the advertiser’s page in the two treatments. In a revised model

that accommodates this, we can show that visits weakly increase when going from Treatment A

to B, and the extent to which visits increase is smaller than the extent to which purchases increase.

See Supplementary Appendix C.

25. E[e]= (HE+LE )
2 , and var[e]= 1

2 ×
(

HE − (HE+LE )
2

)2
+ 1

2 ×
(

LE − (HE+LE )
2

)2
= 1

4 (HE −LE )2.
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6. RESULTS FROM THE FIELD-EXPERIMENT

6.1. Outcome measures

Based on the above rationale, we use calls and page-visits as dependent measures.26 We use calls
instead of actual demand because we are unable to track actual restaurant visits or spending.
Both Zomato and restaurant advertisers regard calls to be sales-leads that are a good proxy
for sales in the markets we consider. To check this, we analyse historical data on calls made to
restaurants. We report this analysis in Supplementary Appendix E, and provide a short summary
here. We use a sample of 1,033 recorded calls made by users to 28 restaurants that advertised on
Zomato in October–November 2010 and content-code them manually. 69.5% of the calls involve
the caller placing an order for home delivery. 8.5% involve reserving a table at the restaurant.
Other calls related to purchase involve those placed to “takeout” food (1.8%) or to arrange for
catering (1.3%). The remaining 18.9% are unrelated to purchase. Specifically, 13.4% of these
ask for information without expressed purchase intent (e.g. details on the buffet, inquiries about
whether the restaurant is open on a holiday). The others include marketing calls, wrong number
dials etc. Overall, we find that 81.1% of the calls involve purchase intent from the caller. These
data suggest that calls proxy for demand.27

6.2. Analysis based on first ad exposure

The main results reported below utilize data only on users’ first exposures to experimental
advertising. We do this to address the following econometric issue. Consider an individual in
Group A or B who searches on the platform and is exposed to an ad. All of the user’s subsequent
search behaviour on the platform—which drives his propensity to be exposed to more ads—could
be influenced by the initial ad-exposure. For example, if advertising in group B is more effective
than A, users in B might end up browsing fewer pages and be exposed to fewer (and possibly
different) ads after the first. Therefore, comparing users conditional on subsequent searches or
subsequent ads seen is subject to selection. To mitigate this, we base our tests on the effects of
the first exposure to experimental ads on consumer-decisions. We implement the following steps
to generate a dataset with such first exposures.

26. Signalling theory does not have a clear prediction for other information acquisition or search-related outcome
measures, such as browsing through reviews. Such outcomes may decrease or increase because of ad disclosure. For a
more elaborate discussion, see Supplementary Appendix D.

27. The fact that orders comprise a large proportion of the calls is not surprising given that online ordering was
not available on Zomato until 2015. Also, there is no well established technology-enabled facilitator of reservations
(like OpenTable in the US) in these markets. Quoting an official announcement by Zomato, “A few months ago,
we made an important move in India – launching our online ordering service. And we’ve really been kicking our
competition’s ass in this business with less than 0.1% of their marketing budgets. Why we were able to win? Because
we have millions of users who already use us for ordering food over the phone. Now, they have started placing the same
orders online using our app. And there is a lot of growth still left; 92% of our users who use Zomato to search for
restaurants that deliver haven’t even started ordering online on Zomato as yet. Our ticket sizes are more than double
our competitors’—because our users are not using us for the discounts. They are using us for the convenience, and a
product they already love Zomato for. Our users hold tremendous potential for transaction-based businesses. Getting
into transactions was always the natural next step for our business. Online ordering is a natural and logical alternative
for our users who, up until now, used to call restaurants to place their orders for delivery. Table reservations fit into
Zomato as easily as online ordering did. The time has come for us to focus deeply on transactions in countries
where it matters.” See, http://blog.zomato.com/post/131277554406/shifting-focus-to-what-matters-and-what-works,
dated 16 October 2015.
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• We start by defining a session as constituting all actions starting with a users’ opening of
the app on his phone up-to the beginning of a continuous period of inactivity that is longer
than 3 hours. A session could comprise one or several searches, page visits and calls and
represents a user trying to find a restaurant for a particular consumption occasion.

• For each individual (across all three groups), we examine the sequence of his searches in
the data, and determine the first search for which ads would be served. For this search, we
determine the restaurants who advertised, using the search-to-advertiser mapping.28 We
restrict our analysis to the users’ actions related to the first restaurant that is advertised
on this search. This is the first advertiser that a user sees (or could have seen). If multiple
restaurants advertised at this position (which happens if Zomato decides to draw from a
set of multiple restaurants given its contractual agreements), we consider the user’s actions
related to each such restaurant. Further, if the advertising restaurant is a part of a chain, we
consider the user’s actions related to all restaurants of that chain in the area.

This analysis plan minimizes the bias from feedback effects by basing inference on the response
to the first ad exposure for each user. The above procedure results in a dataset in which each
observation in groups A & B is an individual × the restaurants that are advertised at the first ad-
slot in a users’ search results page. In the control group, each observation is an individual × the
first restaurant or restaurants that counterfactually would have advertised in response to his search
if the user had been treated. The dataset is unbalanced (different restaurants r for each user i). Each
observation tracks as dependent variables indicators of whether the user visits the advertiser’s
page and/or calls the advertiser during the session when the exposure occurs. Henceforth, we
refer to this dataset as the “analysis dataset”. Supplementary Appendix F presents more details
about the creation of this dataset.

