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ABSTRACT OF THE DISSERTATION 

 

Advertising, Promotion, and Reviews: Three Models to Better Understand Internet Marketing 

 

by 

 

Paul R. Hoban 

Doctor of Philosophy in Management 

University of California, Los Angeles, 2014 

Professor Randolph E. Bucklin, Committee Co-chair 

Professor Sanjog R. Misra, Committee Co-chair 

 

 I present three essays on online advertising and promotion effectiveness, focusing on how 

firms make decisions, and how consumer response can be more accurately measured. In the first 

chapter, I present a cost effective method for measuring online display advertising’s impact, net 

of biases stemming from individual targeting and browsing behavior. I find that the 

recommended approach can produce dramatically different results from standard correlational 

measures, and that consumer responses vary greatly with their existing relationship with the firm. 

In the second two chapters, I examine online daily deals, both in terms of how firms make decisi 

ons, and how these promotions impact online reviews. The results indicate that these offers have 

strong, negative, and temporary effects on a firm’s reputation, while offering a significant 

increase in traffic. Further, firms trade-off between these two when deciding whether or not to 

offer a daily deal. 
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Ch. 1:  Assessing the Effects of Internet Display 

Advertising: Model-Based Insights from a 

Randomized Field Experiment 

1.1 Abstract 

In this chapter, we analyze the effects of internet display advertising on website visitation using 

tracking data from a controlled field experiment. A random subset of individual users was 

exposed to banner ads for an unrelated charity instead of ads for the company, a financial tools 

provider. The experiment enables us to control for confounds from individual level targeting 

algorithms (e.g., users targeted based on likely interests) and browsing behavior (e.g., users 

browsing more are more likely to visit) and permits both model-free and model-based analysis. 

The experiment reveals that display advertising affects site visitation for users in some, but not 

all, stages of the purchase funnel. Next, we estimate a binary logit model of site visit as a 

function of advertising exposure and we harness the posterior distributions from Bayesian 

estimation to calculate marginal effects and ad elasticities, also by funnel stage. We find 

substantial potential value in reallocating display ad impressions across different funnel stages. 

Effects based on the experimental data also differ significantly from those computed from 

standard correlational approaches, highlighting implications for ad testing and retargeting 

strategies.  
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1.2 Introduction 

In 2012, advertisers spent $7.7 billion dollars on online display advertising, representing 21% of 

all online ad spending and 13% year-over-year growth (IAB and PricewaterhouseCoopers 2012; 

IAB and PricewaterhouseCoopers 2013). Each quarter in the US, there are now more than one 

trillion display ads delivered and nearly 300 individual advertisers spend at least $1 million 

(comScore 2011).  This is expected to grow in the coming years, with advertisers projected to 

spend $11.7 billion on online display advertising by 2015 (eMarketer 2011). 

Despite this growth, managers continue to question whether online display advertising truly 

affects customer behavior. General Motors recently terminated a $10 million ad spend with 

Facebook while publicly questioning whether such ads could influence consumer behavior 

(Terlep, Vranica et al. 2012). Wine.com CEO Rich Bergsund moved his company’s entire 

display ad spend to paid search, affiliate marketing, and comparison shopping engines. His 

concern was that display ad impressions, “may not convert to customers or sales,” (Barr and 

Gupta 2012). These concerns highlight the need to develop and test reliable methods to establish 

and measure the links between online display advertising and consumer behavior. This is critical 

not only for advertisers, but also for the internet companies who depend upon display ad revenue 

and the online platforms which manage the sale and distribution of display advertising. 

Correlating behavior outcomes (e.g., sales, leads, or other intermediate metrics such as site 

visits) with exposure to display ads, as is done in a number commercially available applications, 

can be problematic because the users exposed to the ads (versus those who are not) may have 

had those ads targeted to them based on measures correlated with their propensity to act in 

certain ways. Similarly, differences in how users browse the web can also make exposure-based 
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correlates problematic. This is because, other things being equal, users who visit more sites and 

view more pages may be more likely to have seen a given ad as well as to visit a given web site. 

Even when ads are not individually targeted but merely placed on different types of sites (e.g., 

based on context), spurious correlations can occur. For example, if users interested in financial 

services are more likely to browse sites with financial content, ad placement on this basis will 

produce biased estimates of the true lift due to display ad exposure. Thus, managers looking to 

evaluate online display advertising face multiple selection issues, including targeting and 

browsing behavior, that may bias estimates from common correlational approaches.  

The purpose of this paper is to improve the analysis of internet display advertising effects 

using field experiment data. In particular, we harness the detailed tracking data available to us to 

examine not only effect sizes and elasticities, but also differences in effects across multiple 

stages of the purchase funnel (i.e., non-visitor, visitor, authenticated user, and converted 

customer). In so doing, we are able to provide implications for the allocation of ad impressions 

across users based on tracking cookie identification of purchase funnel stage. 

In what follows, we present model-free and model-based analyses of data from a large scale 

field experiment conducted by a collaborating firm. This firm sells a set of online financial 

management tools directly to consumers. Our data provide tracking records of individual 

consumer exposure to display advertising along with those individuals’ browsing behaviors at the 

firm’s website, information that is identical to what is generally available to managers. In the 

experiment, a small proportion of individuals were randomly assigned to the control group. This 

group was served ads in precisely the same manner as the treatment group, but the ad copy was 

for an unrelated charity instead of the focal firm. For the control group, any correlation between 

display advertising and the outcomes of interest cannot stem from advertising effects, but would 
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be due to potential confounds such as individual level targeting and browsing behavior. By 

comparing the advertising response between the treatment and control groups, we are able to 

estimate the effect of display advertising while controlling for such confounds. From the within 

site browsing behavior, we identify four key stages in the purchase process. This enables us to 

explore how advertising’s impact may change as individuals move through the purchase funnel. 

Based on our analysis of the experimental data, we first provide model-free evidence of 

display advertising’s efficacy. We find that its impact varies by purchase funnel stage, and is 

positive and significant for three of the four phases. Using an advertising response model, we 

then show how to uncover marginal effects and elasticities from the data while also incorporating 

lag effects and holding constant other factors such as timing and seasonality. We compare the 

model-based results with those which would be found from a simple correlational approach. We 

find that accounting for targeting and browsing behavior, as the experiment permits us to do, 

produces significantly different estimates of display ad effectiveness. We also examine the 

optimal allocation decisions implied by our elasticity estimates and show that they differ 

dramatically from the allocation actually employed as well as those implied by correlational 

estimates. An important feature of our approach is that we are able to reveal these differences 

using a relatively small control group size (1.5% of the total impressions served), an important 

cost consideration for implementing ad testing. 

1.3 Background and Literature  

The need for a clear link between online display advertising and a firm’s outcomes of interest has 

not gone unnoticed in the literature. In some of the earliest work on display advertising, 
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Chatterjee, Hoffman et al. (2003) focused on understanding what drove click through rates. 

Using data from an online content provider, they found that new visitors and less frequent 

visitors to the site showed a stronger propensity to click. At about this time, click through rates 

dropped precipitously, and researchers sought the underlying causes and better metrics of banner 

ad effectiveness. Dreze and Hussherr (2003) showed that although individuals actively avoid 

looking at display ads, they still have a positive effect on brand awareness and advertising recall. 

Cho and Cheon (2004) established perceived goal impediment, the belief that the ad is not 

relevant to the objective at hand, as the underlying cause of display ad avoidance. This was 

supported by Danaher and Mullarkey (2003) who found that banner ads have more influence on 

individuals who are browsing than on those who are performing a goal directed activity.  

Rutz and Bucklin (2012) examined and quantified the link between display ad exposure and 

brand interest. Using data from a third party automotive site, they showed that display ad 

exposure can influence within site browsing behavior. Specifically, consumers were significantly 

more likely to seek content on the site related to previously advertised brands than those that 

were not advertised. In line with previous work, they found that effect sizes varied by browsing 

behavior, with users who created less focused clickstreams showing a greater response to 

advertising. 

Manchanda, Dubé et al. (2006) moved beyond the classical brand-based measures of ad 

effectiveness, directly linking banner ad exposure and purchase behavior. Using a semi-

parametric hazard model, they found that banner ad exposure had a positive effect on purchase 

frequency for existing customers. This effect was greatest when consumers viewed a large 

number of webpages across a variety of websites (i.e., when across site browsing increased). 
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Lewis, Rao et al. (2011) pointed out that heavy browsers are also more likely to perform a 

wide variety of online behaviors independent of advertising exposure. Because the probability of 

ad exposure increases with browsing duration and intensity, unaccounted for correlation between 

browsing behavior and the outcomes of interest will create a confound (Cameron and Trivedi 

2005). For example, an individual who visits 100 websites throughout the course of the day has a 

far greater chance, ceteris paribus, of receiving an ad impression than an individual who visits 

only 10 websites. In a series of experiments, Lewis et al. show that such individuals are also 

more likely to perform certain searches, visit a given site, or even sign up for online services. In 

their application, they find that correlational measures would have led to significant 

overestimation of display advertising’s influence on these behaviors of interest. 

In addition to browsing behavior, potential bias also stems from the individually targeted 

nature of much display advertising. Since the early days of online advertising, managers and 

researchers have sought to increase ad effectiveness by targeting individuals with relevant 

browsing and search histories (Sherman and Deighton 2001). In recent years, major ad servers 

have begun aggregating user histories across services, including email, search, and social 

networking (Ingram 2012). Because the targeting algorithms used by ad servers are frequently 

only partially observable to firms (Google 2012), accounting for such targeting is complex.  For 

instance, firms may request that a certain ad be retargeted to prior site visitors, but they may not 

know how the ad server selects which prior visitors will receive impressions.  

While one might assume that targeting would, at worst, have no effect on individual 

responses, Goldfarb and Tucker (2011) showed that targeting can negatively affect display ad 

effectiveness when paired with highly visible creative. Using data from a large scale field 

experiment, they found that display ads that were both obtrusive and targeted had less impact on 
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purchase intent than those that did either one or the other. They showed that this effect is most 

pronounced in categories generally considered private (financial products, healthcare, etc.) and 

for individuals who seem to most value privacy.  

In sum, two selection issues may create bias in standard correlational estimates of display 

advertising effectiveness. First, individuals who browse more webpages are, ceteris paribus, 

more likely to see a given ad and may be more likely to perform a number of activities, such as 

visiting a site and buying online. Second, individual level targeting may lead to individuals with 

higher baseline probabilities of site visits being served more impressions. In either case, there 

would be a positive bias in effect size estimates. The bias, however, need not always be positive. 

There may exist activities, such as making critical life decisions, that are less likely to be 

undertaken when users are actively browsing a wide variety of webpages. Similarly, recent work 

has shown that certain types of advertisements perform worse when heavily targeted, with a 

pronounced effect in the financial and health arenas. Consequently, the two sources of bias, 

browsing behavior and targeting, can have opposing effects with unknown magnitude. Thus, it is 

unclear a-priori whether correlational measures will overstate or understate the effect of display 

advertising in any given application. 

Industry researchers are aware of these issues and have developed a number of interesting 

solutions to handle them. comScore’s “Brand Metrix” is likely the most advanced. This product 

leverages comScore’s online panel to compare individuals exposed to a firm’s advertising to 

otherwise similar individuals who were not exposed. Based on nearly 200 brand impact studies 

using this service, comScore finds that exposed subjects are more likely to search, visit, and 

purchase from the advertisers. Further, they find that this difference is maintained for at least 

four weeks following the first exposure (comScore 2008). While this is an impressive approach, 
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it comes with the requirement that the matching method accurately reflects, and thus controls for, 

the targeting algorithm and browsing behavior bias.  

Because it is likely to be challenging to accurately capture the continuously evolving, 

increasingly complex, and unknown targeting algorithms used in display ad serving, we seek to 

develop an approach that avoids this limitation and will provide a more robust foundation for 

assessing display ad effectiveness. 

1.4 Approach 

Our proposed approach is based upon the conduct of a controlled field experiment and the 

model-free and model-based analysis of individual-level tracking data from it. In this way, we 

build on the long history of using field experiments to evaluate advertising, both in marketing 

academia and industry. Our approach is analogous to commonly used copy testing experiments, 

so called “A/B Testing”, with the exception that we use ads for an unrelated charity in place of 

firm advertising. This allows us to identify a baseline independent of the firm’s message and 

copy, while still following the same ad-serving (and therefore targeting) methodology.  

Our data come from a large scale field experiment in which a small proportion of individuals 

were randomly assigned to the control group. This group is targeted in precisely the same 

manner as the treatment group, but is shown ad copy for an unrelated charity in place of firm 

advertising. Throughout the experiment, ad impressions and site visits are observed at the 

individual level using tracking cookies. While ad servers commonly provide such individual 

level tracking data to advertisers, it is generally limited to how otherwise anonymous individuals 

interacted with the firm’s advertising and website. By leveraging charity advertisements, we are 
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able to observe individual behaviors that are independent of the firm. Through our combination 

of random assignment, identical targeting, and individual level tracking, we are able to control 

for both targeting and browsing behavior biases. In the web appendix, we present further 

discussion of the antecedents of this problem based on the data generating process.   

As an alternative to a controlled experiment, advanced correlational approaches might be 

used to handle endogeneity due to targeting and browsing. Instrumental variables and control 

functions use additional covariates to create an orthogonal relationship between the regressors 

and the error term (Cameron and Trivedi 2005). For targeting, this would require both 

knowledge of the proprietary targeting algorithms used by ad servers and access to the relevant 

covariates, neither of which are generally available. In the past, researchers have attempted to 

control for browsing behavior bias by including the number and variety of other websites an 

individual is observed to visit (Manchanda, Dubé et al. 2006). However, these counts are only 

observable when a firm’s ad is served during the site visit. This can be an effective control in 

untargeted campaigns, as was the case for Manchanda et. al (2006). However, the correlation 

between this measure of browsing behavior and any unaccounted for targeting can introduce an 

additional source of endogeneity. 

In dealing with missing variables and individual level targeting, our problem mirrors that of 

Manchanda, Rossi et al. (2004), who studied pharmaceutical detailing. They simultaneously 

estimate targeting and response models while allowing the individual level response parameter to 

enter the targeting algorithm. Unfortunately, their approach is not a good fit for our application. 

To handle the unobserved nature of browsing behavior, we would need some exogenous 

predictor.  As mentioned above, such predictors are generally unavailable to the researcher. 

Second, identification of the parameters in their model requires significant individual level 
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variation in both targeting and response. While this may be possible for very large campaigns, 

we found the model to be empirically unidentified in our application.1 

The experiment was set up as follows. During their first digital interaction with the firm 

(either through ad exposure or site-visit), individuals were randomly assigned to either the 

treatment or control group. When determining when and to whom a display ad impression should 

be served, the ad servers did not differentiate between the two groups and the targeting was 

consistent between them. When selecting the ad copy to be served, the control group was always 

given copy unrelated to the firm; in our case, these were ads for a large multi-national charity. 

Thus, any apparent effect of display advertising in the control group represents the combined 

effect of targeting and browsing behavior. For the treatment group, the effect of display 

advertising is the joint effect of these factors and the actual effect of online display advertising.  

Thus, the effect of display advertising on behavior is the difference in the probability of the 

action between members of the treatment and control groups. 

As we will show, the model-free evidence of ad effectiveness will be illuminating, especially 

as it is broken out across stages of the purchase funnel. Nonetheless, this analysis alone does not 

fully unlock the value of the online experimental data. We therefore augment the model-free 

analysis by developing a binary logit response model, estimated in a Bayesian framework. 

Applying a model to the experimental data allows us to accomplish several additional objectives 

without the need to increase the size of the control group.  (Notably, we are able to estimate all 

of our effects while reserving only 1.5% of total impressions for the control group.) 

The model allows us to control for additional covariates and incorporate lags and impression 

counts. We can also calculate marginal effects and elasticities for display ad exposure. Using this 

information, we then evaluate our approach versus more common correlational approaches. 
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Finally, we are able to uncover relevant, actionable findings, despite the inherently sparse nature 

of the available data. Overall, our approach accounts for biases stemming from both browsing 

behavior and targeting, reveals ad effectiveness at different stages of the purchase funnel, can be 

easily implemented by firms at a relatively low cost, and utilizes the types of data generally 

available to managers.  

1.5 Data 

The data for this study were provided by a large financial services firm, and focus on a single 

suite of consumer financial management tools. From the customer’s perspective, this product line 

is largely independent, maintaining its own brand and website. Due to the nature of our research 

agreement with the company, we cannot share the name of the firm or the precise details of their 

business. The data are at the individual cookie level, and detail the online interactions between 

the firm and individuals in a mid-size Midwestern market during the six week period from 

February 19 to April 2, 2010. 

Because our data come from a single firm advertising one product during a specific time in a 

given market, we do not seek to draw generalizable conclusions regarding display advertising 

effectiveness. Instead, we use our data to explain how our approach can be applied to reveal 

interesting, unexpected results, and how the resulting recommendations can vary dramatically 

from those produced by commonly used correlational approaches. We leave the further 

generalization of our findings as a topic for future research. 

Our data, like all cookie data, have limitations. A tracking cookie actually identifies a unique 

browser. It is possible that multiple users share a browser; in this case our data are not unlike the 
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household level panels used in much of the marketing literature. It is also possible that an 

individual regularly uses multiple browsers, resulting in multiple cookies for the same individual. 

Toupet et. al. (2012) compare cookie data from a common analytics provider to the proprietary 

Nielsen panel; they find that the vast majority of individuals are associated with only a single 

cookie. There has also been concern that individuals who allow tracking cookies to persist on 

their machine differ in some critical, unknown respect from those who disable or frequently 

delete them. As pointed out by Chatterjee et. al. (2003), many websites block access to browsers 

with cookies disabled, leaving consumers with little practical choice in this regard. With respect 

to cookie deletion, research has also shown that most individuals delete cookies less than once 

per month (comScore 2007). Finally, Dreze and Zufryden (1998) used a randomized experiment 

to show that consumer browsing behavior is not significantly influenced by the presence of 

tracking cookies. 

 In our data, each display impression contained one of nine different designs, consisting of 

the same solid color background with a phrase, icon, or both in the foreground. Unfortunately, 

we do not have sufficient information to consistently identify the creative for each impression. 

While we have been assured by management that the only systematic variation in creative was 

by week (which we will control for), this precludes us from pursuing questions related to the 

efficacy of various designs or appeal types. The ads were distributed across a myriad of sites, 

using targeting algorithms that were only partially known to the firm. For example, the firm 

could control the total number of impressions per day or retarget individuals that had previously 

visited the site, but they were not privy to all of the individual level factors determining when 

and to whom impressions were served. 



 

13 

 

Based on the webpages a user visits within the firm’s site, we identify four stages in the 

purchase funnel: non-visitor, visitor, authenticated user, and converted customer. Similar to 

many ecommerce websites, a consumer must proceed sequentially through these stages to 

complete an online transaction with the firm, though they may move through any number of 

them during a single visit. Non-visitors are individuals who have never interacted with the firm’s 

website. Visitors have been to the site, but have not provided the personally identifiable 

information necessary to sign-up for an account. Authenticated users have signed up for an 

account, but no money has changed hands. Finally, a converted customer has completed a 

transaction. 

We selected these stages of the purchase funnel for two key reasons. First, this purchase 

process is quite common in ecommerce. Second, we have distinct expectations regarding how 

consumers in each funnel stage may respond to display advertising. For example, those who have 

never been to the site (non-visitors) may be less familiar with the brand, and thus ads may help 

build awareness. In contrast, those who have been to the site and signed up (authenticated users) 

are likely to be very aware of the brand, and the ads may serve as a reminder to complete the 

transaction. While we do not propose specific hypotheses within this paper, these distinctions 

motivated our choice of purchase funnel structure. 

We use site visit as our dependent variable of interest. We define this as any time a user visits 

the firm’s website, regardless of the actual within-site browsing behavior. Our data come from a 

large provider of web-based financial management tools, and these tools are deeply integrated 

into the firm’s website so as to provide a uniform look and feel. This means that consumers 

experience many of the product attributes (ease of use, clarity of messaging, etc.) immediately 

upon site visit. Prior research has shown that such direct product experience dominates 
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advertising’s impact on attitudes, beliefs, and behavior (Hoch and Ha 1986; Marks and Kamins 

1988; Tellis 1988; Wright and Lynch 1995). Because users begin evaluating product attributes at 

the point of site visit, we believe that display advertising’s influence on subsequent actions such 

as sign-up or conversion will be overshadowed.2 In addition, using site visit as the dependent 

variable allows us to evaluate display advertising’s impact at various funnel stages, where we 

find significant, informative differences. Finally, site visit allows for broad generalizability of 

our approach across websites. 

Our approach could easily be repurposed to measure the effect of advertising on other 

observable click stream behaviors, and we recommend that managers think carefully about the 

outcome for which their campaign is optimized. Firms should be primarily interested in 

increasing profits, and optimizing advertising for any intermediate step runs the risk of leaving 

money on the table. For instance, if a display ad campaign were to attract individuals who are 

willing to visit but unlikely to purchase, it could be an exceptionally effective traffic driver 

without contributing to profits. Similarly, a campaign could attract window shoppers, individuals 

likely to move through the free portions of the purchase funnel but who are unlikely to complete 

a transaction. Even if a campaign is optimized based on purchase incidence, one runs the risk of 

attracting low margin customers. With this in mind, managers should select an outcome of 

interest that reflects the advertising objective. 

During our observation period, we track 133,058 cookies, 2,164 (1.6%) of which were 

randomly assigned to the control group. Because the data contain only observed interactions 

between the user and the firm, we only know that a cookie is actively tracking a user between the 

first and last observed events. Thus, including lag effects and funnel position effects can create 

an initial conditions problem. To mitigate these issues, we require an ad exposure or site visit at 
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least three weeks prior to our focal period and use this initialization period to determine the 

funnel position. We also require that each cookie survive for at least four weeks, because 

frequent cookie deletions would bias our estimated effects towards zero.3 We culled cookies in 

the top one percent of total impression counts to remove crawlers, machines programmed to 

download large numbers of webpages without human interaction. We also removed individuals 

who were not served a display ad impression, because they cannot be identified in our dataset as 

charity or firm. Finally, we removed observations from 795 mobile devices. 

The data was discretized to the cookie-day, resulting in 4,748,020 observations. During this 

period, 2,216,947 display ad impressions were served, 33,096 (1.5%) of which were served to 

our control group. Table 1 presents the distribution of observed impression counts, showing a 

significant mass at 0 and a long positive tail. The vast majority of cookie days (87.5%) contain 

no impressions, and 98.2% of observations contain five or fewer impressions. Table 2 contains 

the observation counts by treatment group and funnel stage. Note that the treatment group has a 

larger proportion of observations in later funnel stages. This follows expectations if advertising 

has a positive impact.  

1.6 Model-Free Results 

Because of the experimental design, the only difference between the treatment and control 

groups within a funnel stage is the type of display ad shown. Thus, a difference in the probability 

of site visit between these two groups is attributable to the display ads. To examine this 

difference, we aggregate the cookie-day observations by treatment group and funnel stage, and 

calculate the probability of site visit within each grouping. As throughout this paper, site visit is 
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represented as a binary indicator. Thus, we assume that multiple page views on a single day are a 

part of the same visit. The results are presented in Figure 1. In each stage, cookies in our 

treatment group are more likely to visit than those in the control group. Non-visitors, visitors, 

authenticated users, and converted customers in the treatment group are respectively 0.07%, 

0.01%, 0.99%, and 0.52% more likely to visit on any given day than their control group 

counterparts. While these differences may seem small, this is due to the small overall probability 

of site visit. In terms of odds, this translates to a respective 74.7%, 0.6%, 49.7%, and 48.2% 

increase between the control and treatment groups. However, this difference is only significant 

ߙ) ൌ ͲǤͲͷ) for non-visitors and authenticated users, and marginally significant (ߙ ൌ ͲǤͳͲ) for 

converted customers.  

These results provide strong model-free evidence for the efficacy of online display 

advertising and differences in that efficacy along the purchase funnel. Nevertheless, there are a 

number of limitations. First, they do not directly control for potentially important observable 

factors, such as lagged effects or timing. Second, they do not account for the number of 

impressions served to users. Third, they do not provide insight into marginal effects or 

elasticities, which are needed for making allocation decisions.  

These limitations are not a result of the experimental approach per se – all of these effects 

could be estimated non-parametrically given a sufficiently large sample. Rather, they stem from 

practical constraints associated with the control group cost, which would increase exponentially 

as experimental factors are added. In a balanced experiment, the required sample size generally 

increases exponentially with the number of additional factors to avoid a loss in precision. Given 

the disparate size of our treatment and control groups, we may be able to obtain equal precision 

by increasing only the control group. Unfortunately, the incremental cost of our approach is 
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directly proportional to the size of the control group. Measuring marginal effects further 

complicates matters, because each impression count would represent an additional treatment 

level and require a sufficiently large sample size to reliably estimate effects. Unfortunately, firms 

cannot dictate individual impression counts. Thus, no finite sample can guarantee reliable non-

parametric estimation of marginal effects. With statistically significant results for only two of 

four groups, we already appear to be pushing the bounds of what can be learned non-

parametrically even with 4,748,020 observations and 2,216,947 display ad impressions. 