6.2.1. Description of the analysis dataset. We observe 265,975 users who download
the app update, and apply at least once a search for which ads are served and thereby get included
in the analysis dataset. These users are split across the three experimental groups as 44,233 (in
control); 44,637 (in A); and 177,105 (in B). There are roughly four times more users in group B
than A or the control, because B is comprised of additional sub-conditions as noted in Section 4.29

These users are spread across 321 zones.
There are 622 advertisers that occur in the analysis dataset. On average, an advertiser occurs

589 times, with a standard deviation of 972. The distribution of occurrence of the advertisers in
the data is skewed: the 10th, 50th, and 90th percentiles are 4, 128, and 1,711 respectively, for
groups A and B. 61.7% of the user-sessions in the analysis dataset involve a visit to a restaurant’s
information page, counting not just the advertisers. The average number of restaurant pages
browsed in a session is 2.39. The 10, 25, 50, 75, 90th percentiles for page-visits are: 0 , 0, 1, 3,
6. 7.9% of sessions call a restaurant.

Supplementary Appendix F reports means and balancing tests in user characteristics across
the groups, including ANOVA tests on a variety of pre-experimental variables such as users’

28. For any search, depending on the day when the search happens and the filters applied, we know whether any
ads would be served, and which restaurants would be advertised.

29. The design intended to assigned individuals to Control, Treatment A, Treatment B with ratio 1:1:4. To be exact,
the randomization code assigned probabilities across the 6 groups as 16.67:16.67:16.67:16.67:16.67:16.67:16.65(=100-
5×16.67). The last group got a slightly lower weightage. On checking the actual assignments to the different treatment
groups we can see that these ratios realize in the sample. We are unable to reject that proportion of individuals in Control
= 1/6 (p-value = 0.62); proportion of individuals in Treatment A = 1/6 (p-value = 0.11); proportion of individuals in
Treatment B = 4/6 (p-value = 0.38).
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TABLE 3
Advertiser characteristics in within-market deciles across experimental groups

Rating decile Number of ratings decile Cost decile Date added decile Chain indicator

Control 7.708 8.537 7.944 5.757 0.306
Treatment A 7.710 8.533 7.931 5.766 0.307
Treatment B 7.710 8.535 7.935 5.770 0.306

p-value 0.98 0.91 0.46 0.71 0.96

Note: Table shows sample averages and tests whether the baseline characteristics of the advertisers (in terms decile within
market) that appear in our analysis dataset, differ across the three experimental groups.

TABLE 4
Average restaurant characteristics: advertisers and other restaurants

(1) Advertisers (2) Non-advertisers

Average rating 3.408 2.321
Number of ratings 193.57 49.90
Days since restaurant was added (as of 1 September 2015) 897.36 927.49
Cost index (USD) 15.23 9.80
Indicator of a chain restaurant 0.357 0.442

Note: Column (1) shows mean characteristics in absolute term for advertisers that appear in our analysis dataset. Column
(2) shows means for all the restaurants in the advertisers’ zones. For column (1) we use data for 569 (out of 622) advertisers
for which characteristics data is not missing. Data on “Days since restaurant was added” is available for 472 restaurants.
For Column (2) we use data on 33,067 restaurants, except the third row, which is a mean of 27,406 restaurants.

TABLE 5
Effect of ad-disclosure on call and page-visit

Group Description Call Page-visit

Mean Std. Err. Mean Std. Err.

A Ad with no disclosure 0.031% 0.006% 1.10% 0.03%
B Ad with disclosure 0.055% 0.004% 1.18% 0.02%

p-value of test, H0: Equal means 0.002 0.084
t-stat 3.09 1.73

Notes: There are 366,330 observations, 73,714 in A; and 292,616 in B corresponding to 44,637 unique users in A; and
177,105 unique users in B. Means represent the average of call and page-visit indicators across all users in each group in
the analysis dataset. p-values computed by running a regression of the call/page-visit indicators for users in A and B on
an indicator for group B, with standard-errors clustered at the user-level. Call probability is 77% higher when disclosing
relative to the no-disclosure group. The visit rate with and without disclosure are statistically indistinguishable at 95%
confidence level. Disclosure that a listing is a paid ad thus drives the incremental conversion.

past engagement with Zomato, search activity prior to the experiment, and the characteristics of
restaurants visited in the past. There, we find the null of equal means across the three groups is not
rejected for any of the variables, showing that randomization is induced properly. Table 3 reports
the same for characteristics of advertising restaurants. We find no systematic differences across
treatment groups. Supplementary Appendix F also documents that the occurrence of searches
and advertisers are balanced across treatment groups as expected by randomization.

6.3. Main effects: visit and call rates

Table 5 reports the change in page visit probability and the call probability in response to disclosure
and represents the main results of the article.
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It shows that disclosure has a positive and statistically significant effect on the probability of
calling the advertised restaurant. This implies a 77% increase in B relative to A (from 0.031%
to 0.055%).30 This represents the causal effect of disclosure on calls and is consistent with the
signalling prediction from the model in Section 5.

To gauge the magnitude of the disclosure effect, we compare it to the call-probabilities the
same restaurants would obtain in a world without disclosure, in response to a change in their
characteristics. To do this, we estimate how much the call probability of the focal advertisers
would change if their characteristics changed. As we do not randomize these characteristics, this
is not a causal effect. Nevertheless, we regress an indicator of whether any of the advertisers
are called by users in group A, on the within-zone deciles of the attributes we reported on in
the previous section (average rating, number of ratings received, cost for two and days since it
was added to the database). Supplementary Appendix G presents the regression results. We find
the disclosure effect is comparable to a two decile increase in the number of ratings received
(statistically significantly estimated). So, roughly speaking, an average advertiser in our dataset
obtains the same benefit in calls by disclosing sponsorship as a two decile increase in the number
of ratings it has on the platform.

Looking at the same table, we see that while ad disclosure drives more people to the advertiser’s
page during the session, an increase is not statistically significant at the 95% confidence level.31

Overall, these patterns are consistent with signalling, as discussed in Section 5. What could
explain the fact that calls increase more significantly than page-visits? Our interpretation of
what drives this result is clarified by the model: a consumer visits the advertiser’s page in both
treatments. In treatment A he believes the advertiser to be better along a search attribute, whereas
in treatment B he believes the advertiser to be better along an experience attribute. The value
of the positive belief diminishes in treatment A because visiting the product information page
clearly reveals the search attributes. On the other hand, a consumer in treatment B continues
to believe the advertiser to be better on the experience attribute after visiting the advertiser’s
page, so he proceeds to call the restaurant at a higher rate relative to a consumer in treatment A.
Supplementary Appendix B further elaborates on this aspect. Additionally, since the advertisers
in our setting tend to have high ratings (e.g. Table 1 or Figure 4a in Supplementary Appendix A),
and ratings are displayed on the search-results page, a consumer may decide to visit the advertiser’s
page on seeing its listing regardless of disclosure.

To summarize our main findings, ad disclosure has a measurable positive effect on demand
that is consistent with the signalling predictions. Additional statistical robustness on these
results, including exact p-values computed via simulation, and controls for search and advertiser
characteristics implemented in a regression setting (via fixed effects for search-query and for
advertisers) is reported in Section 7, and Supplementary Appendix I.

6.3.1. Exploring further: conditional call rate and continued search. According to
the model, a consumer in treatment A is less likely to be satisfied on visiting the advertiser’s page,
and more likely to continue searching, relative to a consumer in treatment B. Can we find direct
evidence for this? We report two additional comparisons to examine. The left panel of Table 6
compares the call probability conditional on a page-visit between A and B. This comparison

30. In absolute terms, we observe 23 calls in treatment A, and 161 in treatment B. Sensitivity analysis reported in
Section 7 repeats these analyses including calls that occur after the first session (and not just during that session) in the
dependent variable. The results are found to be robust. If we use as the dependent variable all calls a user made after
the first ad-exposure over the entire duration of the data, the corresponding effect of disclosure is a 17.7% increase in B
relative to A (from 0.214% to 0.252%: see last row, Table 11).

31. We can reject the null-hypothesis that disclosure decreases page visits using a single tailed-test (p-value = 0.04).
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TABLE 6
Call probability conditional on visit and probability of continuing search after a page-visit, split by experimental group

Pr(Call | Visit) Pr(Continue Search | Visit)

Group Description Mean SE p-value* Mean SE p-value*

A Ad with no disclosure 2.33% 0.50%
0.005

78.50% 1.4%
0.18

B Ad with disclosure 4.11% 0.30% 76.36% 0.7%

Notes: *H0: Equal means. The table reports on 4,214 users who visited the page of an advertising restaurant across the
groups. There are 814 observations in A; 3,452 observations in B; corresponding to 808 unique such users in A; and
3,406 unique such users in B. Means represent the estimated probability of calling the advertiser conditional on visit (left
panel), and the estimated probability of visiting another restaurant’s info page after visiting the advertiser’s page (right
panel). p-values computed by running a regression of the call/page-visit indicators for users in A and B on an indicator
for group B, with standard-errors clustered at the user-level. The conditional call probability is 76% higher when the ad
is placed with disclosure relative to the no-disclosure group. Disclosure that a listing is a paid ad thus seems to make the
restaurant’s appeal stronger to exposed users. The probability of a user continuing search after visiting an advertiser’s
page goes down moving from group A to B, though the difference is not statistically significant.

focuses on the subset of individuals who chose to visit an advertising restaurant’s info page in
each of the groups, and then compares the proportion of the subset that called the restaurant. We
caution that since each subset within a group is a selected subsample, this comparison does not
necessarily hold fixed user profiles across groups and does not estimate a clean causal effect.
Nevertheless, it helps describe the effects found above. Table 6 shows that the conversion from
a page-visit to a call is highest for the subset of users who visit the restaurant’s info page while
seeing that the listing is a paid ad, and higher compared to showing the listing in the same position
but without disclosure (a 76% improvement for B compared to A).

The right panel of Table 6 shows the probability of a user continuing to search during the
session, i.e., visiting another restaurant’s info page after visiting the advertiser’s info page, across
experimental groups. As a first observation, note that the probability of a user continuing to search
after visiting a restaurant’s page is high: 78.5% in group B. This shows this is a competitive setting
with significant search, and a large majority of the individuals who consider a restaurant continue
to explore more options. Comparing the estimates across groups, we see that users in B continue
to search at similar (or lower) rate after seeing the advertised restaurants’ page.

6.3.2. Evidence for signalling Effect. We infer the estimated effect of ad-disclosure—
the consumer seeing that a restaurant is advertised—as evidence supporting the signalling effect,
as described in Section 5. Ad disclosure causes the consumer to change his beliefs about the
restaurant’s appeal, which is shown by his changed propensity to call the restaurant. Since we
are holding ratings and other characteristics fixed in our comparisons, the effect we measure
represents the informational value of advertising over and above the information provided to
consumers by ratings and other characteristics. We believe that a mere indication disclosing the
ad is unlikely to directly affect intrinsic restaurant preferences. While we cannot rule out this
possibility emphatically, note that preference changing effects like persuasive or complementary
effects of advertising are typically understood as operating through the content of the ad (for
example, through the positive feelings evoked by the ad-copy or through positive associations
kindled in memory through reminders of existence or enjoyment embedded in the ad). Such
effects may well coexist with the signalling mechanism, but may operate through other aspects of
the ad. To the extent that we have controlled for all aspects of ad-content, awareness, positions and
existence, we believe what we have isolated in the response to disclosure is a cleaner signalling
effect relative to the past literature. In Section 7, we consider other mechanisms not related to
signalling, and show that they do not explain our data.
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6.4. Investigating heterogeneity in more detail

This section augments the main results reported previously by examining systematic heterogeneity
in effects, and comparing them with the predictions of the model discussed in Section 5. The
main comparative static is that the signal is likely to be more useful when uncertainty about the
unobserved quality of the good is higher (see Section 5.5). As operationalization of this idea,
we test whether the effect of the disclosure is higher for subpopulations of restaurants about
which users are ex ante more likely to be uncertain. We also test whether the effect is higher for
subpopulations of users that are likely to have more uncertainty about the appeal of the restaurants
they are considering.