1.7 Model 

To control for potentially important factors, estimate lag effects, and calculate marginal effects 

elasticities, we turn to a model of advertising response. Given the binary nature of our dependent 

variable, whether or not a site visit occurred, we turn to a standard binary logit estimated at the 

cookie-day level. Below, we will discuss how we use this model to account for endogeneity 

stemming from browsing behavior and targeting, as well as the limitations created by the sparse 

nature of our data.4 

Using the standard binary logit model, we express the probability of site visit at time ݐ 

conditional on a set of covariates ܺ as: 

௧ȁܺǡݐ݅ݏ݅ݒሺݎܲ  ሻߚ ൌ
ሻߚሺܺݔ݁

ͳ  ሻߚሺܺݔ݁ Ǥ (1) 

Here, ܺ contains the log transformed contemporaneous and lagged impression counts for both 

firm and charity ads, indicators for funnel stage, date controls, and interactions between the 

logged contemporaneous effects and funnel stage indicators.5 ߚ is the vector of parameters to be 

estimated. The parameters for contemporaneous and lagged impression counts as well as the 
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related interactions differ depending upon whether the user is in the treatment or control group. 

We specify the remaining parameters to be equal between groups because group assignment is 

random and, therefore, the only difference is in the ad shown. This specification allows us to 

maximize the information content on which the ad response parameters are estimated, 

conditional on a given control group size. We log transform the impression counts to incorporate 

decreasing marginal effects of advertising and to reduce the influence of large impression counts 

on parameter estimates. This specification also provides a better fit than either linear or squared 

transformations, as measured by the Bayesian Information Criterion. 

 As we will discuss in more detail below, our estimated effect size is the difference between 

the fitted probability of site visit for members of the treatment and control group. While a point 

estimate for any set of covariate values could certainly be calculated using a frequentist 

approach, the Bayesian approach more readily provides us with the posterior distributions 

necessary to evaluate the estimated effect sizes. Further, it allows us to easily aggregate posterior 

distributions over groups of covariate values. In this way, we can look at the effect of display 

advertising by funnel stage, impression count, or both.  

To obtain actual model-based effect sizes, we must deal with a series of issues. First, the 

effect of an interaction term is not equal to its marginal effect in non-linear models, but rather the 

magnitude, direction, and significance are all a function of the remaining covariate and 

parameter values (Ai and Norton 2003). Second, the effect of ݊�exposures to a firm’s advertising 

is the probability of site visit at time ݐ conditional on those exposures minus the probability of 

site visit for an otherwise identical individual conditional on the same number of exposures to 

control ad impressions. This difference in probabilities is not easily interpreted from any one of 

the marginal posterior distributions. 
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Because the Bayesian approach produces draws from the joint posterior distribution of the 

parameters, we can overcome these challenges. Using the joint posterior draws, we can simulate 

the predictive distribution for any set of covariate values, ��൫ ௧ݐ݅ݏ݅ݒ פפ ௧ǡǡݔ ௧ǡǡݔ ǡߚ Ȳ ൯.6 Here, ݔ௧ǡ 

is the number of firm impressions at time ݔ ,ݐ௧ǡ is the number of control impressions, Ȳ 

represents the vector containing value of all other covariates, and ߚ represents a matrix 

containing all draws from the joint posterior distribution of the parameters in Equation (1). As 

discussed above, we are not directly interested in these values, but rather the change in 

probability of site visit, ݒ, given ݊ firm impressions relative to the probability of site visit given 

the same number of charity impressions. Let ȟ௩ሺ݊ሻ represent this difference in predictive 

distributions such that, 

 ȟ௩ሺ݊ሻ ൌ ௧ǡݔ௧หݐ݅ݏ݅ݒ൫ݎܲ ൌ ݊ǡ ௧ǡݔ ൌ Ͳǡ ȾǡȲ൯ െ ௧ǡݔ௧หݐ݅ݏ݅ݒ൫ݎܲ ൌ Ͳǡ ௧ǡݔ ൌ ݊ǡ ȾǡȲ൯Ǥ (2) 

To include ܭ lags, we generalize Equation (2) by calculating the difference in probability of 

a site visit in any of the ܭ periods given ݊ firm impressions less the probability of a site visit 

given ݊ control impressions. This gives the following: 

 
ȟ௩ሺ݊ሻ ൌራ��൫ݐ݅ݏ݅ݒ௧ାหݔ௧ǡ ൌ ݊ǡ ௧ǡݔ ൌ Ͳǡ ȾǡȲ൯



ୀ

െራ��൫ݐ݅ݏ݅ݒ௧ାหݔ௧ǡ ൌ Ͳǡ ௧ǡݔ ൌ ݊ǡ ȾǡȲ൯


ୀ
Ǥ 

(3) 

Note that we take the union of the probabilities over the ܭ periods instead of the sum to avoid 

double counting the probability of a site visit occurring on multiple days.7  

Given this effect size estimate, we can simulate the predictive distributions for the marginal 

effects and elasticities. For ݊ impressions, the incremental effect of an additional impression, 

௩ࣧሺ݊ሻ, is the effect of ݊  ͳ impressions minus the effect of ݊ impressions: 
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 ௩ࣧሺ݊ሻ ൌ ȟ௩ሺ݊  ͳሻ െ ȟ௩ሺ݊ሻ. (4) 

Following the standard definition, advertising elasticity can be calculated as the percentage 

change in advertising effectiveness divided by the percentage change in impression count. 

Because impression counts are by nature an integer value, the elasticity of an additional 

impression reduces to the product of ఔࣧሺ݊ሻ, ݊, and the inverse probability of site visit given ݊ 

firm impressions: 

௫ǡߟ  ൌ ȟ௩ሺ݊ሻ ൈ ቆ
݊

ڂ ௧ǡݔ௧ାหݐ݅ݏ݅ݒ൫ݎܲ ൌ ݊ǡ ௧ǡݔ ൌ Ͳǡ ȾǡȲ൯
ୀ

ቇ Ǥ (5) 

Following equations (2) through (5), we can simulate the predictive distributions for a given 

set of covariate values. However, in evaluating the size and robustness of an effect, it is often 

more informative to look at these distributions over a range of covariate values. To do this, let Ȳ  

be a matrix containing the fully enumerated values over the observed span of ܺ. With some 

abuse of notation, equations (3) through (5) then produce a matrix of draws from the relevant 

predictive distributions, where each row represents the distribution for a given set of covariate 

values.8 We use these joint predictive distributions in what follows. 

1.8 Model-Based Results 

We specify and estimate four versions of the model, building from rudimentary to the full 

specification. As with the model free evidence, each model is estimated at the cookie-day level, 

with site visit as the outcome of interest. Model 1 includes only contemporaneous firm and 

charity impressions. Model 2 adds the effects of funnel stage and date controls, while Model 3 

allows for interactions between contemporaneous impressions and funnel stage. Finally, Model 4 

also allows prior day impressions to influence site visit. In Table 3 we present parameter 
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estimates and fit criteria for the four models. Each model was estimated using 100,000 draws, 

with a 10,000 iteration burn-in period and retaining every 10th. As mentioned above, directly 

interpreting the parameter estimates for interacted terms in Table 3 can lead to incorrect 

conclusions regarding the significance, direction, and magnitude of their effects. However, the 

table does give two key pieces of information. First, the final row contains the Bayesian 

Information Criterion (BIC), from which we can clearly see that Model 4 is our preferred 

specification. Second, we can interpret the estimated effects of non-interacted terms within this 

model. The large negative intercept estimate (-6.960) is a result of the low average frequency of 

site visitation.  Weekdays during the sixth week serve as our baseline, so the significant 

parameter estimates for weeks one (0.610), two (0.481), three (0.174), and five (0.173) indicate 

that subjects were generally more likely to visit during these weeks than during the sixth week, 

ceteris paribus. Similarly, the positive parameter estimate for weekend (0.108) shows that 

subjects were more likely to visit on Saturday or Sunday than the remaining days, ceteris 

paribus. 

We tested a number of additional model specifications, focusing on extending the lag 

structure and allowing for interactions between contemporaneous funnel position and lagged 

impressions. Given the sparse nature of the data and the disparate size of the control and 

treatment groups, we must be careful in evaluating model fit. As shown in Equation (2), the 

effect of online display advertising is the difference in the fitted probability of site visit between 

otherwise identical members of the treatment and control groups. Model parameters must then be 

added in pairs (one each for the treatment and control groups) to identify an effect. However, 

standard model selection methods evaluate only the overall model fit, and remain agnostic as to 

which parameters drove the improvement. Given the relatively small nature of the control group 
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and our model specification, additional treatment group parameters may drive a sufficient 

increase in likelihood to offset any over-fitting resulting from their control group counterparts. 

This control group specific over-fitting may result in wide confidence bands around the resulting 

probabilities of site visit, masking our estimated effect sizes. To account for this, we tested 

model extensions by first adding the control group parameters, and continuing with treatment 

group parameters only if model fit improved as measured by BIC. We found that neither an 

expanded lag structure nor interactions between contemporaneous funnel position and lagged 

impressions improved model fit. 

To examine how display advertising’s effect varies by purchase funnel stage, we fully 

enumerate the span of our data, including up to six focal and lagged impressions.9 Because we 

are modeling the effect of display advertising conditional on funnel stage, we require funnel 

stage to remain constant within an observation. That is, an individual in our simulated data 

cannot be an authenticated user during the first period and a converted customer in the next. If 

such a transition were allowed, our estimates of display advertising effectiveness would be 

confounded with the main effects for funnel stage. This restriction is largely consistent with our 

data, as only 0.7% of observed impressions carry over from one funnel stage to another. We also 

restrict non-focal impressions (i.e., lagged impressions at time ݐ and contemporaneous 

impressions at time ݐ  ͳ) to be firm impressions. Without this constraint, the effect of focal 

impressions would be confounded with that of non-focal impressions. Thus, we are measuring 

the impact of additional firm impressions given some consistent state. Using this simulated data, 

our posterior draws, and equations (3) through (5), we can plot the posterior distributions for the 

effects, marginal effects, and elasticities of display advertising for any set of covariates. 
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Figure 2 contains the posterior distribution of effect size for a single display advertising 

impression, broken down by funnel stage. Similar to Figure 1, we see that the effect of display 

advertising is positive and significant for non-visitors, authenticated users, and converted 

customers, while it has no discernible effect on prior visitors. The null effect for this last group is 

likely attributable to the aforementioned dominance of product experience over advertising 

effects.10 In visiting the site, these individuals have been exposed to detailed firm offerings, but 

declined to proceed. It is unlikely that the firm’s display advertising, a monochrome banner 

containing a single icon, tagline, or both, will contain sufficient new information to persuade 

these individuals to reconsider. Comparing the distributions across funnel stages, it is clear that 

the effect size is significantly smaller for non-visitors than for authenticated users or converted 

customers, with at least 99.9% of the posterior distributions for these later stages being greater 

than the median draw for non-visitors. Given the randomized nature of the field experiment, 

these differences provide additional evidence that consumer response to advertising changes with 

familiarity and experience. 

Figures 3 and 4 contain the median and 95% confidence bands for the effect and marginal 

effect at each of the purchase funnel stages for up to six impressions. Each point on the plot 

represents the increase in the probability of site visit from one additional impression. All of the 

previous findings are supported, and we now see a marked difference in marginal effects 

between visitors and both authenticated users and converted customers. While the effect of a 

display ad impression is small for non-visitors, so is the rate of decreasing marginal 

effectiveness. For authenticated users and converted customers, the effect sizes are larger, but 

degrade more quickly with additional impressions. 
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Figure 5 plots the posterior distribution of the elasticity estimates at a single impression. The 

descriptive statistics for these distributions can be found below in Table 4. While the display 

advertising effect is smaller for non-visitors than converted customers, the median elasticity 

estimates are almost equal. Note that by examining the elasticity at a single impression, 

impression count drops out of Equation (5), resulting in elasticity being equal to the ratio of the 

marginal effect and the probability of site visit given a single firm impression:  

ଵǡߟ  ൌ
ȟ௩ሺͳሻ

ڂ ௧ǡݔ௧ାหݐ݅ݏ݅ݒ൫ݎܲ ൌ ͳǡ ௧ǡݔ ൌ Ͳǡ ȾǡȲ൯
ୀ

Ǥ (6) 

Since the marginal effect for non-visitors is significantly smaller than for converted customers, 

the comparable elasticity estimates are due to the relatively small probability of site visit for non-

visitors. 

Excluding visitors, all posterior distributions for elasticities are positive and significant, with 

at least 99.9% of their posterior draws greater than zero. For the three funnel stages with 

significant elasticity estimates, the combined 95% confidence band spans 0.05 to 0.16 with a 

median of 0.10. Interestingly, this is exactly in line with the average sales-to-advertising 

elasticity of 0.10 found in existing literature (Hanssens 2009). However, we caution that these 

are not sales-to-advertising elasticities, but rather site-visit-to-advertising elasticities. Further, 

this estimate focuses on the three responsive segments, ignoring prior visitors. The closest 

comparison to our measure is likely that of Rutz and Bucklin (2012), who report a page-choice-

to-on-site-advertising elasticity of 0.20 for within site browsing behavior. Notably, their estimate 

focuses on browsing behavior within the same website, while ours focuses on driving behavior 

across sites. 
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1.8.1 Optimal Allocation & Expected Site Visits 

Based on these elasticity estimates, we can calculate the optimal allocation and estimate the 

resulting expected number of visits using the Dorfman-Steiner condition. This condition states 

that, at optimality, marginal revenue must equal marginal cost for each marketing instrument 

(Dorfman and Steiner 1954; Lambin, Naert et al. 1975; Sridhar, Mantrala et al. 2011). Given 

this, it follows that the ratio of advertising elasticities for any two marketing instruments is equal 

to the ratio of their costs. While the Dorfman-Steiner condition is often thought to apply only to 

monopolies, it holds if we apply the weaker assumption of monopolistic competition (Lambin, 

Naert et al. 1975). That is, we need only assume that the firm’s competitors will not react to the 

recommended shift in advertising allocation. Our recommendations for reallocation are based on 

a consumer’s position in the purchase funnel, as determined by prior within-site browsing 

behavior. Because this is not observed by the firm’s competition, we believe that competitors 

would be highly unlikely to respond to the recommended shifts in advertising spending. 

To be sure, one can imagine scenarios in which a (partially) unintentional competitive 

response could occur. When a firm reduces the advertising to a given segment (i.e., non-visitor 

and visitor), these impression opportunities do not cease to exist. Rather, they are reallocated to 

other advertisers based on the ad server’s sales and targeting processes. In a system in which all 

advertisers sell competitive products, such impression opportunities would certainly be filled by 

a competitor, and a competitive response would, by definition, occur. However, the vast majority 

of ad servers work with a wide variety of advertisers, most of whom are almost certainly 

unrelated to our focal firm. Further, these advertisers are only partially privy to the sales and 
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targeting algorithms used by the ad servers. Thus, the chance of a competitor filling foregone 

impression opportunities is quite small. 

We can apply Dorfman-Steiner using only our existing data, provided we make three 

additional assumptions. First, we must view online display advertising that is targeted to each 

purchase funnel stage as a distinct marketing instrument, precluding carryover effects between 

stages. Given that our preferred model contains a single day lag, only 0.7% of all observed 

impressions carryover from one stage to the next. Second, we must assume that the cost per 

impression is constant across funnel stages. This assumption is necessary because management 

indicated that the firm was not allocating impressions following the Dorfman-Steiner condition 

and our data does not contain cost information. If they had been targeting impressions optimally 

or costs were observed, we could relax this assumption. For firms making allocation decisions, 

costs will generally be observable and should be used in place of impression counts in our 

approach. Finally, we must assume that the firm’s objective is to maximize site visitation, with 

profit maximization as an assumed byproduct. In our application, consumers begin experiencing 

the product when they arrive at the site, and, as previously discussed, product experience 

dominates advertising as a determinant of consumer beliefs and behaviors. Further, there are near 

zero marginal costs related to each site visit. Therefore, maximizing site visitation is likely 

closely correlated with maximizing profit, at least for non-converted customers. Because this 

assumption does not hold for converted customers, we exclude them in the allocation 

recommendations that follow. Though we have made a number of assumptions to enable this 

analysis, some of which might be challenged, our intent remains primarily to illustrate how 

dramatically advertising allocation can shift when effects are understood at the funnel stage 

level.  
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Accepting the above, the Dorfman-Steiner condition states that the ratio of site-visit-to-

advertising elasticities for any two segments must be equal to the ratio of their total impression 

counts: 

௩ߟ 
௨ߟ

ൌ ௩ݏ݉ܫ
௨ݏ݉ܫ

���  (7.a) 

௩ߟ 
௨ߟ

ൌ ௩ݏ݉ܫ
௨ݏ݉ܫ

Ǥ (7.b) 

Where ߟ is the site-visit-to-impression elasticity for a given funnel stage, ݏ݉ܫ is the 

corresponding impression count, ݊ݒ represents non-visitors, ݒ represents visitors, and ܽݑ 

represents authenticated users. Further, we know that the total number of impressions available is 

the sum of the impressions served to each group, or: 

ܵܲܯܫ  ൌ ௩ݏ݉ܫ  ௩ݏ݉ܫ   ௨Ǥ (8)ݏ݉ܫ

Given the elasticity and total available impressions, we solve this system of equations for the 

optimal allocation. The optimal allocation rules are: 

௩ݏ݉ܫ  ൌ
ܵܲܯܫ

௩ߟ
௩ߟ 

௨ߟ
௩ߟ  ͳ

ǡ (9.a) 

௩ݏ݉ܫ  ൌ
ܵܲܯܫ

௩ߟ
௩ߟ  ௨ߟ

௩ߟ  ͳ
ǡ ��� (9.b) 

௨ݏ݉ܫ  ൌ
ܵܲܯܫ

௩ߟ
௨ߟ 

௩ߟ
௨ߟ  ͳ

Ǥ (9.c) 

Because the proposed approach produces a negative elasticity estimate for prior visitors, we fix 

this value at zero in what follows.11 

Table 5 contains the actual impression allocation as well as that based on the median 

elasticity estimates from the proposed approach. Based on our approach, the firm should 

dramatically reallocate impressions between funnel stages. All impressions previously served to 
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prior visitors should be allocated to authenticated users, along with 26% of those that were 

previously served to non-visitors. In the end, the optimal allocation for authenticated users based 

on our estimates is 497% larger than the actual allocation. 

This finding deserves a bit of further discussion. The recommended reallocation may be a 

result of suboptimal allocation on the part of management, or it may be a result of cost 

differences that are unobservable to the researcher. We can’t disentangle these drivers given our 

data. While we assume that costs are constant across purchase funnel stages, and indeed it seems 

unlikely that targeting any given individual would be more expensive than another, this does not 

fully account for untargeted impressions. Given that the low probability of site visit results in a 

large proportion of non-visitors relative to other funnel stages, untargeted advertising is more 

likely to reach non-visitors. If the cost of untargeted impressions is sufficiently small, it may be 

optimal to allocate more impressions to non-visitors than our approach would indicate. However, 

this is a result of our assumption of equal costs across funnel stages, and not a result of our 

estimated effect sizes. For a firm implementing our approach, such cost differences would be 

observable, and should be included in the optimal allocation calculations to mitigate such 

concerns. 

Using our proposed elasticity estimates provided in Table 4, we can calculate the expected 

number of visits given these allocation shifts as follows: 

ܵܶܫܵܫܸ  ൌܧሾݏݐ݅ݏ݅ݒ௦ሿ
௦

ൌݏݐ݅ݏ݅ݒ௦ǡ௧௨ ቈͳ  ௦ߟ ቆ
௦ǡ௧ݏ݉݅
௦ǡ௧ݏ݉݅

െ ͳቇ
௦

�Ǥ (10) 

Where �ሾݏݐ݅ݏ݅ݒ௦ሿ is the expected number of visits from funnel stage ݏݐ݅ݏ݅ݒ ,ݏ௦ǡ௧௨ is the 

number of visits observed for that funnel stage in the data set, ߟ௦ is the elasticity estimate from 

our proposed approach for that funnel stage, ݅݉ݏ௦ǡ௧ is the number of impressions served to 
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that funnel stage under the optimal allocation, and ݅݉ݏ௦ǡ௧ is the observed number of 

impressions served to that funnel stage. Table 6 compares the actual number of site visits at each 

stage, with that expected given our approach. In total, our proposed allocation results in 1,241 

expected additional site visits, a 9.85% increase. 

Simply increasing expected visits is insufficient to justify our methodology; we must also 

outperform what would be expected if the 31,758 impressions that were shown to the control 

group12 are instead used for firm advertising. These estimates are contained in the last column of 

Table 6. Given the observed proportion of impressions allocated to each funnel stage, the 

additional impressions increase expected visits, but only by 16 (0.12%). Given that this is a tiny 

proportion of the increase delivered by the optimal allocation, the firm is clearly better off 

following our approach. 

1.8.2 Our Results Versus Correlational Estimates 

As mentioned earlier, individual targeting and browsing behavior can bias common correlational 

estimates of display advertising’s effectiveness (Goldfarb and Tucker 2011; Lewis, Rao et al. 

2011). While the combined direction and magnitude of these biases is unknown a-priori, we can 

examine them a-posteriori. To obtain comparable standard correlational estimates, we use the 

same approach as above, except that the simulated control group contains no impressions. This is 

similar to comparing individuals who saw the firm’s advertising to those who did not.13 In this 

case Equation 3 becomes: 
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ୀ
 

(11) 

By excluding the effects of advertising on the control group, we give up control for potential 

biases associated with both browsing behavior and individual targeting. While we cannot isolate 

the biases individually, comparing the results from this model to that of our proposed model 

allows us to identify their joint effect. 

Figures 6 through 8 compare the posterior distributions for each measure (effect, marginal 

effect, and elasticity) from this correlational model to those from our approach. In general, the 

correlational estimates are biased towards zero for each of the funnel stages, with visitors 

standing out as a possible exception. For each combination of funnel stage and measure, Table 7 

reports the percent of the posterior distribution from our approach which exceeds the median 

from the correlational approach. For authenticated users and converted customers, the 95% 

confidence bands from our approach exclude the median from the correlational estimate for each 

measure. For non-visitors and converted customers, the evidence is less clear. 

Even where the correlational estimates are significantly biased, the difference from our 

estimates are far smaller than the two to three orders of magnitude reported by Lewis, Rao et al. 

(2011) and the direction is reversed. The smaller difference is likely due to the outcome of 

interest. Lewis et. al. selected response measures with a high baseline probability (i.e., page 

views and searches on Yahoo.com), which are likely to be more highly correlated with browsing 

behavior than are visits to a relatively less well trafficked website. The directional difference 

may be due to our specific application in financial services. Activities requiring significant 
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concentration and/or privacy, such as making important financial decisions, may be negatively 

correlated with browsing a large number of webpages. Given these relatively small differences as 

compared to Lewis, Rao et al. (2011), a relevant question is whether the informational gain from 

our approach is worth the cost (i.e., the impressions that were donated to charity in creating the 

control group). That is, would a manager find it worthwhile to implement our approach versus 

simply using correlational measures? 

We can measure the benefits of our approach versus correlational measures using the 

Dorfman-Steiner condition. Again, given our underlying assumptions and the extent to which the 

recommended allocations vary from actual, this analysis is primarily illustrative. We seek to 

show that not only are the parameter estimates from our approach significantly different from 

correlational measures, but the resulting recommendations for impression allocation also differ in 

practical significance. 

Similar to Table 5, Table 8 compares the optimal allocations based on the median elasticity 

estimates from the correlational approach to that observed in the data and what was 

recommended under the proposed approach. Under the correlational approach, 373,544 non-

visitor impressions are reallocated to later funnel stages, with 23.3% going to visitors and the 

remaining 76.7% to authenticated users. In the end, the recommended impression allocation for 

authenticated users based on the correlational approach is 175% larger than the actual allocation 

but 54% smaller than that recommended by our proposed approach.  

Again, we cannot say decisively that differences between the actual allocation and that 

recommended by the correlational approach is a result of suboptimal allocation, because we do 

not directly observe costs. However, the difference between our proposed allocation and that of 

the correlational approach is quite interesting. Neither allocation takes cost into account, so the 
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difference is a direct result of the estimated ad response parameters. In short, the correlational 

approach seems to drastically underestimate display advertising’s effect among authenticated 

users, and accordingly under-allocates impressions to this group. 

1.9 Discussion 

Our research has several implications for managers. First, building on a long history of using 

controlled field experiments to evaluate advertising effectiveness, we introduce a relatively low 

cost, implementable test and control methodology for examining display ad effectiveness in light 

of unobservable targeting and browsing behavior biases. Using ads for an unrelated charity in 

place of firm advertising, we are able to identify a baseline independent of firm intervention. We 

produce model free evidence that online display advertising increases the probability of site visit, 

even accounting for targeting and browsing behavior biases. For managers, this means that 

display advertising can be a productive marketing tool.  

Second, we introduce a modeling approach that allows us to calculate effect sizes, marginal 

effects, and elasticities while limiting the size of the control group. We show that all of these can 

vary greatly by purchase funnel stage, suggesting that managers should carefully consider both 

the reach and frequency of their retargeting strategies. In our application the null effect for 

visitors and the strong effects for authenticated users and converted customers are evidence that 

retargeting strategies need to be more nuanced than simply identifying those that have previously 

visited the site. Overall, we provide evidence that consumer response to display advertising 

changes with their relationship to the firm, and recommend that targeting strategies account for 

this. 
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Third, we show that our approach produces estimates that can differ significantly from 

correlational estimates. This supports the work of recent display advertising researchers, 

especially in their call for caution when analyzing display advertising campaigns. Importantly, 

we show that correlational estimates can actually understate the effect of display advertising in 

some instances. 