6.4.1. Behaviour of users searching in an outside city. To identify a subpopulation of
users who have more uncertainty about quality, we look for users in each experimental group who
search for restaurants in a city that is different from the city where they predominantly searched
in the past. Presumably, these users are more uncertain about the appeal of the restaurants they
are browsing, compared to users searching in their home cities. Therefore, we expect the out-
of-city (i.e. those who travel) subpopulation to be more responsive to ad disclosure, compared
to the remaining “usual-city” subpopulation, as predicted by the signalling theory. With this
motivation we test whether the difference between outcomes in A and B is larger for the out-
of-city subpopulation compared to the rest. Note that the “usual-city” and out-of-city users may
also differ on other aspects, apart from their uncertainty about restaurant quality. It is possible
that these other differences cause the differential impact of disclosure. To the extent possible, we
use our observed data to control for other observed factors in the regression analysis below. We
maintain the assumption that the reason these users travel is not influenced by their experimental
assignment. So, the ex ante distribution of usual-city and out-of-city users is the same in treatment
groups A and B. A t-test is unable to reject that the proportion of out-of-city searchers in groups
A and B is equal (p-value = 0.89).

We use the historical data prior to the first session for each individual to identify the city
in which the individual conducts most of his searches.32 We find that 5,031 users search for
restaurants in a city that is different from the one they usually conduct their searches. We test
whether the ad-disclosure has a differential effect for these user-sessions, compared to the rest of
the users. Unfortunately, we do not have enough power to explore a similar comparison for the
call variable.33

Table 7 compares the means for this analysis. Looking across the rows in the left column, we
see that users searching in a different city from their usual one behave differently and visit the
advertised restaurant’s page at a significantly higher rate if they are advertised with disclosure.
This behaviour contrasts with the rest of the sample, whose behaviour looks similar to that reported
for the overall group in Table 5: a statistically insignificant difference in the visit propensity with
disclosure relative to no disclosure. Looking at the numbers across columns, within treatment A
we see that probability of visiting the advertiser’s page is smaller among out of city searchers,
relative to the rest of the population. However, the statistical significance of this difference is
weak. In treatment B, the direction of this comparison reverses; out of city searchers have a
significantly larger probability of visiting the advertiser’s page, relative to the rest of the population

32. Specifically, we use the data from before the individual conducts a search for which experimental ads are shown.
Because of limited availability of past data, we are able to do this for 83,245 (of the 265,975) users in the experiment.

33. Out of the 5,031 users, 860 are in the control group, 843 in A and 3,328 in B. We observe 118 visits across
groups that facilitates a test of differences in rates on this variable. We observe only 4 calls totally, all in treatment B.
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TABLE 7
Visit probability split by experimental group and by user uncertainty

User sessions in a different
city from hometown

Remaining user sessions p-value of test*

Group Description Mean SE Mean SE

A Ad with no disclosure 0.71% 0.22% 1.11% 0.04% 0.077
B Ad with disclosure 1.73% 0.18% 1.17% 0.05% <0.01

p-value of test† <0.01 0.194

Notes: *H0: Equal means across columns. †H0: Equal means across rows. The table reports on two subsets of the sample
of observations. We observe 1,409 user ×advertiser observations in group A, and 5,489 in B. The right panel reports on
the rest of the users. The table reports the differences in visit probability, separately by these two groups of users, across
all relevant sessions in each group. p-values in the last row are computed by regressing the info page-visit indicators
for users in A and B on an indicator for group B, separately for two sets of users, with standard-errors clustered at the
user-level. p-values in the last column are estimated similarly with the explanatory variable an indicator of whether the
user is in out-of-city set or not. Users searching in a different city from their usual one are seen to behave differently:
disclosure has a strong effect for users searching in a different city, but there is no statistically distinguishable effect for
the rest.

(p-value < 0.01). This indicates that the difference in behaviour between usual-city and out-
of-city users increases due to disclosure. On the whole, these findings are consistent with a
signalling role for advertising. The effect on page-visits, in particular, can be rationalized by
the extension to the theory model (presented in Supplementary Appendix C), in which the search
engine displays some search attribute information on the listings page, and consumers are allowed
to have idiosyncratic responses to it.34

Can this difference in responsiveness to ad disclosure be explained by observable differences
between out of city searchers and the remaining population? To investigate this, we conduct
the above analysis in a regression framework and control for observable characteristics of the
individual’s circumstances, and the systematically different effects they may cause. Specifically,
we operationalize this regression as

Yir =α+βIi,B +γ1Ii,B ×diff_cityi +λ1diff_cityi +γ2Ii,B ×Xir +λ2Xir +ǫir, (6.3)

where Yir is an indicator of whether the individual i visited advertising restaurant r’s page; Ii,B is
an indicator that i is in treatment group B; diff_cityi is an indicator that i is searching in an outside
city; Xir is a vector of observed characteristics that includes an 13 fixed effects for cities, and
advertiser r’s characteristics described in Section 3.2; λ1 is the deviation in average page-visits
for individuals who are in a different city; γ1 is the increase in sensitivity to Treatment B for
individuals who are in a different city; λ2 captures the covariation in page-visits with observed
characteristics, and γ2 captures how this covariation changes with disclosure. If the difference in
sensitivity to disclosure between out of city searchers and the rest of the population observed in
Table 7 can be explained by any of the factors in the vector X, we expect γ1 to be insignificant.