Finally, we show that our approach not only produces significantly different estimates than 

popular correlational approaches, but that allocation decisions based on our approach produce 

significantly more site visits. Given that the expected increase in site visits due to improved 

allocation decisions dominates the loss due to impressions sacrificed in creating the control 

group, managers can be confident in implementing our methodology. As targeting becomes 

increasingly complex, we expect that such an approach will become increasingly valuable. 

1.10 Conclusion 

Our purpose was to develop and test a managerially applicable method for estimating the effects 

of online display advertising, accounting for both targeting and browsing behavior biases. 

Further, we examined differences in display ad effectiveness by stage in the purchase funnel We 

used a unique dataset containing online display ad impressions and firm interactions for 133,058 

individuals over a six week period. A small subset of these individuals (2,164), were randomly 

assigned to a control group and shown ads for an unrelated charity in place of the firm’s 

advertising. This control group allows us to identify the combined effect of targeting and 

browsing behavior biases. 
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In our data, we find that online display advertising has a small, positive, and significant effect 

for three out of the four purchase funnel stages studied. For non-visitors, the effects are small, 

but so is the rate of decreasing returns to increased exposure. For authenticated users and 

converted customers, the effects are significantly larger, but also decay much more quickly. For 

individuals who have previously visited the site but declined to provide identifying information, 

online display advertising has no discernible impact on behavior. Further, we find that the 

estimated effects derived from our approach and those derived from correlational methods are 

significantly different, both statistically and practically. Optimal impression allocation across 

funnel stages based on our proposed approach results in 1,241 additional expected site visits, 

representing a 9.85% lift in total visits. This is over three times more than would be expected 

using correlational estimates, even when all impression opportunities are leveraged for firm 

advertising. 

While we have sought to develop a practical methodology for measuring online display 

advertising and obtaining managerial insights into its effects, there remain several opportunities 

to build on our research. First, we do not have information on other marketing variables (ie: 

offline advertising, pricing, etc.) during the time of our data. While we would expect such effects 

to be consistent across the randomly assigned treatment and control groups, such information 

could serve as a valuable control or provide insight into how effects vary based on observed 

heterogeneity. Second, we cannot link ad copy to a given exposure due to technical limitations in 

our data. While we have been assured by management that the only systematic variation was by 

week (which we control for), this does prevent us from pursuing interesting questions regarding 

ad copy effects such as how display advertising response in each funnel stage varies by appeal 

type. Third, we do not have any additional relevant behavior or demographic information. Such 



 

35 

 

information would be helpful in reducing uncertainty surrounding our parameter estimates, and 

may allow future researchers to disentangle browsing behavior from targeting biases. Finally, our 

data stem from a single campaign, for a single firm advertising a single product line in one 

market. Larger, more diverse data sets are needed before our results can be freely generalized or 

the underlying mechanisms driving differences in display advertising response by funnel stage 

are fully understood. 
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1 Our attempt modeled ad response accounting only for targeting. We found that the signs of the targeting and 
response parameters were not empirically identifiable due to the data set’s low individual level information content, 
a potential pitfall that Manchanda and co-authors note in their original paper. 

2 When running similar models using sign-up or conversion as the focal behavior, we were unable to obtain 
significant parameter estimates. This may be due to a lack of effect or to a decrease in observed behaviors caused by 
moving further through the purchase funnel. 

3 Frequent cookie deletion decreases the probability that both an impression and a site visit would be associated 
with the same individual. Thus, including frequently deleted or “short-lived” cookies would incorrectly reduce the 
correlation between the two events, biasing our parameter estimates towards zero. 

4 One immediate concern may be that logistic regression can underestimate the probability of rare events. 
Fortunately, the risk of bias declines dramatically as the number of observed events increases, and virtually 
disappears when the number of observed rare events exceeds 6,000, the upper bound published by King and Zeng 
(2001). With 16,433 observed site visits, we far exceed this threshold. 

5 We add one prior to log transforming the relevant variables to avoid taking the logarithm of zero. 
6 Note that this expression represents a distribution of probabilities given the data and the joint posterior draws 

of ߚ; it is not a single probability value. 
7 As an example, consider the case of a one period lag effect (the result we find for our data). Our objective is to 

compute the lift in probability of a site visit occurring on either the day of exposure or the next day. Thus, we would 
add the probabilities of site visit for days one and two then subtract the product of those probabilities.  

8 An alternative approach would be to use ܺ in this calculation, with the assumption that future data will be 
similarly distributed. Given that our data are sparse (i.e., the vast majority of observed covariates are zero), the 
resulting plots and calculations provide little information beyond simply calculating Equation (3) once using a 
vector of zeros. We believe that fully enumerating the observed dataset better conveys the range and robustness of 
the effects. 

9 98.5% of our observations contain six or fewer impressions. 
10 The observation counts in Table 2 make it unlikely that this null effect is due to a shortage of observations for 

visitors compared to the other funnel stages. 
11 If this were not done, the approach would recommend that this group be served a negative number of 

impressions. Also, we again note that the negative elasticity estimate is not significantly different from zero. 
12 This excludes the charity impressions served to the converted customers, as converted customers are not 

included throughout this comparison. 
13 An alternative approach would be to discard the control group and associated parameters, and then re-

estimate the model. This reduces the information content available to estimate the common parameters, while 
offering no additional benefits. Thus, we believe this approach to be the appropriate comparison. 



 

37 

 

1.11 Tables 

Impression Count Percent of Cookie Days
0 87.53% 
1 5.77% 
2 2.39% 
3 1.22% 
4 0.76% 
5 0.49% 

6+ 1.84% 

Table 1: Percentage of observations by observed impression count. 

 

 

 Firm Ad Charity Ad Total 
Non-Visitor 4,047,002 70,082 4,117,084 

(86.62% / 98.30%) (92.44% / 1.70%) (86.71% / 100.00%) 
Visitor 281,185 2,470 283,655 

(6.02% / 99.13%) (3.26% / 0.87%) (5.97% / 100.00%) 
Authenticated User 106,690 1,414 108,104 

(2.28% / 98.69%) (1.87% / 1.31%) (2.28% / 100.00%) 
Converted Customer 237,330 1,847 239,177 

(5.08% / 99.23%) (2.44% / 0.77%) (5.04% / 100.00%) 
Total 4,672,207 75,813 4,748,020 

(100.00% / 98.40%) (100.00% / 1.60%) (100.00% / 100.00%) 

Table 2: Observations by treatment group and funnel stage (% Column Total/% Row Total) 
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 Model 1 Model 2 Model 3 Model 4 
Intercept -5.931*** -6.865*** -6.962*** -6.960*** 

 (-5.949,-5.913) (-6.916,-6.815) (-7.012,-6.910) (-7.012,-6.907) 

ࢌǡ࢚࢞൫ܖܔ  ൯   0.855*** 0.538*** 0.820*** 0.869*** 
 (0.840,0.869) (0.522,0.555) (0.795,0.847) (0.842,0.897) 

ࢉǡ࢚࢞൫ܖܔ  ൯  0.259* 0.101 0.280 0.430* 
 (0.010,0.473) (-0.161,0.320) (-0.095,0.586) (0.059,0.745) 

ࢌǡି࢚࢞൫ܖܔ  ൯     -0.159*** 
    (-0.183,-0.134) 

ࢉǡି࢚࢞൫ܖܔ  ൯    -0.501* 
    (-0.959,-0.113) 

Visitor  1.677*** 1.869*** 1.892*** 
  (1.632,1.722) (1.816,1.921) (1.838,1.945) 

Auth. User  2.774*** 2.985*** 3.008*** 
  (2.729,2.817) (2.935,3.036) (2.958,3.056) 

Conv. Cust.  2.153*** 2.313*** 2.336*** 
  (2.112,2.194) (2.265,2.361) (2.288,2.384) 

Visitor x� ࢌǡ࢚࢞൫ܖܔ  ൯   -0.403*** -0.389*** 
   (-0.448,-0.358) (-0.434,-0.345) 

Auth. x ܖܔ൫࢚࢞ǡࢌ  ൯   -0.443*** -0.432*** 
   (-0.490,-0.398) (-0.478,-0.387) 

Conv. x ܖܔ൫࢚࢞ǡࢌ  ൯   -0.364*** -0.354*** 
   (-0.404,-0.323) (-0.395,-0.312) 

Visitor x ܖܔ൫࢚࢞ǡࢉ  ൯   0.215 0.177 
   (-0.408,0.785) (-0.452,0.746) 

Auth. x ܖܔ൫࢚࢞ǡࢉ  ൯   -0.550` -0.524` 
   (-1.246,0.059) (-1.210,0.091) 

Conv. x ܖܔ൫࢚࢞ǡࢉ  ൯   -1.271* -1.268* 
   (-3.029,-0.128) (-2.935,-0.110) 

Week 1  0.606*** 0.590*** 0.610*** 
  (0.550,0.662) (0.534,0.645) (0.556,0.663) 

Week 2  0.451*** 0.471*** 0.481*** 
  (0.395,0.509) (0.414,0.527) (0.423,0.539) 

Week 3  0.158*** 0.165*** 0.174*** 
  (0.098,0.218) (0.104,0.224) (0.113,0.236) 

Week 4  0.028 0.034 0.042 
  (-0.034,0.091) (-0.027,0.096) (-0.019,0.103) 

Week 5  0.168*** 0.170*** 0.173*** 
  (0.107,0.228) (0.109,0.230) (0.113,0.234) 

Weekend  0.118*** 0.108*** 0.108*** 
  (0.084,0.152) (0.075,0.142) (0.074,0.142) 

Log-Likelihood -105,454 -96,636 -96,372 -96,003 
 (-105,458,-105,453) (-96,641,-96,632) (-96,378,-96,367) (-96,010,-95,996) 

BIC 210,953 193,207 192,774 192,630 
  0.10 > ࢻ` ,0.05 >ࢻ * ,0.01 >ࢻ ** ,0.001 > ࢻ *** 

Table 3: Parameter estimates, model fit and associated 95% confidence bands based upon our 
approach. 
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 Median 90% Confidence 
Band 

95% Confidence 
Band 

Non-Visitor 0.10 (0.06, 0.16) (0.05, 0.17) 
Visitor -0.00 (-0.10, 0.07) (-0.13, 0.08) 
Authenticated User 0.09 (0.05, 0.12) (0.04, 0.13) 
Converted Customer 0.12 (0.07, 0.16) (0.06, 0.16) 

Table 4: The second column contains the median elasticity estimate from our model for each 
funnel stage. The third and fourth columns report the associated confidence bands.  

 
 

 Actual Proposed 
Estimate 

Non-Visitor 1,364,007 997,960 
Visitor 389,757 0 
Authenticated User 145,680 869,893 

Table 5: Column two presents the actual impression allocation by funnel stage, while column three 
presents the recommended optimal allocation based on the Dorfman-Steiner condition.  

 
 

 Existing Impressions Incl. Charity 
Impressions 

 Actual Proposed 
Estimate 

Actual 

Non-Visitor 6,500 6,336 6,511 
Visitor 2,914 2,914 2,914 
Authenticated User 3,191 4,596 3,196 
Total 12,605 13,846 12,621 
Quantity ǻ  1,241 16 
% Change  9.85% 0.12% 

Table 6: Column three reports the expected number of site visits conditional on the allocations 
presented in Table 5. The last two columns present a more stringent test, allowing the control 

group impressions to be served as firm impressions for the actual estimates. 
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 Effect Marginal Effect Elasticity 
Non-Visitor 95.70% 79.40% 87.79% 
Visitor 59.85% 24.58% 24.99% 
Authenticated User 99.76% 98.74% 99.13% 
Converted Customer 99.97% 99.53% 99.59% 

Table 7: The percent of estimated posterior probability of site visit based on the proposed 
approach that exceeds the median posterior probability of site visit using correlational 

approaches.  
 
 

 Actual Proposed 
Estimate 

Correlational 
Estimate 

Non-Visitor 1,364,007 997,960 990,463 
Visitor 389,757 0 476,979 
Authenticated User 145,680 869,893 400,411 

Table 8: This table builds on Table 5, adding the recommended impression allocations based on the 
correlational model estimates.  

 
 

 Existing Impressions Only Incl. Charity Impressions 
 Actual Proposed 

Estimate 
Correlational 

Estimate 
Actual Correlational 

Estimate 
Non-Visitor 6,500 6,336 6,332 6,511 6,341 
Visitor 2,914 2,914 2,914 2,914 2,914 
Auth. User 3,191 4,596 3,688 3,196 3,701 
Total 12,605 13,846 12,935 12,621 12,956 
Quantity ǻ  1,241 330 16 351 
% Change  9.85% 2.62% 0.12% 2.78% 

Table 9: This table builds on Table 6 by including the expected number of visits given the 
allocation recommendations resulting from the correlational approach. 

 

 �
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1.12 Figures 

 
Figure 1: Probability of site visit by funnel stage & treatment group 

 

 
Figure 2: Effect of a single impression by funnel stage 
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Figure 3: Median & 95% confidence bands for the estimated effects (1-6 impressions). The solid 
lines reflect the median effect size estimate resulting from our approach, while the dashed lines 

represent the 95% confidence bands.  

 
Figure 4: Median & 95% confidence bands for marginal effects (1-6 impressions). The solid 

lines reflect the median effect size estimate resulting from our approach, while the dashed lines 
represent the 95% confidence bands.  
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Figure 5: Elasticity of moving from one to two impressions. 

 

 
Figure 6: Comparison of effect of a single impression between our approach and a correlational 

approach for each of the funnel stages.  
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Figure 7: Comparison of marginal effect from one to two impressions resulting from our 

approach and a corrleational approach for each of the funnel stages.  

 
Figure 8: Comparison of elasticity from one to two impressions resulting from our approach and 

a correlational approach for each of the funnel stages.   



 

45 

 

1.13 Appendix – Bayesian Inference 

To obtain the necessary marginal posterior distributions, we estimated our model using a 

Bayesian approach. The full-conditional distributions were derived from the joint density and the 

chosen priors. We obtained the marginal posterior distributions by sequentially drawing 100,000 

samples from the full-conditional distributions. Starting points were selected based on a 

classically estimated model. We kept every 10th iteration to reduce auto-correlation, and used a 

10,000 iteration burn-in period to mitigate the effects of the selected starting values. 

ఉǡߤ൫ܸܰܯ is distributed ߚ ఉܸ൯. Thus, the full conditional distribution for ߚ is: 

 ��൫ߚหߤఉǡ ఉܸǡ ܺ൯ ן ቈෑ ���ሺܺߚሻ
ͳ  ���ሺܺߚሻ ቂെͲǤͷ൫ߚ െ ఉ൯ߤ

ᇱ
ఉܸ
ିଵ൫ߚ െ ) ఉ൯ቃߤ

Because the full-conditional distribution for ߚ is known only up to a proportionality constant, we 

use a random walk Metropolis-Hastings algorithm. Candidate values on iteration ݊ are drawn as 

ߚ ൌ ିଵߚ  ሺͲǡܸܰܯఉ̱ߝ ఉ, whereߝ ݏ ఌܸሻ. ఌܸ is the covariance matrix for ߚ estimated 

asymptotically. ݏ is a scalar chosen to achieve a rejection rate of 50-70%. The candidate value is 

accepted with probability: 

 ��� ቊ หߚ൫ݎܲ ఉǡߤ ఉܸǡ ܺ൯
ିଵหߚ൫ݎܲ ఉǡߤ ఉܸǡ ܺ൯

ǡ ͳቋ (

We set ߤఉ ൌ Ͳ and ఉܸ ൌ ʹͷܫ. 

�
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1.14 Appendix – Data Generating Process 

The random assignment of individuals to the 

treatment and control groups is central to our 

approach. To understand the critical role of the control 

group, it helps to understand the data generating 

process. Figure 9 depicts this process. There are 

several complicating factors at play that make existing 

correlational approaches problematic. First, there is a 

feedback loop between prior site visit and both future 

site visits and advertising. Specifically, product 

familiarity obtained during a prior site visit may make 

an individual more likely to revisit through product 

experience. The visit itself may make the individual more likely to receive advertising 

impressions based on the ad servers targeting algorithm. Further, prior site visit may change how 

individuals react to such advertising. Research has shown that brand familiarity influences ad 

perceptions (Campbell and Keller 2003), and that such influence may not always be positive 

(Goldfarb and Tucker 2011). Second, the aforementioned targeting algorithms generally include 

a number of factors that are unobserved by the researcher. Existing methods include everything 

from browsing behavior on third party sites to the content of emails received by individuals 

(Ingram 2012). Even algorithms based on mood and body language are in the works (Delo 

2012). Third, these unobservable factors may directly impact the probability of site visit in 

addition to impacting the probability of receiving an ad impression. An email from a friend 

 
Figure 9: Display Ad Response  

Data Generating Process. 
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recommending that an individual visit a given site may increase the probability that they visit the 

site, the probability that they receive advertising for that site, both, or neither. Finally, browsing 

behavior likely impacts both the probability of seeing an ad and the probability of performing 

any action online, creating a confound unless appropriately measured. That is, when individuals 

spend more time online, they may be both more likely to be served a given ad and to perform any 

given activity, ceteris paribus, even if the two events are unrelated from the consumer’s 

perspective. 

The data commonly available to managers for evaluating display advertising campaigns 

further complicates the analysis. Firms frequently use tracking cookies to compile individual 

histories across browsing sessions. Webpages, display ads, and other downloadable content can 

contain tracking code that looks for a unique cookie ID stored within the browser. This identifier 

is then sent to a third party along with information such as a time stamp, IP address, the visited 

URL, and identifiers for the downloaded content (i.e., a number uniquely identifying the display 

ad shown) (Google 2012). When aggregated over a large number of websites and browsing 

sessions, these data can provide a rich history of online consumer behavior. However, this full 

dataset is almost never available to individual firms due to privacy agreements between the third 

parties and consumers. The subset that firms generally receive is limited to how otherwise 

anonymous users interacted with only their ads and website. The result is a dataset that is sparse 

and devoid of individual level demographic information. 
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Ch. 2:  Trading Reputation for Traffic:  

An Examination of Restaurant Daily Deal 

Decisions 

2.1 Abstract 

Online daily deal sites provide a marketplace in which local merchants sell vouchers for goods 

and services to geographically targeted consumers. After the steep discount and provider's cut, 

the merchant's take is generally 25% of listed prices. While there are certainly a number of 

merchants for whom daily deals have been effective, stories of failure are rife in the popular 

press. In this paper, I examine when and why merchants participate in daily deals, and what 

influence such participation has on their business. To address these questions, I compiled a 

unique dataset containing all restaurants in the Los Angeles area, their characteristics and 

customer reviews as reported by Yelp.com, and their participation in daily deals from March 

2010 through July 2012. Using a joint model of participation and outcomes, I am able to control 

for the selectivity inherent in the data. Further, I explore competitive interactions by leveraging 

recent advances in empirical games. I find that daily deal launch and offer expiration coincides 

with a dramatic spike in the volume of reviews and a significant drop in valence, consistent with 

existing research. Further, I find positive spillover effects such that focal restaurant traffic 

increases when competitors offer daily deals. I also find positive strategic interactions, such that 
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a merchant is more likely to participate in a daily deal if they expect their competitors to do so. 

Finally, I find that merchants consider the potential impact on word of mouth when deciding 

whether to offer a daily deal. Specifically, merchants appear to make a tradeoff between traffic 

and reputation, accepting some negative word of mouth in exchange for a sufficient increase in 

traffic. 

2.2 Introduction 

Online daily deals represent one of the newest, fastest growing, and most controversial 

marketing tools available. In 2012, the two largest daily deal providers, Groupon and 

LivingSocial, reported combined revenues of $2.87 billion, up 54% year over year (Amazon.com 

2013; Groupon 2013). In 2015, consumers will spend an estimated $5.5 billion on daily deals in 

the US alone, a 202% increase from 2011 (Pacheco and Udowitz 2012). These numbers are even 

more impressive when one considers that neither Groupon nor LivingSocial existed prior to 

2007. 

 By building large subscriber bases and managing websites on which offers are listed, daily 

deal providers serve as market makers for daily deal offers. The listed offers generally come 

from small, local firms, and represent a 40-60% discount on goods and services (Byers, 

Mitzenmacher et al. 2012). The offers are listed for a short period of time, generally one to three 

days, and expire at a prespecified date, usually six months in the future. As their fee, providers 

take an average of 45% of a voucher’s selling price (Dholakia 2012), leaving merchants with 22-

33% of the voucher’s face value as revenue. For participating merchants, these offers constitute 
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the single largest annual marketing expense (Dholakia 2011). Given the resulting slim margins, it 

may be unsurprising that the popular press is rife with stories of daily deals gone bad; including a 

cupcake shop losing a year’s worth of profits (MSNBC 2011), a niche grocer requiring charitable 

donations to stay afloat (Gelles 2012), and a waffle house being driven out of business 

(Kurtzleben 2012). Daily deals have been referred to as, “The single worst decision I have ever 

made as a business owner,” (Caldwell 2012) and “… the equivalent of a loan sharking business,” 

(Agrawal 2011). 

 Reading through these firsthand accounts and speaking with managers, several themes 

become apparent. First, merchants find that many daily deal customers are less satisfied with 

their products and services. To the extent that the discounted prices attract marginal consumers, 

this follows directly from standard economic theory. The result is that these less satisfied 

customers are unlikely to return at full prices or spend beyond the voucher’s value. Second, loyal 

customers frequently purchase vouchers. This can have negative effects in both the short and 

long term. In the short term, voucher sales to loyal customers may cannibalize future full price 

sales. In the long term, such discounts can damage the brand by increasing price sensitivity (Kaul 

and Wittink 1995), decreasing reference prices (Kalyanaram and Winer 1995), and signaling 

lower quality (Erdem, Keane et al. 2008). Finally, capacity constraints are real and binding. 

When merchants don’t sufficiently limit the number of available vouchers, they are frequently 

unable to meet the resulting demand while maintaining existing quality and service levels. This 

impacts not only the daily deal customers, but also their existing customer base. The result is that 

daily deals can not only fail to succeed, but they can also do long term damage. 
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 Despite these pitfalls, there are merchants that report great success with these promotions. 

One restaurant owner in Richmond, VA said, “There is no question that [our daily deal offer] has 

paid for itself better than any other advertising medium we have ever used,” (Friedman 2011). 

Such sentiments seem to be supported by the emerging research, which shows that roughly half 

of past participants intend to run another daily deal, and a third of managers view them as a 

sustainable business practice (Yarrow 2011; Dholakia 2012). While this falls well below the 80% 

and 97% merchant repeat rates claimed by LivingSocial and Groupon respectively (Lancellotti-

Young 2011; Heine 2013), it does provide evidence that at least some subset of merchants finds 

daily deals to be beneficial. 

Among the positive stories, there are two themes; awareness and trial. The majority of 

participating merchants are smaller, local businesses, with limited advertising budgets and little 

in the way of brand awareness. Because providers send daily emails to their subscriber bases 

highlighting the deals offered, daily deals represent an opportunity for significant exposure at no 

upfront cost. Beyond simply driving awareness, daily deals increase trial by offering consumers 

an opportunity to test a product or service at a dramatically lower price. While repeat rates are 

heavily debated, few argue against daily deals as a driver of trial. 

With the significant debate surrounding the efficacy of daily deals, it is interesting to 

consider how merchants make the decision whether or not to participate. In this paper, I explore 

three critical factors that influence the merchant participation decision; traffic (as measured 

through review volume), reputation (as measured through review volume and ratings), and 

strategic interactions. I also examine how daily deals ultimately impact traffic and reputation, 

accounting for the endogenous firm decision. My approach utilizes a joint model of firm 
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participation and outcome, based on existing research into word of mouth, promotion effects, and 

empirical games. I assume that firms are rational agents, selecting actions in an effort to 

maximize expected profits. In addition to stable restaurant attributes and the firm’s offer 

decision, I allow these profits to be impacted by the volume and valence of online reviews. This 

link between word of mouth, sales, and profits is well established within the literature, as will be 

discussed in section 2.3. I also allow online reviews to be impacted by the merchant’s offer 

decision, in line with the extensive literature on promotion effects. Finally, I allow both firm 

profits and reviews to be impacted by the daily deal decisions of a firm’s competitors, following 

from the literature on promotion effects and empirical games. 

To do all of this, I assembled a unique dataset combining daily deal information from the two 

largest providers, Groupon and LivingSocial, and word of mouth information from the popular 

review site Yelp.com. The resulting dataset contains information on 14,620 restaurants in the Los 

Angeles area, including 1,333 unique offers and 832,701 reviews. My focus on daily deals and 

use of online reviews to measure outcomes makes restaurants a particularly appealing category. 

In addition to representing approximately 12% of daily deal industry revenue (Yipit 2012), 

restaurants are also the second most frequently reviewed category on Yelp.com (Yelp 2013). 

While other local merchants such as spas may offer a wide variety of products and services, 

restaurants have a single general offering, prepared and served food, making them easier to 

categorize and compare. There is also a strong established relationship between restaurant sales 

and profits and online reviews (Luca 2011; Anderson and Magruder 2012), providing assurance 

that my outcome measures reflect firm performance. 
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Based on this approach, I reach four key conclusions. First, traffic increases and reputation 

decreases significantly when a daily deal is offered. Second, firms anticipate these outcomes 

when making their decision, and appear to make a tradeoff between reputation and traffic. They 

are willing to accept some negative word of mouth for additional customers, but the larger the 

negative reputational impact, the greater the increase in traffic demanded. Third, frequent offers 

negatively impact perceived quality, with increased offer rates resulting in decreased average 

review ratings. Fourth, there exist both positive spillover effects on traffic and positive strategic 

interactions from daily deals. When a firm’s competition offers a daily deals, traffic increases 

regardless of the focal firm’s promotion decision, indicating that category expansion effects 

dominate brand switching in my data. However, simultaneous offers result in greater increases in 

traffic, and additional profits for the focal firm. 

This paper makes several contributions to the existing literature. I am able to extend previous 

work showing that word of mouth impacts firm outcomes, by showing that firms are aware of 

this relationship and make critical decisions with reputational ramifications in mind. I am also 

able to build on the extensive literature on promotion effects, showing that category expansion 

effects can dominate brand switching in a large and important industry, and providing direct 

evidence that repeated promotions negatively impact perceived quality. Finally, I leverage recent 

advances in empirical games to provide evidence of positive strategic interactions in price 

promotions. 

The remainder of this paper is organized as follows. In section 2.3, I review the relevant 

research on promotion effects, word of mouth, and strategic interactions. In section 2.4, I discuss 

the data collection and setup. Section 2.5 presents some stylized facts. In section 2.6, I discuss 
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the modeling approach, identification, and estimation strategy. Section 2.7 discusses the results, 

and section 2.8 concludes with implications and directions for future research. 

2.3 Related Literature 

2.3.1  Word of Mouth 

There is considerable research showing that both the volume and valence of online reviews drive 

merchant sales and profits. For instance, Chevalier and Mayzlin (2006) find that more reviews 

and a higher average rating are positively correlated with sales rank and market share at both 

BarnesandNoble.com and Amazon.com. Dellarocas, Zhang et al. (2007) find a similar effect for 

movies, showing that both the volume and valence of reviews posted during the opening week 

are important predictors of total box office sales. With regard to restaurants, our area of 

empirical focus, two recent studies have shown strong ties between online reviews, sales, and 

profits. Noting that Yelp displays average ratings rounded to the nearest half star, both Luca 

(2011) and Anderson and Magruder (2012) use a regression discontinuity approach to show that 

a half a star improvement in average Yelp rating leads to 19% more sellouts and 5-9% more 

revenue. Further, these results are driven by the independent restaurants, about which consumers 

have few other available information sources (Luca 2011). 

These smaller, local firms comprise the core merchant base for daily deal providers, making 

it critical that we understand the interplay between daily deal offerings and online word of 

mouth. On a positive note, recent research has shown that review volume tends to spike around 

daily deal launch and expiration (Byers, Mitzenmacher et al. 2012), and that this pattern 
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coincides with the redemption of daily deal vouchers (Song, Park et al. 2012). Further, daily deal 

reviews1 tend to be for merchants in a novel location or line of business from the reviewers 

perspective, indicating customer trial (Byers, Mitzenmacher et al. 2012). In contrast to this 

positive impact on review volume, daily deals appear to be negatively correlated with review 

valence. Average rating tends to drop around the launch and expiration of a deal, driven in part 

by daily deal reviews that are in general 10% lower than others (Byers, Mitzenmacher et al. 

2012). Thus, daily deals appear to be positively correlated with review volume and negatively 

correlated with valence.  

There are three critical conclusions from the existing word of mouth literature. First, online 

reviews impact firm performance, with greater review volume and valence leading to improved 

sales and profits. Second, this link is especially strong for small and medium size restaurants, 

which comprise a core merchant base for daily deal providers. Third, daily deals are positively 

correlated with review volume, but have a strong negative correlation with valence. I hope to 

build on this literature by examining the role of anticipated word of mouth on firm decision 

making, especially as related to daily deals. 

2.3.2  Promotion Effects 

In offering deep discounts on products and services, daily deals can be thought of as an extreme 

form of price promotion, which has long been a core focus of marketing research. In the short 

term, price promotions have been shown to positively impact sales through category expansion, 

brand switching, and accelerated consumption (Ailawadi and Neslin 1998; Nijs, Dekimpe et al. 

                                                 
1 Daily deal reviews are defined as reviews mentioning a daily deal provider in the text. 
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2001; Pauwels, Hanssens et al. 2002). In the medium term, some of these positive effects are 

mitigated by purchase acceleration and stockpiling, which can result in a post promotion dip 

(Gupta 1988; Blattberg, Briesch et al. 1995; Pauwels, Hanssens et al. 2002). In the long term, 

price promotions have been found to have little persistent effect on sales, especially in the 

absence of company inertia (Nijs, Dekimpe et al. 2001; Pauwels 2004). However, when such 

inertia is present, increasing promotion frequency, consumer perceptions are negatively impacted 

through increased price sensitivity (Kaul and Wittink 1995; Mela, Gupta et al. 1997), decreased 

reference prices (Kalyanaram and Winer 1995), and diminished perceived quality (Erdem, Keane 

et al. 2008). 

My data provides an opportunity to further study two key questions regarding price 

promotions. First, by combining promotion information with consumer reviews, I can examine 

the impact of frequent price promotions on perceived quality, when the latter is directly 

observed. In past research, perceived quality has been defined as an unobserved heterogeneous 

term, impacted by price, advertising, and past product purchase (Erdem, Keane et al. 2008). If 

frequent promotions negatively impact perceived quality, one would expect that average ratings 

are lower for restaurants that have more frequently offered deals than for their less deal prone 

counterparts. The second critical question is when category switching effects may dominate 

those from brand switching?2 If category expansion effects dominate, one would expect to see 

firm traffic increase when a competitor extends an offer. If brand switching dominates, firm 

traffic should decrease as existing customers accept competitor offers. Understanding these 

                                                 
2 Note, stockpiling is not relevant given our empirical application to restaurants. For other daily deal participants 

such as grocers, this may be a greater concern. 
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relationships will help us better understand the impact that promotions have on consumer 

perceptions and firm outcomes.  

2.3.3  Strategic Interactions 

Past empirical examinations of competitor reactions to promotions has produced mixed, and 

somewhat conflicting results. Pauwels (2004) finds that passive responses to competitor 

promotions are rare, with firms generally reacting in either a cooperative or an aggressive 

manner. In later work, he shows that firms most frequently discount prices in response to a 

competitor price promotion, partially mitigating the offer’s impact. Meanwhile, Nijs, Dekimpe et 

al. (2001) find that the dominant form of reaction to a competitive price promotion is no reaction. 

Thus, the existence of strategic interactions in price promotion decisions remains an open 

question, upon which I hope to shed some light. 

 To do this, I draw on a rich empirical literature in discrete games, dating back to Bresnahan 

and Reiss (1991; 1991). In leveraging the incomplete information framework to break a system 

of equations into single agent discrete choice problems, I follow the work of Bajari, Hong et al. 

(2010). Using related recent advances in incorporating outcome data into static discrete games 

(Ellickson and Misra 2012), I am able to jointly model the firm’s daily deal decision, as well as 

the resulting review volume and valence. This joint estimation allows me to see the 

interdependencies between merchant daily deal decisions and word of mouth outcomes, 

accounting for anticipated competitor actions. 
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2.4 Data Collection & Construction 

2.4.1  Collection 

On the daily deals side, I focus on the two dominant providers, Groupon and LivingSocial, who 

comprise 70-80% of the market (Pepitone 2012). Using a list of URLs from daily deal aggregator 

Yipit, I collected information on all 1,333 offers extended by restaurants in the Los Angeles area 

through either of these providers during the 29 month period from March 3, 2010 to July 31, 

2012.3 I gathered offer specific information such as when the deal was posted and when it 

expired, as well as merchant specific information such as name, address, phone number, 

merchant website, and Yelp URL where available. 

With 86 million unique monthly visitors and roughly 7.5 million restaurant reviews, the 

review site Yelp.com serves as a valuable source of digital word of mouth information (Yelp 

2013). From this site, I collected restaurant attributes such as type of fare and price range, as well 

as individual review information including when the review was posted and the assigned 

numeric rating. I focused first on those merchants that had offered a daily deal. The vast majority 

of these merchants were matched to the daily deal data using either the Yelp URL found on the 

daily deal site or an exact string match between both the listed name and address. Those that 

could not be matched programmatically were manually matched based on a combination of 

name, phone number, address, and website. All merchants were matched using one of these two 

methods. 

                                                 
3 There is a period from Groupon's Los Angeles launch on July 1, 2010 to the start of our data in which we do 

not observe daily deal participation by merchants (Groupon 2009). 
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I then gathered the population of potential competing restaurants using Yelp's “Browse 

Nearby” tool. For a given merchant, this tool provides a list of Yelp webpages for geographically 

proximate restaurants. For each of the firms that offered a daily deal, I used this tool to collect 

information on all restaurants in their vicinity. This process was repeated several times, plugging 

each new restaurant from the last iteration into the “Browse Nearby” tool, and collecting 

information on each of the listed alternatives. The result was 832,701 reviews for 14,620 unique 

restaurants in the Los Angeles area.4 5 

Finally, I geocoded each of the restaurants using Microsoft's Map API. Unlike other 

geocoding tools, Microsoft provides both a location type (i.e., address, intersection, or city 

center) and match confidence (i.e., low, medium, or high) in their results. These attributes were 

used to ensure that the latitude and longitude estimates were for a specific address, and returned 

with high confidence. 

2.4.2  Data Setup 

Offering a daily deal is not an instantaneous process.  Rather, merchants and providers work 

together to plan the promotion for some future period, usually a few weeks off. Frequently, the 

merchant is only guaranteed that the deal will run within some prespecified window, meaning 

advance planning is necessary (Gupta, Weaver et al. 2011). With this in mind, I discretize the 

data to the merchant-month level, resulting in 423,980 observations. 

                                                 
4 Because we only observe daily deals within the Los Angeles Area, we limit the pool of potential competitors 

to those within a zip code that is at least partially within Los Angeles County. This reduces the risk that a competitor 
ran a daily deal which we do not observe. 

5 A large number of reviews posted prior to March 3, 2010 were also collected. I use these to calculate the 
relevant state variables and apply the necessary filters as discussed in section 2.4.2. 
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 For restaurants, two characteristics of the data make analyzing daily deal effects difficult. 

First, Yelp data is largely user generated, resulting in a fair number of stub files. These stub files 

commonly stem from user error (i.e., incorrectly identifying a business name). Second, new 

restaurants have a high failure rate, with 26% closing their doors in the first year (Parsa, Self et 

al. 2005). This failure rate is higher for independent restaurants than for chains, and frequently 

has nothing to do with the firm’s performance (Parsa 2003). In an effort to mitigate the impact of 

these factors on the results, I filtered out merchants with fewer than 5 total reviews. This 

represented 0.6% of reviews and 19.4% of restaurants, including 3.3% of restaurants that 

extended offers. After applying this filter, the data contains 311,758 observations on 11,791 

restaurants, including 827,794 reviews and 1,276 offers. 

 Three additional covariates cause a reduction in the total number of observations. First, 

average rating is not defined for merchant-months in which no reviews are posted. This impacted 

111,464 observations, representing 35.8% of my data. Similarly, the average of all past ratings 

requires at least one past review. This affected 2,374 (0.8%) of the observations. Finally, pricing 

information was unavailable for a small number of restaurants, further reducing the data by 2,669 

observations (0.9%). Taken together, these result in a 43% reduction in the number of 

observations. The final data set contains 197,427 observations on 11,614 merchants, including 

815,932 reviews and 1,152 offers. 

2.4.3  Defining the Competitive Set 

Examining strategic interactions requires a clearly defined competitive set. I use three key 

restaurant attributes to define the competitive set; cuisine type, price, and location. Within a Yelp 
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listing, restaurants are tagged with the types of cuisine they serve. Common examples include 

Italian, Chinese, and pizza. Note, these categories are not mutually exclusive; a restaurant could 

be categorized as serving Italian food and pizza simultaneously. Within a cuisine type, there is 

considerable variability with regard to the price point at which restaurants operate. Price likely 

helps define the competitive set directly by narrowing the customer set for which the restaurant 

competes, and indirectly through its correlation with quality. While both Taco Bell and Rick 

Bayless’ Red O Restaurant serve Mexican food, the disparity in price makes it unlike that 

consumers view them as substitutes. Consequently, it is unlikely that they compete with each 

other. Finally, location impacts competition. I assume a trading radius of 1 mile, meaning that 

firms must be no more than 1 mile apart to be deemed competitors. While this may seem like a 

tight radius in terms of distance, the population of restaurants is drawn from the Los Angeles 

metropolitan area, meaning this trading radius covers a considerable distance in terms of travel 

time. As a robustness check, I have also analyzed the data based on a two mile trading radius, 

with no meaningful impact on the results. 

 Because of both the trading radius assumption and the fact that cuisine types are not mutually 

exclusive, the competitive relationships are not transitive. Figure 1 depicts this non-transitive 

relationship. Here, restaurant A serves both Japanese food and sushi, restaurant B is a sushi bar 

located a half mile West of restaurant A, and restaurant C is a Japanese restaurant located a half 

mile East of restaurant A. Despite being located within one mile of each other and both 

competing with restaurant A, restaurants B and C are not considered competitors because they do 

not share a cuisine type. Further, restaurant D is a sushi bar located a half mile east of restaurant 

C. Despite competing with restaurant A and sharing a cuisine type with restaurant B, it does not 
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compete with restaurant B because it is outside restaurant B’s one mile trading radius. This non-

transitive nature of the competitive sets will be used to identify the beliefs over competitor 

actions, as discussed in section 2.6.4. 

2.5 Stylized Facts 

Table 1 contains summary statistics for some key variables, drawn from the estimation data set. 

The first four rows contain covariates aggregated to the merchant level, including number of 

competitors, number of reviews, average rating, and number of offers. The next three rows are 

similar, except aggregated to the month instead of merchant level. This table provides some 

critical insights into the nature of the data. First, offering a daily deal is a relatively rare event, 

with only 6.46% of merchants extending an offer. Second, there is a fairly significant amount of 

variation in average rating across restaurants, with a range of 1.00 to 5.00. Finally, most 

restaurants face only a handful of direct competitors.6 

In line with recent research, my data supports a strong relationship between daily deals and 

word of mouth, with review volume increasing and valence decreasing during the offer period. 

Figure 2 reflects this correlational relationship within the entire dataset. The line represents the 

thirty day moving average of rating, reset at the start and end of the deal. At these points, the 

drop in average rating is clear. Note that the dip following deal expiration likely reflects a delay 

in review posting by those that visited just before deal expiration. The gray bars at the bottom 

represent the daily review volume, where dramatic increases are apparent at the beginning and 

                                                 
6 This is admittedly a byproduct of the tight trading radius assumption. While expanding the trading radius 

increases the average number of competitors, it does not materially impact the findings. 
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end of the deal period. The black bars represent those reviews that specifically mention a daily 

deal provider. The corresponding increase in the volume of these reviews provides additional 

evidence that the shift in reviews is driven by the daily deals. 

Beyond these immediate effects on word of mouth, there are also indications that over time 

daily deals can negatively impact customer perceptions. Table 2 summarizes the results from a 

simple regression of average rating on the number of past offers. The significant, negative 

coefficient on the number of past offers indicates that firms with multiple past offers receive 

worse ratings than their counterparts. This is in line with the findings of Erdem, Keane et al. 

(2008), discussed in section 2.3. 

In addition to negatively impacting perceived quality, daily deal offers can also positively 

impact traffic at competing firms. Table 3 reports results from a similar linear regression of the 

number of reviews posted for a firm on a binary indicator of whether the firm offered a daily deal 

and a count of the number of competitor deals offered. The positive, significant coefficient on 

the number of competitor offers suggests positive spillovers in firm traffic as a result of 

competitor offers. 

 Despite these potentially negative outcomes from offering a daily deal, I find evidence that at 

least some subset of merchants find daily deals to be beneficial. Figure 3 contains the number of 

offers per month across all 423,980 observations. The gray portion represents offers by 

restaurants that have not previously participated in a daily deal, while the black portion 

represents offers from those that have. Two facts are immediately apparent. First, the number of 

deals offered in a given month has been roughly constant since the beginning of 2011.  Second, 

the percentage of offers extended by restaurants with previous daily deal experience has 
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increased steadily over this same period. This growth in offers from past participants indicates 

that firms have found past offers to be profitable, and are thus willing to repeat. This latter point 

runs contrary to the majority of anecdotal evidence in the popular press, though it is in line with 

the recent research on daily deals discussed in section 2.2. 

Strategic interactions also appear to impact the merchant offer decision. Table 4 reports the 

results from a linear probability model, with a binary indictor of firm offer regressed on the 

number of reviews posted for the focal firm, the average rating of these reviews, the log 

transformed number of competitors7, and the number of offers extended by competitors. 

Controlling for the focal firm outcomes and competitive set size, competitor offers are positively 

correlated with daily deal offers, indicating positive strategic interactions. 

While interesting, this model free evidence is not without its limitations. These correlations 

largely ignore the complex system of relationships between daily deals, word of mouth, and firm 

decision making. Further, the firm’s offer decision is not random, but rather involves various 

trade-offs in an effort to maximize expected profits. Understanding these trade-offs requires 

estimating counterfactuals, the expected outcomes given the alternative choice, at each decision 

point for each firm. In order to estimate these counterfactuals, I turn to a joint structural model of 

review volume, average ratings, and firm profits. 

                                                 
7 I add one prior to taking the logarithm in order to avoid taking the logarithm of zero when no competitors are 

observed. 
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2.6 Approach 

2.6.1  The Firm’s Decision 

At the start of each time period ݐ, the firm must decide whether to offer a daily deal ሺ݇ ൌ ͳሻ or 

not ሺ݇ ൌ Ͳሻ.8 Let ߨ௧  represent the profits earned by merchant ݅ during period ݐ from selecting 

action ݇. Let profits be a linear function of the firm’s daily deal decision ሺܽ௧ሻ, a set of restaurant 

attributes ሺݔగ௧ሻ, traffic ሺ ܶ௧ሻ, reputation ሺܴ௧ሻ, competitor daily deal decisions ൫ ܽ௧൯, and a 

private information term ሺߟ௧ሻ, such that 

௧ߨ  ൌ గ௧ᇱݔ ௫ߚ  ܶ௧
்ߚ  ܴ௧ߚோ   ܽ௧

א
 ߚ  ௧ߟ   (1) 

Where ܥ is the competitive set for firm ݅. Moving forward, let ିܣ௧ represent the number of 

competitor offers, such that ିܣ௧ ൌ σ ܽ௧א . I assume that the merchants are rational agents, 

seeking to maximize expected profits, and thus selecting an action such that 

ॱൣߨ௧ ൧ � ॱൣߨ௧
ᇱ൧݇�ǡ ݇ᇱ 

 There exist three critical determinants of firm profits that are revealed only after the firm 

selects an action; traffic ሺ ܶ௧ሻ, reputation ሺܴ௧ሻ, and competitor actions ሺିܣ௧ሻ.  Because these are 

not known in value a-priori, actions must be selected based on an expectation of each. Thus, the 

firm’s decision is based on its expected profit function 

 ॱൣߨ௧ ൧ ൌ గ௧ᇱݔ ௫ߚ  ॱൣ ܶ௧
൧்ߚ  ॱൣܴ௧ ൧ߚோ  ॱሾିܣ௧ሿߚ  ௧ߟ   (2) 

                                                 
8 This empirical setup reflects reality quite closely. As discussed in section 2.4.2, running a daily deal is not an 

instantaneous process, and frequently the merchant is only promised a window in which the offer will be published. 
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These expectations are discussed in detail in section 2.6.2, but first I turn to the precise 

specification of the firm’s decision function. 

 Note that these expected profits are never directly observed, but rather differences in 

expected profits are revealed through merchant actions. Further, these differences are only 

identified up to some scaling constant. The change in expected profit associated with running a 

daily deal is then 

 
ȟॱሾߨ௧ଵ ሿ ൌ ॱሾߨ௧ଵ ሿ െ ॱሾߨ௧ ሿ

ൌ గ௧ᇱݔ ȟߚ௫  ȟॱሾ ܶ௧ሿ்ߚ  ȟॱሾܴ௧ሿߚோ  ॱሾିܣ௧ሿȟȝ  ȟߟ௧
  (3) 

Where,  

ȟߚ௫ ൌ ௫ଵߚ െ ௫ߚ
ȟॱሾ ܶ௧ሿ ൌ ॱሾ ܶ௧

ଵሿ െ ॱሾ ܶ௧
ሿ

ȟॱሾܴ௧ሿ ൌ ॱሾܴ௧ଵ ሿ െ ॱሾܴ௧ ሿ
ȟߚ ൌ ଵߚ െ ߚ
ȟߟ௧ ൌ ௧ଵߟ െ ௧ߟ

 

 I specify ߟ௧  as the sum of two components; ߦగ௧  which follows a standard normal 

distribution and ߝ௧  which is distributed extreme value type I. As is standard in the choice 

literature, I normalize the profit from one option (in this case the no offer option) to zero. 

Integrating over ȟߝ௧ , the probability that firm ݅ selects action ݇ at time ݐ is a binary logit mixture 

model, such that 

 ��ሺ ܽ௧ ൌ ͳ פפ ௧ǡିܣ గ௧ǡݔ ȟॱሾ ܶ௧ሿǡ ȟॱሾܴ௧ሿǡ ȟߦగ௧Ǣ ߚ ሻ ൌ
���ሺȟॱሾߨ௧ଵ ሿሻ

ͳ  ���ሺȟॱሾߨ௧ଵ ሿሻ
  (4) 

Where ȟॱሾߨ௧ଵ ሿ ൌ ȟॱሾߨ௧ଵ ሿ െ ȟߝ௧ଵ . 
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2.6.2  Specifying Firm Expectations  

2.6.2.1 Traffic 

Let ܶ௧
 represent the traffic for restaurant ݅ during period ݐ conditional on action ݇. Because sales 

figures are not available at the merchant level, I use the number of reviews posted during a 

period as a proxy for traffic. As discussed in section 2.3, review volume and sales are, at a 

minimum, significantly correlated. Thus, I assume ܶ௧
 ൌ ݊௧ , where ݊௧  is the number of reviews 

posted for restaurant ݅ during period ݐ given action ݇. 

 Because the number of reviews posted is by definition a count variable, I model it as a 

Poisson process with mean ߣ௧ . I allow ߣ௧  to be influenced by several state variables ሺݔ௧ሻ, the 

number of competitors offering a deal ሺିܣ௧ሻ, and an iid normal, mean zero private information 

term ൫்ߦ௧ ൯. By incorporating the number of competitor offers, I allow the model sufficient 

flexibility to capture shifts in focal restaurant traffic as a direct result competitor offers. If 

category expansion dominates brand switching, competitor offers will increase focal merchant 

traffic, and this coefficient will be positive and significant. If brand switching plays a dominant 

role, competitor offers will negatively impact focal restaurant traffic, and this coefficient will be 

negative and significant. Given these inputs, review count is assumed to follow a Poisson process 

with mean ߣ௧ , such that 

 ���൫ߣ௧ ൯ ൌ ௧ᇱ்ݔ ௫ߠ  ߠ௧ିܣ  ௧்ߦ   (5) 
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2.6.2.2 Reputation & Ratings 

Merriam-Webster (2013) defines reputation as the, “Overall quality or character as seen or 

judged by people in general.” Accordingly, I specify reputation to be a function of both the 

number of reviews posted during a period and the average rating of those reviews. The average 

rating reflects the holistic evaluation provided by individuals, and the number of reviews reflects 

how generalizable these opinions are.9  

It is important that ratings during any period be measured relative to some baseline for two 

reasons. First, ratings on Yelp are bounded between one and five, meaning the raw scores are 

always positive. However, a one star rating is certainly not a positive outcome for a firm. 

Second, the relative value of a review to the firm may depend on their existing ratings. For 

example, a three star review may improve the reputation of a restaurant with a two star average, 

but harm that of a restaurant with a four star average. 

Review volume is assumed to magnify the reputational impact of average ratings by 

increasing their generalizability. The number of reviews posted reflects the sample size from 

which average rating is calculated, and thus review volume is negatively related to the associated 

margin of error. To the extent that consumers recognize this relationship, additional reviews 

should increase confidence that the observed average is an accurate reflection of the true 

average, magnifying its impact.  

                                                 
9 I am looking for an accurate assessment of a firm’s reputation, which may differ from more objective measures 

of firm quality. For more on this distinction, see Hu, Pavlou et al. (2006) 
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Given an action ݇, I specify the firm’s reputation during any period to be the volume 

weighted difference between the average rating of reviews posted during that period and the 

cumulative average rating over all prior periods, or 

 ܴ௧ ൌ ݊௧ ൫ݎ௧ െ  ҧ௧ି൯  (6)ݎ

Where ݊௧  is the number of reviews, ݎ௧ is the average rating of those reviews, and ݎҧ௧ି is the 

average rating for all reviews up to period ݐ. Note that the firm’s promotion decision is expected 

to impact reputation through both review volume and valence, as represented by the 

superscripted ݇. 