Table 8 shows the results of this regression with and without adding the control variables.
Column 1 without the controls replicates the results in the Table 7. Columns 2 and 3 show that
adding the controls does not change the focal coefficient significantly. This indicates that the

34. In other extensions not reported (available on request), we can also allow in the theory model for a proportion
p of the population that has more uncertainty about the experience attribute signaled by advertising. This model shows
that the effect of disclosure of ads (treatment B − treatment A) increases as p increases. The subpopulation of out-of-city
users is expected to have a higher p than the remaining sample. Therefore, the effect of disclosure is also expected to be
larger for this sample: more people change their beliefs about the advertiser’s likelihood of satisfying their need when
advertising is disclosed.
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TABLE 8
Visit probability split by experimental treatment and by user uncertainty: controlling for observable characteristics

Dependent variable (1) Page-visit (2) Page-visit (3) Page-visit

Coeff: SE t-stat Coeff: SE t-stat Coeff: SE t-stat

Ii,B 0.00057 0.00044 1.30 0.00072 0.00156 0.46 0.00466 0.0034 1.36
Ii,B×diff_cityi 0.00964 0.00294 3.28 0.00965 0.00295 3.26 0.01135 0.00336 3.37
diff_cityi −0.00402 0.00226 −1.78 −0.00406 0.00228 −1.78 −0.00526 0.00252 −2.09

Intercept 0.01111 0.00039 28.40 0.01209 0.00138 8.74 −0.0070 0.0030 −2.32

13 fixed effects for city? No Yes Yes
Ii,B×fixed effects for city No Yes Yes
Adding advertiser features? No No Yes
Ii,B×advertiser features No No Yes

Num. of observations 366,330 366,330 286,651
Num. individuals (clusters) 221,742 221,742 202,913

Notes: The table reports the regression estimates of the model in equation (6.3), with standard-errors clustered at the
user-level. It pools observations of individuals in experiment groups A and B. Column (2) controls for fixed effects for
each of the thirteen cities, and interaction of these fixed effects with an indicator of the individual being in treatment
group B (the base city is city-id 5 which has the median sensitivity to Treatment B). Column (3) adds advertiser-related
features we describe in Section 3.2, and their interaction with indicator for treatment B as controls. This column has
fewer observations because observed characteristics are missing for some restaurants. Column (1) reports results without
these controls. Adding the fixed effects and other variables does not change the coefficient of Ii,B ×diff_cityi, indicating
that the users searching in a different city from their usual one increase their page-visits to the advertising restaurant
because of ad disclosure. This increase is not due to the nature of the city they are searching in, or advertisers they get
exposed to.

behaviour documented is not likely being driven by higher effects in cities to which travelers go,
or types of restaurants whose ads they see.

6.4.2. Consumer behaviour with respect to advertiser characteristics. We now
examine the characteristics of restaurants that users visit/call under ad-disclosure. Following the
discussion in Section 5.3, we expect users to place more weight on the signal-value incorporated
into the ad-disclosure when they have higher prior uncertainty about the advertising restaurant’s
appeal. Thus, if we compare across restaurants, we should see that those restaurants about which
consumers a priori have more uncertainty benefit more from the ad-disclosure, all other things
held equal. As an operationalization of this idea, we check whether newer restaurants and those
rated by fewer users on Zomato benefit more from ad-disclosure controlling for other observable
restaurant attributes. Implicitly, we are treating fewer ratings and newer entry as proxies for higher
uncertainty, though these variables could be proxying for other things like popularity or quality,
so the test is only suggestive and is weaker than the ones presented in Section 6.3. We also observe
other characteristics about restaurants including the average rating and price-index presented on
the Zomato listings. These characteristics shift the baseline chance of the individual choosing a
restaurant. Theory does not have clear predictions about how the effect of the signal will change
with such characteristics. Pick for instance, the average rating of a restaurant. If the rating is high
enough, a user may not need an additional signal to buy from it. On the other hand, if the rating is
low enough, a strong signal may not be enough for an individual to buy. Similar arguments hold
for other characteristics that shift the baseline.

To hold observed characteristics fixed, we analyze the results in a regression set-up. Let Ii,B

be an indicator of whether user i is in group B, and let dr,Num-rating, dr,Ave-rating, dr,Price-Index and
dr,Date-Added denote the within-zone deciles of restaurant r on the respective variables. Represent
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TABLE 9
Heterogeneity in responsiveness to disclosure across restaurant types

Dependent variable: Page visit Call

Variable Coeff: t-stat Coeff: t-stat

Ii,B ×dr,Num-rating 00.04% −1.19 −0.01% −2.22

Ii,B ×dr,Date-Added −0.01% −0.56 −0.004% −1.25
Ii,B ×dr,Ave-rating 0.06% 2.06 0.02% 3.43

Ii,B ×dr,Price-Index −0.01% −0.20 0.006% −1.36

dr,Num-rating 0.03% 0.88 0.01% 2.26

dr,Date-Added 0.004% 0.28 0.003% 1.00
dr,Ave-rating 0.08% 3.35 −0.01% −1.50
dr,Price-Index 0.10% 4.39 0.00% 0.14
Ii,B 0.07% 0.24 0.05% 1.33
Intercept −0.51% −2.04 −0.03% −0.86

Num. observations 286,651 286,651
Num. individuals (clusters) 202,913 202,913
R2 0.0012 0.0001

Notes: The table reports on 202,913 users in groups A and B in the analysis dataset who are exposed to ads for restaurants on
which we have restaurant-attribute information. The table reports on the heterogeneity in responsiveness to ad-disclosure
by running a regression of visit/call indicators across all relevant users in groups A and B in the analysis dataset, on
a dummy for whether the session belonged to group B (Ii,B), and on interactions of this dummy with dr,Num-rating,
dr,Ave-rating, dr,Price-Index and dr,Date-Added, which represent the within-zone deciles of a restaurant r on the respective
restaurant characteristics. Standard errors are clustered at the user level. All coefficients multiplied by 100 to express as
%. Restaurants that are newer and with fewer ratings (about which users have more uncertainty) are expected to benefit
more from the signal. The table suggests these patterns hold.

by Yir an indicator for whether user i calls restaurant r. Stacking across all user, advertiser
combinations in groups A and B in the analysis dataset, we run the following regression,

Yir =α+βIi,B +λ1dr,Num-rating +λ2dr,Ave-rating +λ3dr,Price-Index +λ4dr,Date-Added

+Ii,B ×
[

γ1dr,Num-rating +γ2dr,Ave-rating +γ3dr,Price-Index +γ4dr,Date-Added
]

+ǫir.

We also report the same regression using an indicator for page visit as the dependent variable.
Recall that in the earlier analysis, we did not find a significant effect of ad-disclosure on page-
visits. Therefore, a priori, we expect to find systematic heterogeneity in the effect of ad-disclosure
on calls but not visits. In both, the main interest is in the interactions of the number of ratings and
age variables with the group B dummy (γ1 and γ4). These pick up the comparative static on prior
uncertainty and prior appeal and are expected to be negative under the signalling hypothesis. We
include interactions with the average rating and the price index so as to describe the heterogeneity
in treatment response.

Table 9 presents the results. Looking at the table, we see that restaurants of higher rating benefit
more from ad disclosure in terms of both page visits and calls. The interaction of the group B
dummy with the age of the restaurant is not statistically significant. We see that restaurants that
have fewer ratings benefit more from the ad-disclosure in terms of their call probability (coefficient
on Ii,B ×dr,Num-rating in the call regression). These interactions are consistent with a signalling
mechanism. The effects are also quantitatively significant. Holding everything else the same, a
restaurant that is rated fewer—by one decile at baseline, is likely to experience an incremental
effect of ad-disclosure of +0.013%. This increase is equivalent to 40% of the average baseline
call rate of 0.03%.
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6.4.3. Overall changes in consumer choice under disclosure. We now assess whether
consumers are made better or worse off under disclosure. A formal analysis of consumer welfare
would require taking a stance on a particular representation of utility. Instead, we ask whether
consumers are more likely to call better or worse restaurants in the disclosure group, where we
judge “better” or “worse” on the basis of the average baseline rating of the called restaurants. To
be clear, this assessment is not picked up in the analysis above. While we documented there that
users call advertised restaurants at a higher rate in the disclosure group, it could be that these
calls are coming at the expense of calls to better, non-advertised restaurants. If so, that suggests
users may be worse off under disclosure.

To assess these, we compare calls to all restaurants (including those that did not advertise)
between individuals in group A and B and examine how ad-disclosure changes users’ call choices.
As an added test, if ad-disclosure works as a signal and makes the consumers better informed,
we again expect the users in group B to pick options that might appear “risky”, a priori.

As before, we use a regression setup for this analysis. Let Ii,B be an indicator of whether user i
is in group B. Let dr,Num-rating, dr,Ave-rating, dr,Price-Index and dr,Date-Added denote the within-zone
deciles of restaurant r on the respective variables. Represent by Yir an indicator for whether user
i calls restaurant r. Stacking across all user and restaurant combinations in groups A and B, we
run the following regression,

Yir =αr +βIi,B +Ii,B ×
[

γ1dr,Num-rating +γ2dr,Ave-rating +γ3dr,Price-Index +γ4dr,Date-Added

]

+ǫir

Note that we include a fixed effect for each restaurant, therefore, the main effects of the restaurant
characteristics are not included. Each row in the regression is a user-restaurant combination,
which, with roughly 221K users and 140K restaurants would amount to roughly about 31B
observations. To make the regression manageable, we consider 10,834 restaurants which received
at least one call from any user in groups A or B. Therefore, we have about 2.4 billion observations
(221K users in groups A or B × 11K restaurants), and we cluster the standard errors at the
user-level, which is the unit of randomization.

The estimates from this regression are presented in Table 10. For ease of interpretation, the
coefficients are scaled by the average probability of a call in the 2.4B observations (i.e. the
coefficients are divided by 9.13×10−6). We run separate regressions with and without including
dr,Date-Added because this measure is missing for about a quarter of the observations, and is
consequential for the precision of the estimates. Column 1 shows that the coefficient corresponding
to Ii,B ×dr,Num-rating is negative and Ii,B ×dr,Ave-Rating is positive. The coefficient corresponding

to Ii,B ×dr,Price-Index is negative but statistically insignificant.35 When we drop the observations
with missing data (column 2), the estimates becomes imprecise, but remain of the same sign.
Looking at Table 10, the effect of ad-disclosure decreases by 0.0191 of the average call probability,
(a change of 2% to the baseline) if a restaurant moves up by one decile in the number of ratings it
receives. Put another way, moving a restaurant from the lowest to the highest decile would produce
an increase in call rate that is about 20% of the baseline effect. The effect of average ratings
is comparable. Finally, as robustness, Supplementary Appendix H repeats the same regression
considering only the user-restaurant pairs in which the restaurant’s city is the same as the user’s
city of search, and shows that the qualitative nature of the results remain unchanged.

35. Note that the numbers in the table are very small in magnitude compared to the numbers in the previous tables
because of the regression setup. This regression considers all combinations of users and restaurants (not just advertisers),
including restaurants that (1) may be less popular than the advertisers as noted in Section 3.2, and (2) less likely to be
relevant to the user compared to the advertiser whose ad is shown to the user. Both these reasons decrease the baseline
propensity of a user calling a restaurant.
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TABLE 10
Heterogeneity in user choice across all restaurants to ad-disclosure

Dependent variable: (1) Call (2) Call

Variable Coeff: t-stat Coeff: t-stat

Ii,B ×dr,Num-rating −0.0191 −2.05 0.0110 −0.92
Ii,B ×dr,Ave-rating 0.0187 2.22 0.0141 1.48
Ii,B ×dr,Price-Index −0.0139 −1.84 −0.0125 −1.48
Ii,B ×dr,Date-Added −0.0008 −0.11
Ii,B 0.1117 1.86 0.0931 1.08
Intercept 1.00 51.10 1.0011 46.96

Fixed effect for each restaurant Yes Yes
Num. Individuals (clusters) 221,742 221,742
Num. Restaurants 10,843 8,266
Num. Observations 2.4B 1.8B
R2 0.00 0.00

Notes: Table reports on 221,742 users in groups A and B in the experiment. The table presents how the characteristics
of restaurants called by individuals changes due to ad-disclosure by running a regression of call indicators across all
combinations of users and restaurants (that got at least one call from any individual in groups A or B), on a dummy for
whether the user belonged to group B (Ii,B), and on interactions of this dummy with dr,Num-rating, dr,Ave-rating, dr,Price-Index

and dr,Date-Added, which represent the within-zone deciles of a restaurant r on the respective restaurant characteristics.
Standard errors are clusters at the user level.