 With the exception of ݎҧ௧ି, the inputs to reputation are unobserved by the firm prior to 

selecting an action. Consequently, they must act based on some expected value of each. Because 

review count proxies for traffic, ܶ௧
 ൌ ݊௧ , and I use the model as described in section 2.6.2.1 to 

predict review volume. I assume that average ratings are normally distributed, and cast them as a 

linear function of the restaurant attributes ሺݔ௧ሻ, a private information term ൫ߦ௧ ൯, and an 

expectation error ൫ߟ௧ ൯ such that 

௧ݎ  ൌ ௧ᇱݔ ௫ߛ  ௧ߦ  ௧ߟ   (7) 

I assume that the error components in equation (7) ൫்ߦ௧ ௧்ߟ����� ൯ are iid normal with mean 

zero, and are independent of each other. 

2.6.2.3 Handling Self Selection & Correlated Private Information 

Because I only observe ratings information for the chosen action, there is a selectivity problem. 

Merchants take the action that maximizes expected profits, based in part on the private 



 73

information that impacts traffic and ratings. Consequently, it is generally true that 

ॱሾ ௧ଵ்ߦ פפ ܽ௧ ൌ ݇ ሿ ് ॱሾ ௧்ߦ פפ ܽ௧ ൌ ݇ ሿ ് ॱሾ߱௧
ଵ פפ ܽ௧ ൌ ݇ ሿ ് ॱሾ߱௧

 פפ ܽ௧ ൌ ݇ ሿ ് Ͳ݇� א

ሼͲǡͳሽ. Because expectation errors are independent of private information, the ratings inequalities 

clearly stem from ߦ௧ଵ , and ߦ௧ . Further, one could imagine that the private information 

influencing firm profits, traffic, and ratings may be correlated. For example, the upcoming 

addition of a talented new chef may be expected to positively impact all three. Under such a 

scenario, ॱሾ ȟߦగ௧ פפ ௧ଵ்ߦ ǡ ௧்ߦ ǡ ௧ଵߦ ǡ ௧ߦ ሿ ് Ͳ in general. 

 To account for these biases, I allow the firm’s normally distributed private information with 

regard to profits ሺȟߦగ௧ሻ and traffic ሺ்ߦ௧ଵ ௧்ߦ����� ሻ to be jointly normally distributed with the 

error components in ratings ሺ߱௧
ଵ �����߱௧

 ሻ10, such that 
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  (8) 

Because the firm’s offer decision is mutually exclusive (i.e., a firm cannot simultaneously offer 

and not offer a daily deal), ߪభబ, ߪభ బ், ߪబ భ், and ߪ భ் బ் are not estimable, and I set each to zero. 

Because the profit equation parameters are identified only up to a scaling constant, I fix the 

variance of ߪగଶ at one, as is standard in the discrete choice literature. Under these normalizations 

and letting ȭ represent the covariance matrix in equation (8), 

                                                 
10 I assume that ȟߝగ௧, the logit error described in section 2.6.1, is independent of the other private information 

terms, and that all expectation errors are independent of each other and the firm’s private information. 
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2.6.2.4 Beliefs over Competitor Actions 

Let ݏ௧ be a vector of commonly observed state variables describing both the focal firm and its 

competition entering period ݐ, and let ߞ௧ represent the focal firm’s private information signal, a 

combination of ȟߟ௧ , ȟߦగ௧, ߦ௧ଵ ௧ߦ , ௧ଵ்ߦ , , and ்ߦ௧ . As described in equation (1), firm profits are 

impacted by competitor actions and the private information signal which is observed by the focal 

firm alone. Because of this private information term, firms cannot perfectly predict competitor 

actions. Given this setup, the firm’s decision rule, ܽ௧ ൌ ௧ǡݏ௧ሺߜ  ௧ሻ, is a function of the commonߞ

state vector and its own private information, but not competitors’ private information, ିߞ௧, which 

are, by definition, unobserved by the focal firm. Thus, from the perspective of its competitors, 

the probability that firm ݅ offers a deal at time ݐ is 

 ��௧ሺ ܽ௧ ൌ ݇ פפ ௧ݏ ሻ ൌ  ͳሼߜ௧ሺݏ௧ǡ ௧ሻߞ ൌ ݇ሽ݀ܨሺߞ௧ሻ (9) 

Where ͳሼߜ௧ሺݏ௧ǡ ௧ሻߞ ൌ ݇ሽ is an indicator function equal to one if firm ݅ selects action ݇ at time ݐ 

and zero otherwise. Let Զ௧ represent this probability moving forward. 

 Anticipated competitor actions enter the firm’s profit function in two places.  First, the 

expected number of competitors to offer a daily deal enters directly, as seen in equation (1). 

Because the profit function is assumed to be linear, ॱషൣߨ௧ ሺڄǡ ௧ሻ൧ିܣ ൌ ௧ߨ ሺڄǡ ॱሾିܣ௧ሿሻ, 
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meaning that the expectation can be plugged in to the profit function. From the firm’s 

perspective, this expectation is 

 ॱሾିܣ௧ሿ ൌ ॱ  ܽ௧
א

 ൌ  ��௧൫ ܽ௧ ൌ ݇ פפ ௧ݏ ൯
א

 (10) 

 The forecasted number of competitors to offer a daily deal also enters the profit function 

indirectly through its impact on expected traffic (and consequently expected reputation). While it 

is unclear a-priori whether this indirect impact will be positive (i.e., category expansion) or 

negative (i.e., shifted share), it is clear that the model should be able to accommodate such an 

indirect effect. Unfortunately, traffic is not a linear function, and we cannot appeal to the 

linearity of the expectation operator as above. That is ॱషൣ ܶ௧
ሺڄǡ ௧ሻ൧ିܣ ് ܶ௧

ሺڄǡ ॱሾିܣ௧ሿሻ. 

However, the Poisson distribution does have a convenient structure such that ॱషൣ ܶ௧
൫ߣ௧ ൯൧ ൌ

ॱషൣߣ௧ ൧. Because ିܣ௧ is a discrete random variable with support ሼͲǡ ǥ ǡ ȁܥȁሽ, where ȁܥȁ is the 

number of firms competing with firm ݅ 

 ॱషൣߣ௧ ൧ ൌߣ௧ ሺڄǡ Զ௧ሻ ��ሺԶ௧ȁݏ௧ሻ
ȁȁ

ୀ
 (11) 

The calculation of ��ሺԶ௧ פפ ௧ݏ ሻ, the last term in equation (11) above, is detailed in section 

2.6.5.1 below. 
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2.6.3  Pseudo-Likelihood 

For notational simplicity, let the likelihood contribution based on the firm’s choice, the observed 

average rating, and the observed traffic outcomes be represented by Ȳ௧ሺ݇ሻ, Ȟ௧ሺ݇ሻ, and ȳ௧ሺ݇ሻ. 

Let these functions be 

Ȳ௧ሺ݇ሻ ൌ ��ሺ ܽ௧ ൌ ݇ פפ ॱሾିܣ௧ሿǡ ȟॱሾ ܶ௧ሿǡ ॱሾܴ௧ሿǡ߂ గ௧ǡݔ గ௧Ǣߦ߂ ߚ ሻ
Ȟ௧ሺ݇ሻ ൌ ݂൫ ௧ݎ פפ ௧ǡݔ గ௧ǡߦ߂ ௧ଵ்ߦ ǡ ௧்ߦ Ǣ ߛ ൯
ȳ௧ሺ݇ሻ ൌ ��൫ ܶ௧

 פפ כ௧ିܣ ǡ ௧ǡ்ݔ ௧்ߦ Ǣ ߠ ൯
 

Where ିܣ௧כ  is the number of competitors observed to offer a daily deal. Conditional on the firm 

beliefs over competitor actions, the likelihood of the remaining parameters can then be written as 

ܮ  ൌෑෑන න න ቈሾߖ௧ሺͳሻ߁௧ሺͳሻߗ௧ሺͳሻሿ
ଵ൫כ ୀଵ൯

�ൈ ሾߖ௧ሺͲሻ߁௧ሺͲሻߗ௧ሺͲሻሿଵ൫
כ ୀ൯కబకభ

గ௧ǡߦ߂ሺܨ� ௧ଵ்ߦ ǡ ௧்ߦ ሻ
௱కഏ௧

 (12) 

Where, ܽ௧כ  represents the observed choice. 

 It is important to consider the information upon which each of the three parts (traffic, ratings, 

and offer decision) are estimated in equation (12). The ratings parameters are estimated based on 

the focal firm’s selected action ሺܽ௧כ ൌ ݇ሻ, a set of restaurant attributesሺݔ௧ሻ, and the observed 

average rating conditional on the selected action ൫ݎ௧൯. Similarly, the traffic parameters are based 

on the focal firms selected action ሺܽ௧כ ൌ ݇ሻ, the observed number of competitor offers ሺିܣ௧כ ሻ, 

the focal restaurant attributes ݔ௧, and the resulting number of reviews conditional on the 

selected action ൫ ܶ௧
൯. Note that for both of these portions of the pseudo-likelihood, the a-

posteriori observed values are used as inputs. 

 In contrast, the expected profit function parameters are estimated based on the focal 

restaurant attributes ሺݔగ௧ሻ, the observed merchant decision ሺܽ௧כ ሻ, the firm’s expectations over 
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the number of competitors that will extend an offer ॱሾିܣ௧ሿ, and the anticipated change in traffic 

and reputation resulting from each scenario ൫߂�ॱൣ ܶ௧
൧ and ߂ॱൣܴ௧ ൧�respectively൯. This is in line 

with the information available to the firm at the decision point, as discussed in section 2.6.1. 

 The relationship between expected and realized outcomes creates three distinct feedback 

loops within the likelihood function. First, the observed average rating enters the likelihood 

directly through Ȟ௧ሺ݇ሻ, but also indirectly through its impact on the firm’s decision via the 

change expected reputation. Second, traffic enters the likelihood in three places; directly through 

ȳ௧ሺ݇ሻ, indirectly through its impact on the firm’s decision, and indirectly through its impact on 

reputation. Third, expected competitor actions enter the likelihood in four places; the same three 

places as traffic enters, and indirectly through their influence on the firm’s decision.  

2.6.4  Identification 

Identification of the strategic effects requires an explicit exclusion restriction across firms. Put 

more simply, there must exist one or more (preferably continuous) covariates that impact the 

firm’s belief over competitive offer probabilities, but do not impact the firm’s profit directly. 

Because the competitive sets are intransitive, market characteristics are idiosyncratic to each 

firm. Thus, a competitor’s idiosyncratic market level parameters, such as number of competitors, 

aggregate review count, and aggregate average rating, influence the focal firm’s beliefs over their 

actions, but have no direct impact on the focal firm’s profit. 

 In addition to the across firm restrictions necessary to identify the strategic effects, within 

firm exclusion restrictions are needed to separately identify the profit function parameters from 
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those of the traffic and rating equations.11 First, I need a covariate that impacts firm profits 

directly, but not contemporaneous traffic or ratings. Competitive intensity, measured here as the 

log transformed number of competitors, meets this criterion. Standard economic theory indicates 

that prices and profits both decrease as competition intensifies. Thus, competitive intensity 

influences firm profits directly. However, theory also reveals that these price reductions coincide 

with increases in volume, suggesting that competitive intensity directly impacts traffic. However, 

capacity is relatively fixed for restaurants in all but the long term.12 Thus, restaurant traffic is not 

expected to be influenced by contemporaneous changes in competitive intensity. Conditional on 

visiting a restaurant, it is unclear why competitive intensity would impact a customer’s 

experience, and consequently rating. Beyond competitive intensity, I use the number of 

competitor offers to separately identify the profit and ratings parameters. Clearly, competitor 

offers could impact traffic at the focal firm, either positively through spillover or negatively 

through brand switching. It may also impact firm profits directly through strategic interactions. 

However, competitor offers are unlikely to impact a customer’s experience once they are at the 

focal merchant. 

 In addition to these exclusion restrictions for profit, I need a covariate that impacts traffic and 

ratings directly, but firm profits only indirectly through these relationships. Serving as a signal of 

restaurant quality, the average rating of all prior reviews meets this criterion. As discussed in 

section 2.3.1, past research has consistently shown that review valence impacts future sales 

                                                 
11 In a strict sense, there is no collinearity issue with regard to restaurant traffic. The assumed functional form 

and error distributions are sufficient to separately identify the parameter sets. I utilize available exclusion restrictions 
only to strengthen this identification. 

12 I assume here that time of day plays a critical role in consumer dining decisions (i.e., dinner at midnight and 
dinner at 7:00 pm are not substitutes). Thus, extended hours are not the same as expanded capacity. 
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volume, represented here by restaurant traffic. To the extent that past quality and current quality 

are correlated, past reviews are also expected to impact customer experience, and through this 

relationship average rating. Except through its impact on the number of customers and the 

quality of their experience, it is unclear how past average ratings would impact firm profits. 

 It is important to note that I have assumed contemporaneous traffic and ratings to be 

conditionally independent. That is, average rating in a given period is not influenced by the 

number of visitors, and vice versa, conditional on the included covariates. As described above, 

restaurant quality, and consequently past average ratings, are expected to influence both current 

period traffic and ratings. Similarly, the restaurant’s promotion decision is expected to influence 

both. As a result, ratings and traffic are allowed to vary with both past average ratings and the 

daily deal decision. 

2.6.5  Estimation 

The estimation strategy proceeds in two steps, following much of the recent literature on static 

games (Bajari, Hong et al. 2010; Ellickson and Misra 2012). In the first step, I estimate firm 

beliefs over competitor actions via conditional choice probabilities (CCPs). In the second stage, I 

jointly estimate the firm’s profit, traffic, and rating parameters.  

2.6.5.1  Conditional Choice Probabilities 

As in the extant literature, it is critical that the first stage produce consistent estimates of the 

CCPs, as these are used to construct firm beliefs over competitor actions. Given all discrete 

variables or a small number of continuous variables, there are numerous nonparametric methods 
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by which these could be estimated. However, the inclusion of a large number of continuous 

covariates precludes such an approach, and consequently I turn to a highly flexible, semi-

parametric approach. Similar to Ellickson and Misra (2012), I estimate the first stage using a 

highly flexible binary logit specification, including higher order terms and a full set of bivariate 

interactions. 

As discussed in section 0, these beliefs over competitor actions enter the profit function 

directly, as well as indirectly through the expected traffic. The direct component is 

straightforward, and I calculate the expected number of competitors to offer a deal using 

equation (10). The indirect component requires calculating ��ሺԶ௧ פפ ݏ ሻ, the probability of 

observing any number of competitors entering, from equation (11). Note that this probability 

contains two sources of variability. The first is the probability that any given competitor offers a 

daily deal, ିܣ௧. The second is the number of competitors that will extend an offer (i.e., if there 

are three competitors, multiple combinations can result in two competitors extending offers). To 

account for both of these sources, I simulate 100,000 entry opportunities for each competitor at 

each observation, and sum the result over competitors to create random draws from the 

distribution. I then use this empirical distribution to calculate ��ሺԶ௧ פפ ݏ ሻ. 

Because forecasted competitor actions impact firm profits, missing values within the 

competitive set present a special challenge. One alternative would be to ignore these 

observations when estimating firm beliefs regarding competitors. This assumes that merchant 

actions are only impacted by firms for which a full set of covariates are available, and all others 

are ignored. This seems somewhat unrealistic. More likely, merchants use available information, 

such as the population average, to infer some value for the missing covariates, and base their 
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actions on the resulting beliefs. While I have estimated both approaches with no meaningful 

differences in the results, I present results based on the latter approach. Specifically, I estimate 

the CCP parameters based on complete observations. Missing observations are then replaced 

with the population average prior to calculating CCPs. In this way, merchant promotion 

decisions are allowed to vary based on the beliefs over all competitors. 

2.6.5.2 Structural Parameters 

Given the beliefs over competitor actions, equation (12) is maximized by simulated maximum 

likelihood. For a given set of parameters, each likelihood calculation proceeds as follows. First, 

500 multivariate Halton sequence draws of ȟߦగ௧, ்ߦ௧ଵ , and ்ߦ௧  are generated from their joint 

marginal density 

ቌ
௧ଵ்ߦ
௧்ߦ
ȟߦగ௧

ቍ  ࣨ൮൭
Ͳ
Ͳ
Ͳ
൱ ǡ 

ߪ భ்
ଶ Ͳ ߪ భ்గ
� ߪ బ்

ଶ ߪ బ்గ
� � ͳ
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for each observation. 

 Conditional on these draws, I calculate the expected traffic and ratings outcomes for each 

observation under each scenario. Given the draws of ߦ௧ , the restaurant attributes, the anticipated 

competitor actions, and the current parameter values, calculating the expected traffic follows 

directly from equation (5). Calculating the expected ratings conditional on these draws is less 

straightforward. From equation (7), it is clear that 

ॱൣ ௧ݎ פפ ௧ǡݔ ௫ǡߛ ȟߦగ௧ǡ ௧ଵ்ߦ ǡ ௧்ߦ ൧ ൌ ௧ᇱݔ ௫ߛ  ॱൣ߱௧
 פפ ȟߦగ௧ǡ ௧ଵ்ߦ ǡ ௧்ߦ ൧ 
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Given these draws and the joint distribution of ߱௧
ଵ , ߱௧

 ௧ଵ்ߦ , ௧்ߦ , , and ȟߦగ௧ in equation (8), 

the derivation of the marginal conditional expectation of ߱௧
ଵ  and ߱௧

  is detailed in Appendix 

2.11. Because private information and expectation shocks are assumed independent and 

ॱൣߟ௧ ൧ ൌ Ͳ, ॱൣ߱௧
 פפ ȟߦగ௧ǡ ௧ଵ்ߦ ǡ ௧்ߦ ൧ ൌ ॱൣ ௧ߦ פפ ȟߦగ௧ǡ ௧ଵ்ߦ ǡ ௧்ߦ ൧. Consequently, I can recover 

the firm’s private information for both the selected and unselected actions. 

Given these expectations, I can calculate the likelihood contribution from the selected action 

and resulting traffic and ratings outcomes. For the firm’s decision ൫Ȳ௧ሺ݇ሻ൯ and the observed 

traffic ൫ȳ௧ሺ݇ሻ൯, all of the inputs are available, and this calculation is straight forward. Observed 

average rating ൫Ȟ௧ሺ݇ሻ൯ requires a change of variables. 

Ȟ௧ሺ݇ሻ ൌ ݂൫ ௧ݎ פפ ௧ǡݔ గ௧ǡߦ߂ ௧ଵ்ߦ ǡ ௧்ߦ Ǣ ߛ ൯
ൌ ݂൫ ௧ᇱݔ ௫ߛ  ߱௧

 פפ ௧ǡݔ గ௧ǡߦ߂ ௧ଵ்ߦ ǡ ௧்ߦ Ǣ ߛ ൯
ൌ ࣨ ൬ݔ௧ᇱ ௫ߛ  ॱൣ ௧ߦ פפ ȟߦగ௧ǡ ௧ଵ்ߦ ǡ ௧்ߦ ൧ǡ ȭቀఠೝ

ೖ కഏǡకభפפ ǡకబ ቁ�൰
 

Where the second equality follows from equation (7), and the third follows from the conditional 

distribution of ߱௧
  described in Appendix 2.11 and the discussion immediately above.  

2.7 Results 

2.7.1  Average Rating 

As in the model free evidence, I find that offering a daily deal detracts significantly from average 

ratings. Table 5 contains the parameter estimates for this portion of the model, as well as the 

associated standard errors and significance levels. The parameter estimates for the offer and no 
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offer scenarios are in columns two and three respectively. All coefficients are significant at the 

ߙ ൌ ͲǤͲͷ level. Column four contains the difference in these estimates, all of which are 

significant at the ߙ ൌ ͲǤͲͲͳ level. 

 Between the offer and no offer scenarios, the difference in coefficients for PastOfferCount, 

the number of offers previously extended by the merchant, is particularly noteworthy. When a 

deal is offered, past daily deal experience has a positive impact on ratings. There are two distinct 

explanations for this effect. First, frequent offers may motivate loyal customers to sign up with 

the relevant daily deal providers, resulting in an increasingly large proportion of existing 

consumers participating in each promotion. Not only are these customers more likely to be 

satisfied than the marginal consumers discussed in section 2.2, but to the extent that these sales 

cannibalize full price visits this represents a direct welfare shift from the firm to these 

individuals. This increased satisfaction among participating customers is observed as higher 

average ratings during the promotion period. The second explanation is that firms learn how to 

more effectively execute offers as they gain experience. For example, a restaurant could increase 

staffing levels, or better structure the offer to avoid capacity constraints. Unfortunately, I do not 

observe voucher redemption by customer type, and consequently I cannot disentangle these two 

hypotheses. 

When a deal is not run, increasing the number of past offers has a negative impact on ratings, 

indicating that frequent promotions negatively impact perceived quality. This effect is likely 

driven by the relationship between past prices, reference prices, and consumer perceptions. 

Reference prices are known to impact consumer choice, and past prices influence reference 

prices (Kalyanaram and Winer 1995). Facing repeated, deep discounts from frequent daily deal 
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offers, consumers may adjust their reference prices downward. Because price serves as a quality-

signaling mechanism, these lowered reference prices negatively impact perceived quality 

(Erdem, Keane et al. 2008). Further, once reference prices are adjusted downward, non-deal 

period prices are perceived as a price increase, and coded as a loss (Kalyanaram and Winer 

1995). In both cases, the result is a drop in average ratings. 

The difference in the impact of ActiveOffer between the offer and no-offer scenarios is also 

telling. While vouchers for a daily deal are generally sold for only a few days, they may be valid 

for several months. The potential for unexpired vouchers from a previous deal is captured by 

ActiveOffer, a binary indicator equal to one when a previous offer by the merchant has not yet 

expired and zero otherwise. Under the offer and no-offer scenarios, the presence of an active 

offer has a negative impact on average rating. However, this effect is magnified when offers 

overlap, likely reflecting the binding capacity constraints faced by these merchants. If a single 

offer strains the standard service level, multiple simultaneous offers should be expected to have 

an even more deleterious effect. 

Using the estimates in table 5, I calculated the anticipated average rating for each observation 

under the offer and no-offer scenarios. A histogram of the expected change resulting from an 

offer is plotted in figure 4. Nearly the entire mass of this distribution falls below zero, with an 

average expected decline of 0.11 stars. This provides strong evidence that daily deals negatively 

impact ratings in a predictable manner. As discussed above, I have found strong evidence that 
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this decline is driven by supply side constraints resulting in lower quality, and repeated price 

promotions negatively impacting consumer perceptions.13 

2.7.2  Traffic 

In line with the model free evidence, I find that traffic increases when a daily deal is offered. 

Table 6 contains the relevant parameter estimates, standard errors, and significance levels. 

Again, columns one and two contain the relevant measures for the offer and no offer scenarios 

respectively, and column four contains the differences in parameter estimates. With the 

exception of the number of competitor offers extended some category controls, all parameters are 

significant at the ߙ ൌ ͲǤͲͲͳ level. With regard to differences between the two scenarios, the 

intercept, the effect of past cumulative average ratings, and the number of past offers extended 

by the firm are all significant, while the difference in the number of competitor offers is 

marginally significant. 

In the absence of a daily deal offer by the focal restaurant, I find strong evidence for positive 

spillover effects as a result daily deals, indicating category expansion effects dwarf brand 

switching. CompetitorOffer, a count of the competing restaurants that extend offers, is 

significantly and positively related to the number of reviews posted for the focal firm. Thus, 

restaurants seem to benefit directly from competitor daily deals, with each additional offer 

increasing the expected traffic at the focal firm. This provides extremely strong support for the 

dominance of category expansion. If category expansion were not occurring, any excess 

                                                 
13 Given that I do not observe voucher redemption, I cannot speak for or against the standard marginal consumer 

argument discussed in section 2.2. 
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competitor demand captured by a focal firm would only partially offset losses due to brand 

switching. The fact that restaurant traffic increases in the face of a competitor offer means that 

category expansion entirely offsets the losses due to brand switching, and drives additional 

restaurant traffic. Importantly, this impact disappears when the focal merchant extends a 

simultaneous offer. This speaks to the relatively fixed capacity constraints faced by the 

restaurants being studied. When restaurants offer a deal of their own, they have little flexibility 

with which to meet spillover demand resulting from competitor offers.  

As with the coefficients on average rating, the overall difference in traffic can be hard to 

decipher from table 6. Figure 5 contains the anticipated percentage change in review volume for 

each observation in the dataset. For the vast majority of observations (97.8%), traffic is expected 

to increase when a daily deal is offered. The average anticipated increase in traffic is an 

impressive 63.5%, which again speaks to the potential for demand to exceed capacity when a 

daily deal is offered.  

2.7.3  Reputation 

Recall that ratings do not enter the firms profit function directly. Rather, changes in reputation, 

the volume weighted difference between the average rating during a period and the average of all 

prior ratings, impact firm decision making. Figure 6 plots the anticipated change in reputation 

between the offer and no offer scenarios. For 98.5% of the observations, daily deals are expected 

to have a negative impact on reputation, with an average decline of 0.79 points. Consequently, if 

merchants are considering reputational effects when making the daily deal decision, it is nearly 
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certain that those offering a daily deal are willing to accept some negative reputational effects in 

exchange for the large increases in traffic discussed above. 

2.7.4  Firm Profits & Decision Making 

Figure 7 plots the anticipated shifts in traffic and reputation conditional on offer decision. The 

black dots represent observations in which offers were extended, while the gray dots represent 

observations in which they were not. The horizontal dashed line represents the average 

anticipated shift in reputation from offering a daily deal, while the vertical line represents no 

shift in anticipated traffic. Two trends are apparent. First, the majority of the black dots fall 

above the horizontal line, indicating that while merchants are willing to accept some negative 

word of mouth from a daily deal offer, those that ultimately extend offers anticipate a smaller 

than average decline in reputation. Second, there appears to be a tradeoff between traffic 

increases and negative reputational consequences. When the anticipated bump in traffic is 

sufficiently large, restaurants appear willing to accept greater than average harm to their 

reputation. 

Table 7 contains the estimates, standard errors, and significance levels for the profit equation 

parameters. The key covariates of interest, CompetitorOffer, ȟॱሾTrafficሿ, and ȟॱሾReputationሿ, 

are all positive and significant. The significant, positive effect of CompetitorOffer indicates 

positive strategic interactions, such that firms find it more profitable to offer these promotions 

when they anticipate their competitors doing so. This is above and beyond the spillover effects 

discussed in section 2.7.2, which enters indirectly through anticipated changes in traffic. These 

positive strategic interactions may indicate that firms are actively combating potential brand 
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switching by lowering their own prices. Similar effects have been shown for consumer packaged 

goods, with competitor actions reducing promotional elasticity by 10% (Pauwels 2007). The 

significant, positive estimate for ȟॱሾTrafficሿ indicates that offers are more likely to be extended 

when merchants anticipate greater increases in traffic as a result. In combination with Figure 6, 

the positive, significant parameter estimate for ȟॱሾReputationሿ indicates that merchants are more 

likely to offer a daily deal when anticipated reputational damage is lower. This provides 

evidence that not only do word of mouth effects impact firm outcomes, but that merchants 

actively manage with these effects in mind.�

2.8 Discussion 

Building on past research in word of mouth, promotions, and strategic interactions, I have 

examined three critical factors influencing merchant decisions regarding daily deals. I find that 

merchants are more likely to offer a daily deal when the increase in traffic is greatest and the 

reputational harm is lowest. To the best of my knowledge, this is the first paper to show that 

firms are making critical promotion decisions with word of mouth effects in mind. Further, I find 

positive strategic interactions, such that merchants are more likely to offer a daily deal when they 

anticipate their competitors will do so. This is likely an effort to offset brand switching effects 

through aggressive action, supporting earlier work on price promotions. 

 I have also been able to examine the impact of daily deals on firm outcomes, where I find 

three interesting results. First, daily deal offers lead to a drop in average rating, but a spike in 

review volume. This indicates that while deals drive restaurant traffic, customers are on average 
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less satisfied. Second, I find that category expansion effects dominate brand switching. When 

firms do not offer a daily deal, they see an increase in traffic when competitors do so. However, 

when they extend a simultaneous offer, this effect disappears. This is likely a result of the fixed, 

binding capacity constraints faced by the small restaurants under study. Finally, I find that 

frequent offers negatively impact perceived quality, in line with existing research on promotions 

and reference price effects. 

 These findings have important implications for managers and academics alike. For managers, 

daily deal promotions need to be carefully considered. Daily deals can drive dramatic increases 

in customer traffic. However, scaling to meet the resulting demand can be difficult, and 

decreased service levels impact both daily deal customers and loyal patrons. Even if existing 

quality levels are maintained, repeated offerings can negatively impact reference prices, and 

consequently perceived quality. The result is more negative reviews, which can persist far longer 

than the promotion itself. For academics, there are three key insights. First, the positive strategic 

interaction effects provide additional evidence of aggressive competitor response in promotion 

decisions. Second, category expansion effects can dominate brand switching, especially when 

capacity constraints are small and fixed. Finally, managers are taking word of mouth 

implications into account when making decisions. While we have long known that word of 

mouth impacts firm outcomes, this is the first evidence that they are being actively managed. 

 This research is not without its limitations. First, I have examined only a single category of 

merchants using a particular promotion vehicle, so the results may not be generalizable across 

categories or promotion types. Restaurants have a number of unique attributes which may drive 

my results, with fixed capacity constraints being the most prominent. Further, daily deals extend 
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beyond what some researchers consider a standard price promotion. The offers are emailed to a 

large subscriber base daily, and contain not only information on the deal, but also the merchant 

offering it. In many ways, this walks a line between advertising and promotion, and may drive 

awareness above and beyond standard price promotions. Second, because I lack financial 

information for all restaurants in the Los Angeles area, I have used review volume to proxy for 

restaurant traffic. While the existing literature has found these to be highly correlated, observed 

financial outcomes would clearly be preferable. Third, I have modeled the firm’s decision as a 

single period static game, which places a number of potentially strong assumptions on firm 

behavior. Most importantly, it ignores the dynamic nature inherent in both daily deal offers and 

reviews. As discussed in the introduction, one of the key benefits of a daily deal is to drive trial. 

To the extent that repeat occurs beyond the one month window, it is not captured by my model. 

Further, online word of mouth has a persistent effect, with customer reviews remaining visible 

for many periods. Thus, merchants may seek positive reviews not just for their current term 

benefits, but also for their long term value. This is an assumption that I am working to relax in an 

extension to this work. 

 In conclusion, I have found evidence that daily deals drive a significant increase in traffic, 

but can damage a firm’s reputation. When these offers are frequently extended, the reputational 

damage is magnified as consumers’ perception of merchant quality is lowered. Further, firm’s 

anticipate these outcomes, and offer deals only when traffic increases are sufficiently large to 

overcome reputational concerns. Finally, there exist both positive spillover effects and positive 

strategic interactions, such that restaurants see additional traffic when competitors extend offers, 

but are also more likely to extend an offer if they anticipate their competitors will do the same. 
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2.9 Tables 

Statistic Obs. Min. Q1 Median Mean Q3 Max 
per Merchant 
Competitors 11,614 0.00 1.00 3.00 6.54 7.00 129.70 
Reviews 11,614 1 13 34 70 80 3,546 
Avg. Rating 11,614 1.00 3.19 3.61 3.53 3.97 5.00 
Offers 11,614 0.00 0.00 0.00 0.10 0.00 8.00 
per Month 
Reviews 29 18,810 22,230 29,800 28,140 32,450 36,710 
Avg. Rating 29 3.68 3.69 3.70 3.70 3.72 3.73 
Offers 29 14.00 31.00 43.00 39.72 49.00 62.00 

Table 1: Summary statistics for key covariates. First four rows contain covariates aggregated to 
the merchant level. Last three rows contain covariates aggregated to the month level. 

 

 

Variable Estimate 
Intercept 3.606***

PastOfferCount -0.058***

R2 0.0004 
Adj. R2 0.0004 
Num. obs. 197,427 
***Į<0.001, **Į<0.001, *Į<0.001, ‘Į<0.001

Table 2: Results from a linear regression of average rating on number of past offers, using the 
estimation data set. The number of past offers is significantly, negatively correlated with average 

rating. 
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Variable Estimate 
Intercept 4.082***

Firm Offer 2.827***

Competitor Offer Count 1.544***

R2 0.003 
Adj. R2 0.003 
Num. obs. 197,427 
***Į<0.001, **Į<0.001, *Į<0.001, ‘Į<0.001

Table 3: Results from a linear regression of review count on a binary indictor of firm offer, and 
the number of offers extended by competitors, using the estimation data set. Competitor offers 
are significantly, positively correlated with focal firm reviews, indicating a spill-over effect in 

restaurant traffic. 

 

 

Variable Estimate
Intercept 0.008***

ReviewCount 0.001***

AverageRating -0.001***

LogCompetitorCount -0.001***

CompetitorOfferCount 0.002’

R2 0.002 
Adj. R2 0.002 
Num. obs. 197,427 

***Į<0.001, **Į<0.001, *Į<0.001, ‘Į<0.001 

Table 4: Results from a linear probability model predicting firm offers based on the number of 
reviews posted for the focal firm, the average rating of those reviews, the log transformed 

number of competitors, and the number of offers extended by competitors, using the estimation 
data set. Competitor offers are positively correlated with focal firm offers (though only 

marginally significant), indicating positive strategic interactions. 
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Variable Offer No Offer ࡻࢽ െ  ࡻࡺࢽ
Intercept 0.390*** 0.840*** -0.45***

 (0.080) (0.013) (0.081) 

ActiveOffer -0.321*** -0.040* -0.281*** 
 (0.048) (0.018) (0.051) 

PastOfferCount 0.099*** -0.026** 0.125*** 
 (0.019) (0.008) (0.021) 

CumAvgRating 0.852*** 0.760*** 0.092*** 
 (0.018) (0.004) (0.019) 

***Į<0.001, **Į<0.001, *Į<0.001, ‘Į<0.001

Table 5: Average rating parameter estimates. Columns two and three contain the parameter 
estimates for average rating in the offer and no offer scenario respectively. The associated 

standard errors and significance levels are also included. Column four contains the difference in 
these two scenarios for each parameter. 

 

 

Variable Offer No Offer ࡻࣂ െ  ࡻࡺࣂ
Intercept 0.918*** 0.096*** 0.822*** 
  (0.095) (0.009) (0.095) 
CompetitorOffer 0.085 0.196*** -0.111’

  (0.057) (0.006) (0.057) 
CumAvgRating 0.254*** 0.361*** -0.107*** 
  (0.025) (0.002) (0.025) 
ActiveOffer 0.124*** 0.178*** -0.054 
  (0.032) (0.008) (0.033) 
PastOfferCount 0.075*** 0.138*** -0.063*** 
  (0.012) (0.004) (0.013) 
Category Controls Present Present Present 

***Į<0.001, **Į<0.001, *Į<0.001, ‘Į<0.001

Table 6: Traffic parameter estimates. Columns two and three contain the parameter estimates for 
traffic in the offer and no offer scenario respectively. The associated standard errors and 

significance levels are also included. Column four contains the difference in these two scenarios 
for each parameter. 
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Variable Estimate
Intercept -6.102***

  (0.264) 

CompetitorOffer 1.438*** 
  (0.412) 

 ઢॱሾ܋ܑ܉ܚ܂ሿ 0.480*** 
  (0.118) 

 ઢॱሾܖܗܑܜ܉ܜܝܘ܍܀ሿ 0.732*** 
  (0.138) 

MSize -0.128*** 
  (0.035) 

ActiveOffer 2.945*** 
  (0.286) 

Category Controls Present 
Price Controls Present 

***Į<0.001, **Į<0.001, *Į<0.001, ‘Į<0.001 

Table 7: Parameter estimates, standard errors, and significance levels for the critical covariates in 
the profit function. Category and price controls were included in the estimation, but are excluded 

here for the sake of exposition. 
  



 95

2.10 Figures 

 
Figure 1: This figure contains a simple example of the non-transitive nature of the competitive 

sets. All firms compete with restaurant A, but none compete with each other. This is based either 
on distance (B and D are separated by 1.5 miles) or cuisine type (B and C have no overlapping 

cuisine types). 
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Figure 2: Relationship between daily deals and Yelp reviews. This plot shows the average drop 
in review valence at the start and end of the deal period, as well as the spike in review volume, 

based on all 423,980 available observations. 

 

 

 
Figure 3: Offer growth over time, by past offer experience. Total bar height represents the 

number of new offers in each month. Black represents offers extended by merchants that have 
previously offered a daily deal, where gray represents offers by first time participating 

merchants. 
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Figure 4: Anticipated change in average rating between offer and no offer scenarios. For the vast 

majority of merchants, average rating is expected to drop when an offer is extended. 

 
Figure 5: Anticipated percentage change in review count from extending an offer. Review 

volume is expected to increase 63.5% when a daily deal is offered, and is nearly always positive. 
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Figure 6: Anticipated change in reputation from offering a daily deal. When a daily deal is 

extended, nearly all merchants anticipate negative reputational effects, with an average decline of 
0.79 points. 
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Figure 7: Choices by anticipated outcome. The gray dots represent observations in which no 

offer was extended. Black dots correspond to observations in which offers were extended. The 
horizontal dashed line indicates the average change in anticipated reputation. With relatively few 

black dots below this line, it appears that daily deals are avoided when merchants would take 
disproportionately large reputation hits. However, as the expected change in traffic increases, 

merchants appear more willing to make this tradeoff. 
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2.11 Appendix – Marginal Conditional Distribution of ࣓࢚࢘
  

Because ߱௧
ଵ , ߱௧

 ௧ଵ்ߦ , ௧்ߦ , , and ȟߦగ௧ are jointly distributed as in equation (8), the marginal 

distribution of ߱௧
 ௧ଵ்ߦ , ௧்ߦ , , and ȟߦగ௧ can be written as 
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Then the marginal conditional distribution of ߱௧
  is 
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The marginal conditional distribution for ߱௧
ଵ  can be calculated similarly. 
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,Q WKLV SDSHU� , H[DPLQH ZKHQ DQG ZK\ PHUFKDQWV SDUWLFLSDWH LQ GDLO\ GHDOV� DQG ZKDW LQIOXHQFH

VXFK SDUWLFLSDWLRQ KDV RQ WKHLU EXVLQHVV� 7R DGGUHVV WKHVH TXHVWLRQV� , FRPSLOHG D XQLTXH GDWD VHW

FRQWDLQLQJ DOO UHVWDXUDQWV LQ WKH /RV $QJHOHV DUHD� WKHLU FKDUDFWHULVWLFV DQG FXVWRPHU UHYLHZV DV

UHSRUWHG E\ <HOS�FRP� DQG WKHLU SDUWLFLSDWLRQ LQ GDLO\ GHDOV IURP 0DUFK ���� WKURXJK -XO\ �����

8VLQJ D G\QDPLF PRGHO RI ILUP SDUWLFLSDWLRQ DQG RXWFRPHV� , H[SORUH WKH WUDGH RIIV ILUPV PDNH

ZKHQ UXQQLQJ WKHVH SURPRWLRQV� , ILQG WKDW GDLO\ GHDO ODXQFK DQG RIIHU H[SLUDWLRQ FRLQFLGH ZLWK D

GUDPDWLF VSLNH LQ WKH YROXPH RI UHYLHZV DQG D VLJQLILFDQW GURS LQ YDOHQFH� FRQVLVWHQW ZLWK H[LVWLQJ

UHVHDUFK� 'HVSLWH WKHVH GUDPDWLF FRQWHPSRUDQHRXV HIIHFWV� , ILQG QR GHWHFWLEOH� SHUVLVWHQW HIIHFW

RQ SHUFHLYHG TXDOLW\� , DOVR ILQG WKDW WKHVH RIIHUV WHQG WR EH H[WHQGHG E\ QHZ PHUFKDQWV� ZKLFK LV

LQGLFDWLYH RI ILUPV XVLQJ GDLO\ GHDOV DV DQ DGYHUWLVLQJ YHKLFOH WR GULYH DZDUHQHVV DQG WULDO� )LQDOO\�

, ILQG WKDW FXUUHQWO\ DFWLYH RIIHUV GUDPDWLFDOO\ LQFUHDVH WKH SUREDELOLW\ RI D QHZ RIIHU� VXSSRUWLQJ

WKH K\SRWKHVLV WKDW ILUPV SDUWLFLSDWLQJ LQ GDLO\ GHDO RIIHUV UXQ WKH ULVN RI EHFRPLQJ GHSHQGHQW XSRQ

WKHP�
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��� ,QWURGXFWLRQ

2QOLQH GDLO\ GHDOV UHSUHVHQW RQH RI WKH QHZHVW� IDVWHVW JURZLQJ� DQG PRVW FRQWURYHUVLDO PDUNHWLQJ

WRROV DYDLODEOH� ,Q ����� WKH WZR ODUJHVW GDLO\ GHDO SURYLGHUV� *URXSRQ DQG /LYLQJ6RFLDO� UHSRUWHG

FRPELQHG UHYHQXHV RI ����� ELOOLRQ� XS ��� \HDU RYHU \HDU �*URXSRQ ����� $PD]RQ�FRP ������

%\ VRPH HVWLPDWHV� FRQVXPHUV ZLOO VSHQG FRQVXPHUV ZLOO VSHQG ���� ELOOLRQ DQQXDOO\ RQ GDLO\ GHDOV

LQ WKH 86 DORQH E\ ����� D ���� LQFUHDVH IURP ���� �3DFKHFR DQG 8GRZLW] ������ 7KHVH QXPEHUV

DUH HYHQ PRUH LPSUHVVLYH ZKHQ RQH FRQVLGHUV WKDW QHLWKHU *URXSRQ QRU /LYLQJ6RFLDO H[LVWHG SULRU

WR �����

%\ EXLOGLQJ ODUJH VXEVFULEHU EDVHV DQG PDQDJLQJ ZHEVLWHV RQ ZKLFK RIIHUV DUH OLVWHG� GDLO\

GHDO SURYLGHUV VHUYH DV PDUNHW PDNHUV IRU GDLO\ GHDO RIIHUV� 7KH OLVWHG RIIHUV JHQHUDOO\ FRPH IURP

VPDOO� ORFDO ILUPV� DQG UHSUHVHQW D ������ GLVFRXQW RQ JRRGV DQG VHUYLFHV �%\HUV� 0LW]HQPDFKHU�

DQG =HUYDV ����D�� 7KH RIIHUV DUH OLVWHG IRU D VKRUW SHULRG RI WLPH� JHQHUDOO\ RQH WR WKUHH GD\V�

DQG H[SLUH DW D SUH�VSHFLILHG GDWH� XVXDOO\ VL[ PRQWKV LQ WKH IXWXUH� $V WKHLU IHH� SURYLGHUV WDNH DQ

DYHUDJH RI ��� RI D YRXFKHU
V VHOOLQJ SULFH �'KRODNLD ������ OHDYLQJ PHUFKDQWV ZLWK ������ RI

WKH YRXFKHU
V IDFH YDOXH DV UHYHQXH� )RU SDUWLFLSDWLQJ PHUFKDQWV� WKHVH RIIHUV FRQVWLWXWH WKH VLQJOH

ODUJHVW DQQXDO PDUNHWLQJ H[SHQVH �'KRODNLD ������ *LYHQ WKH UHVXOWLQJ VOLP PDUJLQV� LW PD\ EH

XQVXUSULVLQJ WKDW WKH SRSXODU SUHVV LV ULIH ZLWK VWRULHV RI GDLO\ GHDOV JRQH EDG� LQFOXGLQJ D FXSFDNH

VKRS ORVLQJ D \HDU
V ZRUWK RI SURILWV �1%&1HZV�FRP ������ D QLFKH JURFHU UHTXLULQJ FKDULWDEOH

GRQDWLRQV WR VWD\ DIORDW �*HOOHV ������ DQG D ZDIIOH KRXVH EHLQJ GULYHQ RXW RI EXVLQHVV �.XUW]OHEHQ

������ 3DVW SDUWLFLSDWLQJ PHUFKDQWV KDYH GHVFULEHG GDLO\ GHDOV DV� �7KH VLQJOH ZRUVW GHFLVLRQ ,

KDYH HYHU PDGH DV D EXVLQHVV RZQHU�� �&DOGZHOO ������

5HDGLQJ WKURXJK WKHVH ILUVWKDQG DFFRXQWV DQG VSHDNLQJ ZLWK PDQDJHUV� VHYHUDO WKHPHV EHFRPH

DSSDUHQW� )LUVW� PHUFKDQWV ILQG WKDW PDQ\ GDLO\ GHDO FXVWRPHUV VHHP OHVV VDWLVILHG ZLWK WKHLU SURG�

XFWV DQG VHUYLFHV� 7R WKH H[WHQW WKDW WKH GLVFRXQWHG SULFHV DWWUDFW PDUJLQDO FRQVXPHUV� WKLV IROORZV

GLUHFWO\ IURP VWDQGDUG HFRQRPLF WKHRU\� 7KH UHVXOW LV WKDW WKHVH OHVV VDWLVILHG FXVWRPHUV DUH XQOLNHO\

WR UHWXUQ DW IXOO SULFHV RU VSHQG EH\RQG WKH YRXFKHU
V YDOXH� 6HFRQG� OR\DO FXVWRPHUV IUHTXHQWO\

SXUFKDVH YRXFKHUV� 7KLV FDQ KDYH QHJDWLYH HIIHFWV LQ ERWK WKH VKRUW DQG ORQJ WHUP� ,Q WKH VKRUW WHUP�
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YRXFKHU VDOHV WR OR\DO FXVWRPHUV PD\ FDQQLEDOL]H IXWXUH IXOO SULFH VDOHV� ,Q WKH ORQJ WHUP� VXFK GLV�

FRXQWV FDQ GDPDJH WKH EUDQG E\ LQFUHDVLQJ SULFH VHQVLWLYLW\ �.DXO DQG :LWWLQN ������ GHFUHDVLQJ

UHIHUHQFH SULFHV �.DO\DQDUDP DQG :LQHU ������ DQG VLJQDOLQJ ORZHU TXDOLW\ �(UGHP� .HDQH� DQG

6XQ ������ )LQDOO\� FDSDFLW\ FRQVWUDLQWV DUH UHDO DQG ELQGLQJ� :KHQ PHUFKDQWV GRQ
W VXIILFLHQWO\

OLPLW WKH QXPEHU RI DYDLODEOH YRXFKHUV� WKH\ DUH IUHTXHQWO\ XQDEOH WR PHHW WKH UHVXOWLQJ GHPDQG

ZKLOH PDLQWDLQLQJ H[LVWLQJ TXDOLW\ DQG VHUYLFH OHYHOV� 7KLV LPSDFWV QRW RQO\ WKH GDLO\ GHDO FXV�

WRPHUV� EXW DOVR WKHLU H[LVWLQJ FXVWRPHU EDVH� 7KH UHVXOW LV WKDW GDLO\ GHDOV FDQ QRW RQO\ IDLO WR

VXFFHHG� EXW WKH\ PD\ DOVR GR ORQJ WHUP GDPDJH�

'HVSLWH WKHVH SLWIDOOV� WKHUH DUH PHUFKDQWV WKDW UHSRUW JUHDW VXFFHVV ZLWK WKHVH SURPRWLRQV� 2QH

UHVWDXUDQW RZQHU LQ 5LFKPRQG� 9$ VDLG� �7KHUH LV QR TXHVWLRQ WKDW >RXU GDLO\ GHDO RIIHU@ KDV SDLG

IRU LWVHOI EHWWHU WKDQ DQ\ RWKHU DGYHUWLVLQJ PHGLXP ZH KDYH HYHU XVHG�� �)ULHGPDQ ������ 6XFK

VHQWLPHQWV VHHP WR EH VXSSRUWHG E\ WKH HPHUJLQJ UHVHDUFK� ZKLFK VKRZV WKDW URXJKO\ KDOI RI SDVW

SDUWLFLSDQWV LQWHQG WR UXQ DQRWKHU GDLO\ GHDO� DQG D WKLUG RI PDQDJHUV YLHZ WKHP DV D VXVWDLQDEOH

EXVLQHVV SUDFWLFH �'KRODNLD ����� <DURZ ������ :KLOH WKLV IDOOV ZHOO EHORZ WKH ��� DQG ���

PHUFKDQW UHSHDW UDWHV FODLPHG E\ /LYLQJ6RFLDO DQG *URXSRQ UHVSHFWLYHO\ �+HLQH ����� /DQFHOORWWL�

<RXQJ ������ LW GRHV SURYLGH HYLGHQFH WKDW D VXEVHW RI PHUFKDQWV ILQGV GDLO\ GHDOV WR EH EHQHILFLDO�

$PRQJ WKH SRVLWLYH VWRULHV� WKHUH DUH WZR WKHPHV� DZDUHQHVV DQG WULDO� 7KH PDMRULW\ RI SDUWLFL�

SDWLQJ PHUFKDQWV DUH VPDOOHU� ORFDO EXVLQHVVHV� ZLWK OLPLWHG PDUNHWLQJ EXGJHWV DQG OLWWOH LQ WKH ZD\

RI EUDQG DZDUHQHVV� %HFDXVH SURYLGHUV VHQG GDLO\ HPDLOV WR WKHLU VXEVFULEHU EDVHV KLJKOLJKWLQJ WKH

GHDOV RIIHUHG� GDLO\ GHDOV UHSUHVHQW DQ RSSRUWXQLW\ IRU VLJQLILFDQW H[SRVXUH DW QR XSIURQW FRVW� ,Q

WKLV ZD\� GDLO\ GHDOV DUH VLPLODU WR DGYHUWLVLQJ ZLWK VWURQJ SULFH EDVHG PHVVDJH� ,Q FRQMXQFWLRQ

ZLWK WKLV LQFUHDVH LQ DZDUHQHVV� GDLO\ GHDOV LQFUHDVH WULDO E\ RIIHULQJ FRQVXPHUV DQ RSSRUWXQLW\ WR

WHVW D SURGXFW RU VHUYLFH DW D GUDPDWLFDOO\ ORZHU SULFH� :KLOH UHSHDW UDWHV DUH KHDYLO\ GHEDWHG� IHZ

DUJXH DJDLQVW GDLO\ GHDOV DV D GULYHU RI WULDO�

:LWK WKH VLJQLILFDQW GHEDWH VXUURXQGLQJ WKH HIILFDF\ RI GDLO\ GHDOV� LW LV LQWHUHVWLQJ WR FRQVLGHU

KRZ PHUFKDQWV PDNH WKH GHFLVLRQ ZKHWKHU RU QRW WR SDUWLFLSDWH� ,Q WKLV SDSHU� , H[SORUH KRZ GDLO\

GHDOV LPSDFW RQOLQH UHYLHZV� DV ZHOO DV ZKHWKHU DQG WR ZKDW H[WHQW PHUFKDQWV FRQVLGHU WKLV LPSDFW
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ZKHQ XQGHUWDNLQJ VXFK RIIHUV� 0\ DSSURDFK XWLOL]HV D G\QDPLF PRGHO RI ILUP SDUWLFLSDWLRQ DQG