These estimates suggest that consumers are more likely to call restaurants that have higher
ratings and have received fewer ratings in the past, when they are in experimental group B
compared to when they are in group A. This suggests that users’ choices are shifting systematically
toward options that are better rated but, presumably, perceived as risky without the information
conveyed by advertising.

7. ROBUSTNESS

To close the paper, we discuss some statistical considerations pertaining to the main results; discuss
some robustness to alternative explanations for the findings; and report on sensitivity analysis. We
highlight some of the main analyses here, relegating full details to Supplementary Appendix I.

7.1. Statistical considerations

7.1.1. Robustness to session definition. The results presented so far examine the effect
of ad disclosure on outcomes in the session in which the ad exposure occurs. A session is
defined as a period of continuous activity on the app not separated by more than 3 hours (see
Supplementary Appendix F). We discuss robustness to the session definition. For each user-
restaurant pair in the analysis dataset, we create outcome variables indicating whether the user
visited the restaurant’s page or called the restaurant within 1 day (24 hours) of the exposure;
within 2 days; 7 days, and for the maximum duration the data permits. Then, we repeat the main
analysis with these new outcome variables, comparing outcome means of users in Treatment
A with outcome means for users in Treatment B for varying session-duration definitions. One
impact of using longer duration is there are more observed calls/page-visits for each user. Table 11
shows the results. The analysis shows that the main results—differences in mean page-visit and
call behaviour between groups—do not vanish over longer horizons. If anything, we see that the
difference in page-visits increases and becomes statistically significant.36

36. The following behaviour could explain this. In the session with exposure, the consumer recognizes the signal but
does not visit the advertiser’s page due to idiosyncratic reasons, for example, if he is satiated with the advertiser’s cuisine
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TABLE 11
Checking for sensitivity of main results to expanding the session definition

Outcome No disclosure
(Treatment A)

Disclosure
(Treatment B)

Difference: B - A

Mean SE Mean SE Mean SE p-value

(0/1) Page-visit within the session 0.0110 0.0003 0.0118 0.0002 0.00075 0.00043 0.08
(0/1) Page-visit within 1 day 0.0122 0.0004 0.0130 0.0002 0.00083 0.00046 0.07
(0/1) Page-visit within 2 days 0.0129 0.0004 0.0140 0.0002 0.00101 0.00047 0.03
(0/1) Page-visit within 7 days 0.0154 0.0005 0.0169 0.0002 0.00146 0.00051 0.005
(0/1) Page-visit until the end of data 0.0268 0.0006 0.0287 0.0003 0.00196 0.00068 0.004

(0/1) Call within the session 0.00031 0.00006 0.00055 0.00004 0.00024 0.000078 0.002
(0/1) Call within 1 day 0.00034 0.00007 0.00066 0.00005 0.00032 0.000083 <0.001
(0/1) Call within 2 days 0.00037 0.00007 0.00071 0.00005 0.00034 0.000086 <0.001
(0/1) Call within 7 days 0.00060 0.00009 0.00092 0.00006 0.00032 0.000106 0.002
(0/1) Call until the end of data 0.00214 0.00017 0.00252 0.00009 0.00038 0.000194 0.053

7.1.2. Bootstrapped test statistics. We use as the main test statistic the difference in
mean call rates between the two groups.37 Though we have a large number of observations in
each group and standard results based on the Central Limit Theorem apply, one may worry that
the normal approximation to the distribution of the test statistic under the null may be poor given
the small number of realized calls in both groups.38 To assess this, we report on a simulation
that computes an exact p-value that does not rely on the normal approximation. We simulate
the sampling distribution of the test statistic assuming the null that disclosure has no effect is
true. To do this, we block-sample at the user-level with replacement two datasets from the no-
disclosure group, one with n=44,637 users and the other with n=177,105 users, mirroring the
setup. We then take the difference in means of the call indicators between the two datasets, and
repeat this procedure 10,000 times to obtain 10,000 such mean differences. We plot the empirical
CDF of these in Figure 3, representing the empirical distribution of the test statistic under the
null. Denote this empirical CDF as F̂d(d). The observed value of the test statistic in the data
is 0.024% (0.055–0.031, see Table 5). This is represented as vertical red lines on the plot. The
chance of seeing a value more extreme than 0.024% under the null, F̂d(−0.024)+1−F̂d(0.024),
is 11

10000 =0.0011. This can be interpreted as an exact p-value based on the empirical CDF. This
is similar to the 0.002 value reported in Table 5. Visually inspecting Figure 3 also shows that
an observed difference of 0.024% would be highly unusual under the null. Overall, we conclude
that there is a robust statistically significant difference in the call probability between the two
groups.39

Supplementary Appendix I discusses additional statistical considerations. Supplementary
Section I.1.1 assess considerations raised in the statistical literature (e.g. Shaffer 2006;
Gelman and Carlin 2014) about the risk of obtaining a statistically significant estimate of the
wrong sign, as well as the risk of obtaining an overstated statistically significant effect, when a
study is possibly under-powered. The simulations there show such risks are low in this study.

at that time. At a subsequent purchase occasion he remembers the inference from the signal, and acts on it. “Carry-over”
effects of advertising of this nature are documented in Sahni (2015) in a similar setting.