RXWFRPH� EDVHG RQ H[LVWLQJ UHVHDUFK LQWR ZRUG RI PRXWK� SURPRWLRQ DQG DGYHUWLVLQJ HIIHFWV� DQG

G\QDPLFPRGHOV� , DVVXPH WKDW ILUPV DUH UDWLRQDO DJHQWV� VHOHFWLQJ DFWLRQV WKDW PD[LPL]H WKH SUHVHQW

YDOXH RI DOO H[SHFWHG IXWXUH SURILWV� ,Q DGGLWLRQ WR VWDEOH UHVWDXUDQW DWWULEXWHV DQG WKH ILUP
V RIIHU

GHFLVLRQ� , DOORZ WKHVH SURILWV WR EH LPSDFWHG E\ WKH YDOHQFH RI RQOLQH UHYLHZV� 7KLV OLQN EHWZHHQ

ZRUG RI PRXWK� VDOHV� DQG SURILWV LV ZHOO HVWDEOLVKHG ZLWKLQ WKH OLWHUDWXUH� DV ZLOO EH GLVFXVVHG

LQ VHFWLRQ ���� , DOVR DOORZ RQOLQH UHYLHZV WR EH LPSDFWHG E\ WKH PHUFKDQW
V RIIHU GHFLVLRQ� LQ OLQH

ZLWK WKH H[WHQVLYH OLWHUDWXUH RQ DGYHUWLVLQJ DQG SURPRWLRQ HIIHFWV� ,W WKLV ZD\� , H[SORUH WKH FRPSOH[

UHODWLRQVKLS EHWZHHQ GDLO\ GHDOV� RQOLQH UHYLHZV� DQG WKH GHFLVLRQV RI IRUZDUG ORRNLQJ PDQDJHUV�

7R GR DOO RI WKLV� , DVVHPEOHG D XQLTXH GDWD VHW FRPELQLQJ GDLO\ GHDO LQIRUPDWLRQ IURP WKH WZR

ODUJHVW SURYLGHUV� *URXSRQ DQG /LYLQJ6RFLDO� DQG ZRUG RI PRXWK LQIRUPDWLRQ IURP WKH SRSXODU

UHYLHZ VLWH <HOS�FRP� 7KH UHVXOWLQJ GDWD VHW FRQWDLQV LQIRUPDWLRQ RQ ������ UHVWDXUDQWV LQ WKH /RV

$QJHOHV DUHD� LQFOXGLQJ ����� XQLTXH RIIHUV DQG ��������� UHYLHZV� 0\ IRFXV RQ GDLO\ GHDOV DQG

XVH RI RQOLQH UHYLHZV WR PHDVXUH RXWFRPHV PDNHV UHVWDXUDQWV D SDUWLFXODUO\ DSSHDOLQJ FDWHJRU\� ,Q

DGGLWLRQ WR UHSUHVHQWLQJ DSSUR[LPDWHO\ ��� RI GDLO\ GHDO LQGXVWU\ UHYHQXH �<LSLW ������ UHVWDXUDQWV

DUH DOVR WKH VHFRQG PRVW IUHTXHQWO\ UHYLHZHG FDWHJRU\ RQ <HOS�FRP �<HOS ������ :KLOH RWKHU ORFDO

PHUFKDQWV VXFK DV VSDV PD\ RIIHU D ZLGH YDULHW\ RI SURGXFWV DQG VHUYLFHV� UHVWDXUDQWV KDYH D VLQJOH

JHQHUDO RIIHULQJ� SUHSDUHG DQG VHUYHG IRRG� PDNLQJ WKHP HDVLHU WR FDWHJRUL]H DQG FRPSDUH� )XUWKHU�

WKHUH LV D VWURQJ� HVWDEOLVKHG UHODWLRQVKLS EHWZHHQ UHVWDXUDQW VDOHV DQG SURILWV DQG RQOLQH UHYLHZV

�$QGHUVRQ DQG 0DJUXGHU ����� /XFD ����� SURYLGLQJ DVVXUDQFH WKDW P\ RXWFRPH PHDVXUHV LPSDFW

ILUP SHUIRUPDQFH�

%DVHG RQ WKLV DSSURDFK� , UHDFK IRXU NH\ FRQFOXVLRQV� )LUVW� GDLO\ GHDOV QHJDWLYHO\ LPSDFW

WKH YDOHQFH RI RQOLQH UHYLHZV� ODUJHO\ IRFXVHG DW GHDO ODXQFK DQG H[SLUDWLRQ� 6HFRQG� WKLV HIIHFW

LV QRW SHUVLVWHQW� ZLWK QR GLVFHUQLEOH LPSDFW RQ UHYLHZV SRVWHG IROORZLQJ WKH RIIHU� 7KLUG� WKHVH

RIIHUV WHQG WR EH H[WHQGHG E\ QHZ PHUFKDQWV� ZKLFK LV LQGLFDWLYH RI ILUPV XVLQJ GDLO\ GHDOV DV

DQ DGYHUWLVLQJ YHKLFOH WR GULYH DZDUHQHVV DQG WULDO� )LQDOO\� FXUUHQWO\ DFWLYH RIIHUV GUDPDWLFDOO\

LQFUHDVH WKH SUREDELOLW\ RI D QHZ RIIHU� VXSSRUWLQJ WKH FODLP WKDW ILUPV SDUWLFLSDWLQJ LQ GDLO\ GHDO
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RIIHUV UXQ WKH ULVN RI EHFRPLQJ GHSHQGHQW XSRQ WKHP�

7KLV SDSHU PDNHV WZR NH\ FRQWULEXWLRQV WR WKH H[LVWLQJ OLWHUDWXUH� )LUVW� , DP DEOH WR H[WHQG

SUHYLRXV ZRUN VKRZLQJ WKDW ZRUG RI PRXWK LPSDFWV ILUP RXWFRPHV� E\ VKRZLQJ WKDW ILUPV DUH

DZDUH RI WKLV UHODWLRQVKLS DQG PDNH FULWLFDO GHFLVLRQV ZLWK UHSXWDWLRQDO UDPLILFDWLRQV LQ PLQG� ,

DOVR EXLOG RQ WKH H[WHQVLYH OLWHUDWXUH RQ SURPRWLRQ HIIHFWV� VKRZLQJ VLJQLILFDQW VKRUW WHUP HIIHFWV

ZLWK OLWWOH SHUVLVWHQW HIIHFW RQ SHUFHLYHG TXDOLW\�

7KH UHPDLQGHU RI WKLV SDSHU LV RUJDQL]HG DV IROORZV� ,Q VHFWLRQ ���� , UHYLHZ WKH UHOHYDQW UH�

VHDUFK RQ DGYHUWLVLQJ DQG SURPRWLRQ HIIHFWV DQG RQOLQH ZRUG RI PRXWK� ,Q VHFWLRQ ���� , GLVFXVV

WKH GDWD FROOHFWLRQ DQG VHWXS� 6HFWLRQ ��� SUHVHQWV VRPH VW\OL]HG IDFWV RQ WKH UHODWLRQVKLS EHWZHHQ

GDLO\ GHDOV DQG RQOLQH UHYLHZV DV ZHOO DV IDFWRUV LPSDFWLQJ UHVWDXUDQW FORVXUH� ,Q VHFWLRQ ���� ,

GLVFXVV WKH PRGHOLQJ DSSURDFK� ZKLFK FRQWLQXHV ZLWK WKH HVWLPDWLRQ VWUDWHJ\ LQ VHFWLRQ ���� 6HF�

WLRQ ��� GLVFXVVHV WKH UHVXOWV� DQG VHFWLRQ ���� FRQFOXGHV ZLWK LPSOLFDWLRQV DQG GLUHFWLRQV IRU IXWXUH

UHVHDUFK�

��� 5HODWHG :RUN

����� :RUG 2I 0RXWK

7KHUH LV FRQVLGHUDEOH UHVHDUFK VKRZLQJ WKDW WKH YDOHQFH RI RQOLQH UHYLHZV GULYHV PHUFKDQW VDOHV

DQG SURILWV� )RU LQVWDQFH� &KHYDOLHU DQG 0D\]OLQ ���� ILQGV WKDW D KLJKHU DYHUDJH UDWLQJ LV SRVL�

WLYHO\ FRUUHODWHG ZLWK VDOHV UDQN DQG PDUNHW VKDUH DW ERWK %DUQHVDQG1REOH�FRP DQG $PD]RQ�FRP�

'HOODURFDV� =KDQJ� DQG $ZDG ���� ILQGV D VLPLODU HIIHFW IRU PRYLHV� VKRZLQJ WKDW WKH YDOHQFH RI

UHYLHZV SRVWHG GXULQJ WKH RSHQLQJ ZHHN LV DQ LPSRUWDQW SUHGLFWRU RI WRWDO ER[ RIILFH VDOHV� :LWK

UHJDUG WR UHVWDXUDQWV� P\ DUHD RI HPSLULFDO IRFXV� WZR UHFHQW VWXGLHV KDYH VKRZQ VWURQJ WLHV EH�

WZHHQ RQOLQH UHYLHZV� VDOHV� DQG SURILWV� 1RWLQJ WKDW <HOS GLVSOD\V DYHUDJH UDWLQJV URXQGHG WR WKH

QHDUHVW KDOI VWDU� ERWK /XFD ���� DQG $QGHUVRQ DQG 0DJUXGHU ���� XVH D UHJUHVVLRQ GLVFRQWLQXLW\

DSSURDFK WR VKRZ WKDW D KDOI D VWDU LPSURYHPHQW LQ DYHUDJH <HOS UDWLQJ OHDGV WR ��� PRUH VHOORXWV

DQG ���� PRUH UHYHQXH� )XUWKHU� WKHVH UHVXOWV DUH GULYHQ E\ LQGHSHQGHQW UHVWDXUDQWV� DERXW ZKLFK
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FRQVXPHUV KDYH IHZ RWKHU DYDLODEOH LQIRUPDWLRQ VRXUFHV �/XFD ������

7KHVH VPDOOHU� ORFDO ILUPV FRPSULVH WKH FRUH PHUFKDQW EDVH IRU GDLO\ GHDO SURYLGHUV� PDNLQJ LW

FULWLFDO WKDW ZH XQGHUVWDQG WKH LQWHUSOD\ EHWZHHQ GDLO\ GHDO RIIHULQJV DQG RQOLQH ZRUG RI PRXWK�

5HFHQW UHVHDUFK KDV VKRZQ WKDW UHYLHZ YROXPH WHQGV WR VSLNH DURXQG GDLO\ GHDO ODXQFK DQG H[SLUD�

WLRQ �%\HUV� 0LW]HQPDFKHU� DQG =HUYDV ����D�� DQG WKDW WKLV SDWWHUQ FRLQFLGHV ZLWK WKH UHGHPSWLRQ

RI GDLO\ GHDO YRXFKHUV �6RQJ HW DO� ������ )XUWKHU� GDLO\ GHDO UHYLHZV WHQG WR EH IRU PHUFKDQWV LQ D

QRYHO ORFDWLRQ RU OLQH RI EXVLQHVV IURP WKH UHYLHZHUV SHUVSHFWLYH� LQGLFDWLQJ FXVWRPHU WULDO� +RZ�

HYHU� UHYLHZV SRVWHG GXULQJ GDLO\ GHDO RIIHULQJV WHQG WR EH VLJQLILFDQWO\ PRUH QHJDWLYH WKDQ WKRVH

SRVWHG GXULQJ QRQ�GHDO SHULRGV� GULYHQ LQ SDUW E\ GDLO\ GHDO UHYLHZV WKDW DUH LQ JHQHUDO ��� ORZHU

WKDQ RWKHUV �%\HUV� 0LW]HQPDFKHU� DQG =HUYDV ����E�� 7KXV� GDLO\ GHDOV DSSHDU WR GULYH VLJQLILFDQW

FXVWRPHU WULDO DQG FUHDWH DQ HQYLURQPHQW LQ ZKLFK UHYLHZ YROXPH VSLNHV DQG YDOHQFH GURSV� 7KLV

FUHDWHV WKH SRWHQWLDO IRU D VWURQJ QHJDWLYH HIIHFW RQ WKH FXPXODWLYH DYHUDJH UDWLQJ�

7KHUH DUH WKUHH FULWLFDO FRQFOXVLRQV IURP WKH H[LVWLQJ ZRUG RI PRXWK OLWHUDWXUH� )LUVW� RQOLQH

UHYLHZV LPSDFW ILUP SHUIRUPDQFH� ZLWK JUHDWHU YDOHQFH OHDGLQJ WR LPSURYHG VDOHV DQG SURILWV� 6HF�

RQG� WKLV OLQN LV HVSHFLDOO\ VWURQJ IRU VPDOO DQG PHGLXP VL]H UHVWDXUDQWV� ZKLFK FRPSULVH D FRUH

PHUFKDQW EDVH IRU GDLO\ GHDO SURYLGHUV� 7KLUG� GDLO\ GHDOV DUH SRVLWLYHO\ FRUUHODWHG ZLWK UHYLHZ

YROXPH� EXW KDYH D VWURQJ QHJDWLYH FRUUHODWLRQ ZLWK YDOHQFH� ZKLFK PD\ OHDG WR VLJQLILFDQW� QHJD�

WLYH HIIHFWV RQ RYHUDOO UDWLQJV� , KRSH WR EXLOG RQ WKLV OLWHUDWXUH E\ H[DPLQLQJ WKH UROH RI DQWLFLSDWHG

ZRUG RI PRXWK RQ ILUP GHFLVLRQ PDNLQJ� HVSHFLDOO\ DV UHODWHG WR GDLO\ GHDOV�

����� 3URPRWLRQ 	 $GYHUWLVLQJ (IIHFWV

'DLO\ GHDOV FRPELQH DVSHFWV RI ERWK SULFH SURPRWLRQ� E\ RIIHULQJ VWHHS GLVFRXQWV RQ SURGXFWV DQG

VHUYLFHV� DQG DGYHUWLVLQJ� E\ PDUNHWLQJ WKHVH GLVFRXQWV WR ODUJH VXEVFULEHU EDVHV WKURXJK GDLO\

HPDLO EODVWV DQG RQ SURYLGHUV
 ZHEVLWHV� ,Q WKH ORQJ WHUP� SULFH SURPRWLRQV KDYH EHHQ IRXQG WR KDYH

OLWWOH SHUVLVWHQW HIIHFW RQ VDOHV LQ WKH DEVHQFH RI FRPSDQ\ LQHUWLD �1LMV HW DO� ����� 3DXZHOV ������

+RZHYHU� ZKHQ VXFK LQHUWLD LV SUHVHQW� LQFUHDVLQJ SURPRWLRQ IUHTXHQF\� RU ZKHQ WKH SURPRWLRQ LV

DFFRPSDQLHG E\ SULFH EDVHG DGYHUWLVLQJ� FRQVXPHU SHUFHSWLRQV DUH QHJDWLYHO\ LPSDFWHG WKURXJK
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LQFUHDVHG SULFH VHQVLWLYLW\ �.DXO DQG :LWWLQN ����� 0HOD� *XSWD� DQG /HKPDQQ ������ GHFUHDVHG