37. With binary outcomes and independent samples, the t and χ2 tests are equivalent, and yield the same p-value.
38. The binomial distribution with parameters (N,p) is skewed when the success probability, p is close to 0 or 1, and

the normal approximation may be poor unless the number of trials, N , is very large (Blyth and Still 1983; Samuels and Lu
1992).

39. The two-tailed p-value of the test is also low enough to alleviate a concern related to multiple hypothesis testing.
For example, above, we conducted two tests comparing the disclosure and no-disclosure group. Adjusting the p-value for
multiple hypothesis testing using a conservative Bonferroni correction yields p = 0.004 (0.002×2).
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Figure 3

Assessing p-values by simulation

Notes: The figure shows the sampling distribution of the test statistic assuming the null that disclosure has no effect is

true. The observed value of the test statistic in the data is 0.024% (0.055–0.031, see Table 5). This is represented as

vertical red lines on the plot. The chance of seeing a value more extreme than 0.024% under the null is 11
10000 =0.0011,

which can be interpreted as an exact p-value based on the empirical CDF, and not the normal approximation.

Further, simulations in Supplementary Section I.1.2 show that our data have statistical power
to conclude that the effect of disclosure on page-visits is smaller than the effect on calls.
Supplementary Section I.1.3 shows the main results are stable when we cluster standard errors by
advertiser restaurant and by search query, rather than by individual. Supplementary Section I.1.4
reports the main results in regression form, including fixed effects for advertiser restaurant and
search query. The estimates are seen to stable across the various controls, documenting that the
results are not driven by differences in search queries and advertisers across treatment groups.

7.2. Other considerations

Supplementary Appendix I also discusses the following sensitivity analyses and alternatives
explanations.

7.2.1. Is ad-disclosure simply catching user’s attention? If disclosure was merely
catching user attention, we would expect it to have a larger impact on page-visits during the
session compared to calls, which is the opposite of what we find. We investigate this matter further
in Supplementary Section I.2. We report the effect of experimental variation in the salience of the
listing, by comparing the control group and group A—which involves an increase in salience—
as well as the comparisons between treatment sub-conditions incorporated into the experimental
design to assess this directly. A contrast between the salience effect and the effect of ad disclosure
suggests that salience is not the channel by which disclosure operates in this setting.

7.2.2. Do calls change without a change in demand? Supplementary Section I.3
reports on robustness to using calls as a proxy for demand by showing the effect of ad disclosure
exists in the subset of cases where the search category chosen by the consumer is “home-delivery”.
In this case, we know for sure the user is looking to order food for delivery, wherein a call is
likely to match closely with demand. The main patterns continue to hold.
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7.2.3. Are the effects driven by adverse user reactions to no-disclosure?

Supplementary Section I.4 reports whether there is support for alternative phenomena that explain
the difference in outcomes between groups A and B by positing negative user reactions to group
A. For instance, one possibility is that users experience some “cognitive dissonance” (Festinger
1957) in group A because the listing shown in the ad-slot (i.e. the advertiser) is not a great
match to their search and tastes. This may reduce their trust in the search-engine, and cause
them to respond unfavourably to listings in group A. The evidence suggests this is not the main
phenomenon driving the results.

7.2.4. Are results affected by cases in which the advertiser is also shown as an organic

listing? In Treatment A in the experiment, the advertiser could appear twice in the organic
listings (once as an non-disclosed ad, and the other as a regular organic listing). To assess this, first,
in Supplementary Section I.5, we document that this aspect is not “unusual”—popular platforms
repeat domains in organic listings for many reasons, seemingly unrelated to the quality of the
product. Further, to assess whether our results are sensitive to this, in Supplementary Section I.5
we report the main results after dropping observations in which the advertiser is presented in the
search listing page as an organic listing (5.2% overall), and find they remain robust.

7.3. Boundary conditions and generalizability

Our model in Section 5 specifies conditions under which our effects are likely to occur. Other
things held equal, the signalling value of advertising is likely to be high when consumer uncertainty
about product quality is high; when repeat-purchase is more likely.40 Accordingly, these factors
are likely to moderate the size of the signalling role of advertising. In the paid-search context,
consumer uncertainty about the appeal of the product is dependent on the quality of the search-
engine’s recommendations and what the consumer can learn from searching. In a world where
the search-engine is able to communicate all relevant information to the consumer without
advertising, there will be no remaining experience component of quality, and the signalling role
of advertising will be mitigated. Finally, the credibility of the ad-signal is higher when the cost
of delivering an ad-impression is high. Obtaining an ad-slot in response to a localized directed
search on a popular search engine like Zomato is costly. This cost is ultimately driven by the
nature of competition in the ad-market and the contractual mechanism by which ads are sold
on the platform. Accordingly, as these factors change, the magnitude of the measured signalling
effect will also vary.

8. CONCLUSIONS

A field experiment to assess the signalling role of advertising is presented. The experiment
randomizes users into treatment and control groups that enable us to measure the causal effect of
disclosure to a consumer that the firm has advertised, separately from the content of the search ads
served by the platform to the user, thereby pinning down signalling using a “demand-side” strategy.
The effect of disclosure on conversion to the advertised restaurants is found to be economically
meaningful. Separately from testing for signalling effects, this finding also holds importance for
platform design and monetization for search platforms because it implies that disclosure of the

40. As an empirical test of this, we tried to see whether we could isolate a set of restaurants in the data that were
situated closer to tourist spots and less likely to have repeat customers. Unfortunately, we were unable to pin down enough
restaurants to reliably run this test.
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sponsored nature of advertising is beneficial. Recent reports from online publishers that clearly
disclosing the sponsorship status of non-annoying ads improves outcomes, is consistent with this
finding (e.g. Moses 2016).41
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