UHIHUHQFH SULFHV �.DO\DQDUDP DQG :LQHU ������ DQG GLPLQLVKHG SHUFHLYHG TXDOLW\ �(UGHP� .HDQH�

DQG 6XQ ������

%\ FRPELQLQJ SURPRWLRQ LQIRUPDWLRQ ZLWK FRQVXPHU UHYLHZV� P\ GDWD SURYLGH DQ RSSRUWXQLW\

WR IXUWKHU VWXG\ WKLV HIIHFW� , FDQ H[DPLQH WKH LPSDFW RI IUHTXHQW DGYHUWLVHG SULFH SURPRWLRQV RQ

SHUFHLYHG TXDOLW\� ZKHQ WKH ODWWHU LV GLUHFWO\ REVHUYHG� ,Q SDVW UHVHDUFK� SHUFHLYHG TXDOLW\ KDV EHHQ

GHILQHG DV DQ XQREVHUYHG KHWHURJHQHRXV WHUP� LPSDFWHG E\ SULFH� DGYHUWLVLQJ� DQG SDVW SURGXFW

SXUFKDVH �(UGHP� .HDQH� DQG 6XQ ������ ,I IUHTXHQWO\ DGYHUWLVHG SURPRWLRQV QHJDWLYHO\ LPSDFW

SHUFHLYHG TXDOLW\� RQH ZRXOG H[SHFW WKDW DYHUDJH UDWLQJV DUH ORZHU IRU UHVWDXUDQWV WKDW KDYH PRUH

IUHTXHQWO\ RIIHUHG GHDOV WKDQ IRU WKHLU OHVV GHDO SURQH FRXQWHUSDUWV� HYHQ ZKHQ QR GHDO LV EHLQJ RI�

IHUHG� 8QGHUVWDQGLQJ WKLV UHODWLRQVKLS ZLOO KHOS XV EHWWHU DSSUHFLDWH WKH LPSDFW WKDW VXFK SURPRWLRQV

KDYH RQ FRQVXPHU SHUFHSWLRQV DQG ILUP RXWFRPHV�

7KHUH LV DOVR DQ RSSRUWXQLW\ WR H[DPLQH ZKHWKHU PHUFKDQWV YLHZ GDLO\ GHDOV SUHGRPLQDQWO\ DV

D SULFH SURPRWLRQ RU DQ DGYHUWLVLQJ YHKLFOH E\ H[DPLQLQJ WKH W\SHV RI PHUFKDQWV WKDW UXQ WKHP�

3URPRWLRQV KDYH EHHQ VKRZQ WR IDYRU HVWDEOLVKHG� KLJK TXDOLW\ EUDQGV WKURXJK LQFUHDVHG EUDQG

VZLWFKLQJ �%ODWWEHUJ� %ULHVFK� DQG )R[ ������ 0HDQZKLOH� DGYHUWLVLQJ HODVWLFLWLHV DUH JUHDWHVW IRU

QHZ EUDQGV �9DNUDWVDV DQG $PEOHU ������ 7KHUHIRUH� RQH FDQ H[DPLQH ZKHWKHU WKH PDMRULW\ RI

WKH EHQHILW IURP GDLO\ GHDOV LV WKURXJK LWV UROH DV D SULFH SURPRWLRQ WRRO RU DGYHUWLVLQJ PHGLXP� E\

H[SORULQJ WKH UROHV RI TXDOLW\ DQG UHVWDXUDQW DJH LQ WKH ILUP
V GDLO\ GHDO GHFLVLRQ�

��� 'DWD &ROOHFWLRQ 	 &RQVWUXFWLRQ

����� &ROOHFWLRQ

2Q WKH GDLO\ GHDOV VLGH� , IRFXV RQ WKH WZR GRPLQDQW SURYLGHUV� *URXSRQ DQG /LYLQJ6RFLDO� ZKR

FRPSULVH ������ RI WKH PDUNHW �3HSLWRQH ������ 8VLQJ D OLVW RI 85/V IURP GDLO\ GHDO DJJUHJDWRU

<LSLW� , FROOHFWHG LQIRUPDWLRQ RQ DOO ����� RIIHUV H[WHQGHG E\ UHVWDXUDQWV LQ WKH /RV $QJHOHV DUHD

WKURXJK HLWKHU RI WKHVH SURYLGHUV GXULQJ WKH �� PRQWK SHULRG IURP 0DUFK �� ���� WR -XO\ ��� �����

���



, JDWKHUHG RIIHU VSHFLILF LQIRUPDWLRQ VXFK DV ZKHQ WKH GHDO ZDV SRVWHG DQG ZKHQ LW H[SLUHG� DV ZHOO

DV PHUFKDQW VSHFLILF LQIRUPDWLRQ VXFK DV QDPH� DGGUHVV� SKRQH QXPEHU� PHUFKDQW ZHEVLWH� DQG

<HOS 85/ ZKHUH DYDLODEOH�

:LWK �� PLOOLRQ XQLTXH PRQWKO\ YLVLWRUV DQG URXJKO\ ��� PLOOLRQ UHVWDXUDQW UHYLHZV� WKH UHYLHZ

VLWH <HOS�FRP VHUYHV DV D YDOXDEOH VRXUFH RI GLJLWDO ZRUG RI PRXWK LQIRUPDWLRQ �<HOS ������ )URP

WKLV VLWH� , FROOHFWHG UHVWDXUDQW DWWULEXWHV VXFK DV W\SH RI IDUH DQG SULFH UDQJH� DV ZHOO DV LQGLYLGXDO

UHYLHZ LQIRUPDWLRQ LQFOXGLQJ ZKHQ WKH UHYLHZ ZDV SRVWHG DQG WKH DVVLJQHG QXPHULF UDWLQJ� , IR�

FXVHG ILUVW RQ WKRVH PHUFKDQWV WKDW KDG RIIHUHG D GDLO\ GHDO� 7KH YDVW PDMRULW\ RI WKHVH PHUFKDQWV

ZHUH PDWFKHG WR WKH GDLO\ GHDO GDWD XVLQJ HLWKHU WKH <HOS 85/ IRXQG RQ WKH GDLO\ GHDO VLWH RU DQ

H[DFW VWULQJ PDWFK EHWZHHQ ERWK WKH OLVWHG QDPH DQG DGGUHVV� 7KRVH WKDW FRXOG QRW EH PDWFKHG SUR�

JUDPPDWLFDOO\ ZHUH PDQXDOO\ PDWFKHG EDVHG RQ D FRPELQDWLRQ RI QDPH� SKRQH QXPEHU� DGGUHVV�

DQG ZHEVLWH� $OO PHUFKDQWV ZHUH PDWFKHG XVLQJ RQH RI WKHVH WZR PHWKRGV�

, WKHQ JDWKHUHG WKH SRSXODWLRQ RI /RV $QJHOHV UHVWDXUDQWV �DV OLVWHG RQ <HOS�FRP� E\ LWHUDWLQJ

EHWZHHQ <HOS
V PHUFKDQW DQG XVHU SDJHV� )RU HDFK <HOS UHYLHZ SRVWHG RQ D PHUFKDQW
V SDJH� WKHUH

LV D OLQN WR WKH XVHU WKDW SRVWHG LW� :LWKLQ HDFK XVHU SURILOH� WKHUH LV D FRPSOHWH OLVW RI DOO UHYLHZV

WKH\ KDYH SRVWHG� LQFOXGLQJ WKH EXVLQHVVHV IRU ZKLFK WKH UHYLHZV ZHUH FUHDWHG� $W HDFK LWHUDWLRQ� ,

FROOHFWHG WKH XVHUV WKDW ZHUH QRW DOUHDG\ LQ P\ GDWDEDVH� DQG WKHQ IURP WKHVH XVHUV LGHQWLILHG DQ\

SUHYLRXVO\ XQREVHUYHG PHUFKDQWV LQ /RV $QJHOHV &RXQW\� 7KLV SURFHVVHV FRQWLQXHG XQWLO QR QHZ

PHUFKDQWV RU XVHUV ZHUH SURGXFHG� 7KH HQG UHVXOW ZDV ��������� UHYLHZV IRU ������� PHUFKDQWV�

, JHR�FRGHG HDFK RI WKH PHUFKDQWV XVLQJ 0LFURVRIW
V 0DS $3,� 8QOLNH RWKHU JHR�FRGLQJ WRROV�

0LFURVRIW SURYLGHV ERWK D ORFDWLRQ W\SH �L�H�� DGGUHVV� LQWHUVHFWLRQ� RU FLW\ FHQWHU� DQG PDWFK FRQ�

ILGHQFH �L�H�� ORZ� PHGLXP� RU KLJK� LQ WKHLU UHVXOWV� 7KHVH DWWULEXWHV ZHUH XVHG WR HQVXUH WKDW WKH

ODWLWXGH DQG ORQJLWXGH HVWLPDWHV IRU D VSHFLILF DGGUHVV RU LQWHUVHFWLRQ ZHUH UHWXUQHG ZLWK KLJK FRQ�

ILGHQFH�

1RW DOO RI WKH PHUFKDQWV OLVWHG RQ <HOS DUH UHVWDXUDQWV� DQG WKLV LV UHIOHFWHG LQ P\ GDWDEDVH�

%HFDXVH , RQO\ KDYH LQIRUPDWLRQ RQ GDLO\ GHDO RIIHULQJV E\ UHVWDXUDQWV� , UHILQH P\ GDWD VHW XVLQJ

WKH FDWHJRULHV DWWULEXWHG WR HDFK PHUFKDQW LQ <HOS� 6SHFLILFDOO\� , LGHQWLILHG ��� UHVWDXUDQW UHODWHG

���



FDWHJRULHV IURP WKH ��� FDWHJRULHV OLVWHG LQ P\ GDWD� 7R EH FRQVLGHUHG D UHVWDXUDQW� D PHUFKDQW KDG

WR EH DVVLJQHG WR DW OHDVW RQH RI WKHVH UHVWDXUDQW UHODWHG FDWHJRULHV� $IWHU JHR�FRGLQJ DOO PHUFKDQWV

DQG VHSDUDWHO\ LGHQWLI\LQJ UHVWDXUDQWV� WKH GDWD FRQWDLQV LQIRUPDWLRQ RQ ������ XQLTXH UHVWDXUDQWV�

����� 'DWD 6HWXS

)RU UHVWDXUDQWV� WZR FKDUDFWHULVWLFV RI WKH GDWD PDNH DQDO\]LQJ GDLO\ GHDO HIIHFWV GLIILFXOW� )LUVW�

<HOS
V GDWD LV ODUJHO\ XVHU JHQHUDWHG� UHVXOWLQJ LQ D IDLU QXPEHU RI VWXE ILOHV� 7KHVH VWXE ILOHV

FRPPRQO\ VWHP IURP XVHU HUURU� VXFK DV LQFRUUHFWO\ LGHQWLI\LQJ D EXVLQHVV QDPH� 6HFRQG� QHZ

UHVWDXUDQWV KDYH D KLJK IDLOXUH UDWH� ZLWK ��� FORVLQJ WKHLU GRRUV LQ WKH ILUVW \HDU� 7KLV IDLOXUH UDWH

LV KLJKHU IRU LQGHSHQGHQW UHVWDXUDQWV WKDQ IRU FKDLQV� DQG LV IUHTXHQWO\ D IXQFWLRQ RI TXDOLW\ RI OLIH

LVVXHV IRU WKH RZQHU UDWKHU WKDQ WKH UHVWDXUDQW
V ILQDQFLDO SHUIRUPDQFH �3DUVD HW DO� ������ ,Q DQ

HIIRUW WR PLWLJDWH WKH LPSDFW RI WKHVH IDFWRUV RQ WKH UHVXOWV� , ILOWHUHG RXW PHUFKDQWV ZLWK IHZHU WKDQ

� WRWDO UHYLHZV� 7KLV UHSUHVHQWHG ���� RI UHYLHZV DQG ����� RI UHVWDXUDQWV� LQFOXGLQJ ���� RI

UHVWDXUDQWV WKDW H[WHQGHG RIIHUV�

2IIHULQJ D GDLO\ GHDO LV QRW DQ LQVWDQWDQHRXV SURFHVV� 5DWKHU� PHUFKDQWV DQG SURYLGHUV ZRUN

WRJHWKHU WR SODQ WKH SURPRWLRQ IRU VRPH IXWXUH SHULRG� )UHTXHQWO\� WKH PHUFKDQW LV RQO\ JXDUDQWHHG

WKDW WKH GHDO ZLOO UXQ ZLWKLQ VRPH SUH�VSHFLILHG ZLQGRZ� XVXDOO\ D IHZ ZHHNV ORQJ �*XSWD� :HDYHU�

DQG 5RRG ������ :LWK WKLV LQ PLQG� , GLVFUHWL]H WKH GDWD WR WKH PHUFKDQW�PRQWK OHYHO� UHVXOWLQJ LQ

������� REVHUYDWLRQV VSDQQLQJ 0DUFK ���� WKURXJK -XO\ ����� WKH SHULRG GXULQJ ZKLFK , REVHUYH

GDLO\ GHDOV� 7KH ILQDO GDWD VHW FRQWDLQV ��������� UHYLHZV IRU ������ UHVWDXUDQWV� DQG LQFOXGHV �����

LQVWDQFHV RI UHVWDXUDQW FORVXUH DQG ����� GDLO\ GHDO RIIHUV�

���



��� 6W\OL]HG )DFWV

����� 'DLO\ 'HDOV 	 2QOLQH 5HYLHZV

$V UHIOHFWHG LQ ILJXUH �� P\ GDWD VXSSRUW D VWURQJ UHODWLRQVKLS EHWZHHQ GDLO\ GHDOV DQG ZRUG RI

PRXWK� ZLWK UHYLHZ YROXPH LQFUHDVLQJ DQG YDOHQFH GHFUHDVLQJ GXULQJ WKH RIIHU SHULRG� %HFDXVH

QRW HYHU\ GHDO LV RI WKH VDPH OHQJWK �WKRXJK WKH PDMRULW\ ODVW VL[ PRQWKV�� HDFK SRLQW RQ WKLV SORW

KDV EHHQ QRUPDOL]HG WR VSDQ RQH SHUFHQW RI WKH WRWDO GHDO GXUDWLRQ� 7KLV DOORZV GHDO ODXQFK DQG

H[SLUDWLRQ WR EH DOLJQHG DFURVV RIIHUV� 7KH GRWV DW WKH WRS UHSUHVHQW WKH DYHUDJH UDWLQJ RI DOO QHZ

UHYLHZV SRVWHG DW D JLYHQ WLPH� DQG VKRZ FOHDU GLVFRQWLQXLWLHV DW GHDO ODXQFK DQG H[SLUDWLRQ� 7KH

OLQHV UHSUHVHQWV D WKLUW\ SHULRG PRYLQJ DYHUDJH� UHVHW DW WKH VWDUW DQG HQG RI WKH GHDO� DQG PDNH WKLV

GLVFRQWLQXLW\ HYHQ PRUH FOHDU� 1RWH WKDW WKH GLS IROORZLQJ GHDO H[SLUDWLRQ OLNHO\ UHIOHFWV D GHOD\ LQ

UHYLHZ SRVWLQJ E\ WKRVH WKDW YLVLWHG MXVW EHIRUH GHDO H[SLUDWLRQ�� 7KH EDUV DW WKH ERWWRP UHSUHVHQW

WKH WRWDO YROXPH RI UHYLHZV SRVWHG DW HDFK WLPH� ZLWK WKRVH SRVWHG GXULQJ WKH GDLO\ GHDO SHULRG

KLJKOLJKWHG LQ EODFN� 'UDPDWLF LQFUHDVHV DUH DSSDUHQW DW WKH EHJLQQLQJ DQG HQG RI WKH GHDO SHULRG�

FRLQFLGLQJ ZLWK WKH GURS LQ DYHUDJH UDWLQJV� :KLOH , GR QRW GLUHFWO\ REVHUYH UHVWDXUDQW WUDIILF� WKLV

LV LQ OLQH ZLWK GDLO\ GHDO UHGHPSWLRQ SDWWHUQV �6RQJ HW DO� ������ DQG SURYLGHV DGGLWLRQDO VXSSRUW IRU

WKH OLQN EHWZHHQ UHYLHZ YROXPH DQG VDOHV� %HFDXVH D ILUP
V DYHUDJH UDWLQJ LV FDOFXODWHG DFURVV DOO

SUHYLRXV UHYLHZV� WKLV LQFUHDVH LQ UHYLHZ YROXPH PDJQLILHV WKH LPSDFW RI WKH UHODWLYHO\ QHJDWLYHO\

YDOHQFHG UHYLHZV SRVWHG GXULQJ WKH GDLO\ GHDO SHULRG�

'HVSLWH WKH SRWHQWLDOO\ QHJDWLYH ORQJ WHUP LPSDFW RI ORZHU UDWLQJV� , VHH FRQVLGHUDEOH UHSHDW

RQ WKH SDUW RI WKH PHUFKDQWV� )LJXUH � FRQWDLQV WKH QXPEHU RI RIIHUV SHU PRQWK DFURVV DOO �������

REVHUYDWLRQV� 7KH JUD\ SRUWLRQ UHSUHVHQWV RIIHUV E\ UHVWDXUDQWV WKDW KDYH QRW SUHYLRXVO\ SDUWLFL�

SDWHG LQ D GDLO\ GHDO� ZKLOH WKH EODFN SRUWLRQ UHSUHVHQWV RIIHUV IURP WKRVH WKDW KDYH� 7ZR IDFWV

DUH LPPHGLDWHO\ DSSDUHQW� )LUVW� WKH QXPEHU RI GHDOV RIIHUHG LQ D JLYHQ PRQWK KDV EHHQ URXJKO\

FRQVWDQW VLQFH WKH EHJLQQLQJ RI ����� 6HFRQG� WKH SHUFHQWDJH RI RIIHUV H[WHQGHG E\ UHVWDXUDQWV

ZLWK SUHYLRXV GDLO\ GHDO H[SHULHQFH KDV LQFUHDVHG VWHDGLO\ RYHU WKLV VDPH SHULRG� 2QH H[SODQDWLRQ
�7KLV PD\ DOVR UHSUHVHQW LQGLYLGXDOV OHIW KROGLQJ H[SLUHG YRXFKHUV DIWHU WKH GHDO SHULRG� WKRXJK WKLV LV QRW VXSSRUWHG

E\ UHDGLQJ WKURXJK D UDQGRP VDPSOH RI VXFK UHYLHZV�

���



IRU WKLV JURZWK LV WKDW ILUPV KDYH IRXQG SDVW RIIHUV WR EH SURILWDEOH� DQG DUH WKXV ZLOOLQJ WR UHSHDW�

7KLV UXQV FRQWUDU\ WR WKH PDMRULW\ RI DQHFGRWDO HYLGHQFH LQ WKH SRSXODU SUHVV� WKRXJK LW LV LQ OLQH

ZLWK WKH UHFHQW UHVHDUFK RQ GDLO\ GHDOV GLVFXVVHG LQ VHFWLRQ ���� $Q DOWHUQDWLYH H[SODQDWLRQ LV WKDW

UHVWDXUDQWV EHFRPH GHSHQGHQW XSRQ WKHVH GHDOV WR ILOO WKHLU VSDFH� 'DLO\ GHDOV DUH NQRZQ WR EH

DQ H[WUHPHO\ HIIHFWLYH WUDIILF GULYHU� DQG GHPDQG FDQ IDU RXWSDFH VXSSO\ GXULQJ SHDN SHULRGV� $V

VXFK� H[LVWLQJ� OR\DO FXVWRPHUV PD\ EH GLVSODFHG E\ GDLO\ GHDO FXVWRPHUV� DQG� RYHU WLPH� UHSHDW

PD\ QRW EH VXIILFLHQW WR PDNH XS IRU DQ\ SHUPDQHQW ORVV LQ OR\DO FXVWRPHUV� 2QFH D GHDO LV UXQ�

WKLV UHODWLYH GHDUWK RI OR\DO FXVWRPHUV PD\� LURQLFDOO\� PDNH UHSHDW GHDOV ERWK PRUH SURILWDEOH DQG

QHFHVVDU\�

3DUWLFLSDWLQJ PHUFKDQWV HDUQ YHU\ VOLP �LI QRW QHJDWLYH� PDUJLQV IURP GDLO\ GHDO YRXFKHUV� ,I

WKH ODWWHU UHDVRQLQJ ZHUH WR KROG� ZH ZRXOG H[SHFW WR VHH WKRVH PHUFKDQWV GHSHQGLQJ RQ GDLO\ GHDOV

WR VWD\ DIORDW IDLO DW D JUHDWHU UDWH� )LJXUH � SORWV WKH SUREDELOLW\ RI ILUP FORVXUH UHODWLYH WR WKH SDVW

QXPEHU RI GHDOV ODXQFKHG� 7KHUH LV D FOHDU VSLNH LQ UHVWDXUDQW IDLOXUH IROORZLQJ WKH VHFRQG GHDO�

ZKLFK VXSSRUWV WKLV GHSHQGHQW PHUFKDQW K\SRWKHVLV� +RZHYHU� ZH REVHUYH ]HUR FORVXUHV DPRQJ

PHUFKDQWV WKDW KDYH SDUWLFLSDWHG LQ PRUH WKDQ � GDLO\ GHDOV� :KLOH WKLV PD\ EH GXH WR WKH UHODWLYH

GHDUWK RI REVHUYDWLRQV� LW LV DOVR FRQVLVWHQW ZLWK D ILOWHULQJ SURFHVV LQ ZKLFK GHSHQGHQW PHUFKDQWV

DUH TXLFNO\ UHPRYHG IURP WKH PDUNHW� ZKLOH RWKHUV DUH DEOH WR HDUQ JUHDWHU RYHUDOO SURILWV IURP GDLO\

GHDOV�

����� ([SORULQJ WKH 6LPSOH ([SODQDWLRQV

6HYHUDO VLPSOH H[SODQDWLRQV KDYH EHHQ SRVLWHG DV WR ZK\ PHUFKDQWV PD\ RIIHU GDLO\ GHDOV GHVSLWH

WKH ODUJHO\ QHJDWLYH SRSXODU RSLQLRQ� 7KHVH DUJXPHQWV IUHTXHQWO\ FHQWHU RQ SDUWLFLSDWLQJ PHUFKDQWV

EHLQJ RI ORZHU TXDOLW\� KDYLQJ IHZHU FXVWRPHUV� RU KDYLQJ OHVV H[SHULHQFH� 8VLQJ WKH GDWD DYDLODEOH�

, FDQ H[DPLQH HDFK RI WKHVH� 7KH SXUSRVH RI WKLV VHFWLRQ LV QRW WR VKRZ WKDW WKHVH IDFWRUV SOD\ QR

UROH LQ WKH ILUP
V GHFLVLRQ� EXW UDWKHU WKDW HDFK DSSHDUV LQVXIILFLHQW WR H[SODLQ WKH REVHUYHG EHKDYLRU

RQ WKHLU RZQ�

,W LV IUHTXHQWO\ SURSRVHG WKDW GDLO\ GHDOV DUH RIIHUHG E\ ORZHU TXDOLW\ PHUFKDQWV� :H FDQ DVVHVV
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WKLV FODLP E\ FRPSDULQJ WKH FXPXODWLYH DYHUDJH UDWLQJ IRU PHUFKDQWV WKDW RIIHU GDLO\ GHDOV� MXVW

SULRU WR GHDO ODXQFK� WR WKRVH WKDW QHYHU RIIHU GDLO\ GHDOV� )LJXUH � SUHVHQWV WKLV FRPSDULVRQ� :KLOH

WKH DYHUDJH UDWLQJV DPRQJ WKH GDLO\ GHDO PHUFKDQWV KDV D ORZHU YDULDQFH� ERWK WKH PHDQ DQG PHGLDQ

UDWLQJV DUH VOLJKWO\ JUHDWHU IRU WKLV JURXS ����� DQG ���� YHUVXV ���� DQG ���� UHVSHFWLYHO\�� 7KXV�

LW GRHVQ
W DSSHDU WKDW GDLO\ GHDOV DUH RQO\ RIIHUHG E\ ORZ TXDOLW\ PHUFKDQWV�

,W KDV DOVR EHHQ SURSRVHG WKDW GDLO\ GHDOV DUH RIIHUHG E\ PDQDJHUV ZLWK UHODWLYHO\ HPSW\ UHVWDX�

UDQWV LQ DQ DWWHPSW WR GUDZ WUDIILF� , FDQ H[DPLQH WKLV HIIHFW LI ZH DOORZ UHYLHZ FRXQW WR SUR[\ IRU

WUDIILF� 7KH XVH RI WKLV SUR[\ LV ZHOO VXSSRUWHG LQ WKH OLWHUDWXUH� ZLWK SDVW UHVHDUFK VKRZLQJ VKRZ�

LQJ D VWURQJ FRUUHODWLRQ EHWZHHQ UHYLHZ YROXPH DQG VDOHV� 7KLV KDV EHHQ IRXQG EHWZHHQ UHYLHZV

DQG ERRN VDOHV RQ $PD]RQ �&KHYDOLHU DQG 0D\]OLQ ������ RQOLQH UHYLHZV DQG PRYLH ER[ RIILFH

VDOHV �'HOODURFDV� =KDQJ� DQG $ZDG ����� /LX ������ DQG �PRUH GLUHFWO\ WR P\ DSSOLFDWLRQ� <HOS

UHYLHZV DQG UHVWDXUDQW VDOHV �/X HW DO� ������ , DOVR REVHUYH WKLV FRUUHODWLRQ LQ WKH VXEVHW RI P\

GDWD IRU ZKLFK , KDYH ERWK VDOHV LQIRUPDWLRQ� :KLOH LW LV QRW IHDVLEOH WR REWDLQ VDOHV GDWD IURP DOO

UHVWDXUDQWV LQ P\ GDWD VHW� , ZDV DEOH WR REWDLQ VFDOHG UHYHQXH LQIRUPDWLRQ IURP WKUHH UHVWDXUDQWV�

7KH FRUUHODWLRQ EHWZHHQ UHYLHZ YROXPH DQG VDOHV DPRQJ WKHVH WKUHH ZDV �����

)LJXUH � FRPSDUHV PHGLDQ DQG ��� FRQILGHQFH EDQGV IRU WKH QXPEHU RI UHYLHZV RYHU WKH SULRU

VL[ PRQWKV EHWZHHQ REVHUYDWLRQV LQ ZKLFK D GHDO LV RIIHUHG DQG WKRVH ZLWK QR GHDO RIIHULQJ� :KLOH

WKHUH DUH QR VLJQLILFDQW GLIIHUHQFHV EHWZHHQ WKH WZR JURXSV� DQ\ VOLJKW� GLUHFWLRQDO HIIHFW ZRXOG

VHHP WR IDYRU PHUFKDQWV RIIHULQJ GHDOV�� 7KLV LQGLFDWHV WKDW LW LV QRW MXVW ORZ WUDIILF UHVWDXUDQWV WKDW

DUH UXQQLQJ WKHVH GHDOV�

)LQDOO\� LW KDV EHHQ SURSRVHG WKDW GDLO\ GHDOV DUH RQO\ RIIHUHG E\ QHZ PHUFKDQWV� LQ DQ DWWHPSW

WR GULYH DZDUHQHVV DQG WULDO� $JH LV GHILQHG DV WKH QXPEHU RI PRQWKV VLQFH WKH ILUP LV ILUVW REVHUYHG

LQ P\ GDWD� WKURXJK HLWKHU D UHYLHZ SRVWLQJ RU GDLO\ GHDO RIIHU� :LWK WKH ILUVW REVHUYHG UHYLHZ GDWHG

2FWREHU ��� ����� WKLV FDQ GUDPDWLFDOO\ SUHFHGH WKH ILUVW RIIHU� )LJXUH � VKRZV WKH UHODWLRQVKLS

EHWZHHQ UHVWDXUDQW DJH DQG GDLO\ GHDO GHFLVLRQ� :KLOH DJH KDV DQ RYHUDOO XSZDUG WUHQG� WKHUH LV

OLWWOH GLVFHUQLEOH GLIIHUHQFH EHWZHHQ WKRVH WKDW RIIHU GDLO\ GHDOV DQG WKRVH WKDW GR QRW� ,PSRUWDQWO\�
�7KH GUDPDWLF LQFUHDVH LQ YDULDQFH LV D UHVXOW RI WKH GUDPDWLFDOO\ ORZHU REVHUYDWLRQ FRXQW IRU GDLO\ GHDO RIIHUV�
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WKLV GRHV QRW UXOH RXW DJH �RU TXDOLW\ RU WUDIILF� DV D IDFWRU LQ WKH ILUP
V GHFLVLRQ� LW VLPSO\ DUJXHV

WKDW WKHVH DUH XQOLNHO\ WR EH WKH RQO\ IDFWRUV�

����� )DFWRUV ,PSDFWLQJ 5HVWDXUDQW &ORVXUH

2QH LPSRUWDQW UHFHQW DGYDQFHPHQW LQ HVWLPDWLRQ RI G\QDPLF PRGHOV KDV EHHQ WKH WZR VWDJH HVWLPD�

WRU SURGXFHG E\ +RW] DQG 0LOOHU ���� DQG H[SDQGHG XSRQ E\ $UFLGLDFRQR DQG 0LOOHU ����� 7KHLU

DSSURDFK GUDPDWLFDOO\ VLPSOLILHV WKH FRPSXWDWLRQDO EXUGHQ� DOORZLQJ IRU ODUJH� FRQWLQXRXV VWDWH

VSDFHV� 7R IXOO\ OHYHUDJH WKHVH DSSURDFKHV� RQH QHHGV WR REVHUYH D WHUPLQDO VWDWH� DQG IDFWRUV LQ�

IOXHQFLQJ HQWU\ LQWR WKDW VWDWH� ,Q WKLV SDSHU� ILUP H[LW ZLOO VHUYH WKDW UROH� :KLOH UHVWDXUDQW FORVXUH

DSSHDUV WR EH LQIOXHQFHG E\ SDVW GDLO\ GHDO RIIHUV� LW LV DOVR FRUUHODWHG ZLWK D QXPEHU RI RWKHU UHOH�

YDQW� REVHUYHG PHWULFV� )LJXUH � SUHVHQWV WKH SUREDELOLW\ RI UHVWDXUDQW FORVXUH E\ FDWHJRU\ DFURVV

WKH WRS �� PRVW SRSXODU FDWHJRULHV�� 7KH GUDPDWLF YDULDWLRQ LV FOHDU IURP WKLV SORW� ZLWK -DSDQHVH

UHVWDXUDQWV EHLQJ ���� WLPHV PRUH OLNHO\ WR FORVH WKDQ IDVW IRRG UHVWDXUDQWV�

)LJXUH � FRQWDLQV WKH SUREDELOLW\ RI FORVXUH E\ UHVWDXUDQW DJH DFURVV DOO PHUFKDQWV� +HUH� DJH

LV PHDVXUHG DV WKH QXPEHU RI \HDUV IURP WKH ILUVW REVHUYDWLRQ �RIIHU RU UHYLHZ SRVWLQJ� IRU WKDW

PHUFKDQW LQ WKH IXOO GDWD VHW� $V VHHQ LQ WKH GDWD� WKH SUREDELOLW\ RI FORVXUH LQFUHDVHV ����� LQ

WKH ILUVW \HDU� EXW VWHDGLO\ GHFOLQHV WKHUHDIWHU� 7KLV LV FRQVLVWHQW ZLWK ILQDQFLQJ UHTXLUHPHQWV LQ WKH

LQGXVWU\ WKDW UHTXLUH RZQHUV WR KDYH VHYHUDO PRQWKV RI RSHUDWLQJ FRVWV RQ KDQG EHIRUH ILQDQFLQJ

FDQ EH REWDLQHG��

��� 0RGHO

%DVHG RQ WKH PRGHO IUHH HYLGHQFH� , FRQVWUXFW D PRGHO RI GDLO\ GHDO GHFLVLRQV DPRQJ UHVWDXUDQWV�

, DVVXPH WKDW WKH G\QDPLF SURFHVV XQIROGV LQ GLVFUHWH WLPH RYHU DQ LQILQLWH KRUL]RQ� ,Q HDFK SHULRG

t ∈ {1, 2, . . . , T} , T ≤ ∞� PDQDJHUV DW UHVWDXUDQW i PDNH D GHFLVLRQ� dit� WR HLWKHU H[LW WKH PDUNHW�
�$ UHVWDXUDQW RQ <HOS FDQ EH WDJJHG ZLWK PXOWLSOH FDWHJRULHV� 7KLV PD\ EH ZK\ VLPLODU WUHQGV H[LVW DPRQJ VLPLODU

UHVWDXUDQW VW\OHV �L�H�� )DVW )RRG DQG %XUJHUV��
�7KHVH FORVXUH UDWHV IDOO ZHOO VKRUW RI WKH ��� GLVFXVVHG LQ 3DUVD HW DO� ����� ZKLFK PD\ EH ODUJHO\ GXH WR WKH

LPSRVHG ILYH UHYLHZ OLPLW�

���



RIIHU D GDLO\ GHDO� RU FRQWLQXH ZLWKRXW D GDLO\ GHDO� VXFK WKDW�

dit =

⎧
⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎩

0 ,I H[LW

1 ,I GDLO\ GHDO RIIHUHG

2 2WKHUZLVH

���

7KLV GHFLVLRQ LPSDFWV ERWK FXUUHQW SHULRG SURILWV DQG WKH VWDWH YDULDEOHV GHILQLQJ WKH HQYLURQPHQW

LQ ZKLFK WKH UHVWDXUDQW RSHUDWHV PRYLQJ IRUZDUG�

/HW u (ωit, dit) UHSUHVHQW WKH IORZ RI SURILWV WR ILUP i DW WLPH t FRQGLWLRQDO RQ WKH ILUP
V FRQWHP�

SRUDQHRXV GHFLVLRQ DQG D YHFWRU RI VWDWH YDULDEOHV� ωit� 7KHVH VWDWH YDULDEOHV DUH SDUWLWLRQHG LQWR

WZR JURXSV� 7KH ILUVW LV D JURXS RI YDULDEOHV� zit� WKDW DUH NQRZQ WR ERWK WKH UHVWDXUDQW DQG HFRQR�

PHWULFLDQ� 7KH VHFRQG LV D FKRLFH�VSHFLILF VKRFN� ϵ (dit)� WKDW LV UHYHDOHG WR WKH ILUP DW WKH VWDUW RI

SHULRG t EXW UHPDLQV XQREVHUYHG E\ WKH HFRQRPHWULFLDQ� ,Q OLQH ZLWK PXFK RI WKH G\QDPLF GLVFUHWH

FKRLFH OLWHUDWXUH �$UFLGLDFRQR DQG (OOLFNVRQ ����� $UFLGLDFRQR DQG 0LOOHU ����� (OOLFNVRQ� 0LVUD�

DQG 1DLU ������ , DVVXPH WKDW WKHVH WZR FRPSRQHQWV DUH DGGLWLYHO\ VHSDUDEOH�� 7KXV� ILUP i
V SURILW

LQ SHULRG t LV UHSUHVHQWHG E\

u (zit, dit) + ϵ (dit) . ���

7KH ILUP
V GHFLVLRQ DOVR LQIOXHQFHV WKH YDOXH RI IXWXUH SHULRG GHFLVLRQV WKURXJK LWV LPSDFW RQ

WKH VXEVHTXHQW� REVHUYHG VWDWH YDULDEOHV� zi,t+1� , DVVXPH WKDW zi,t+1 LV 0DUNRY DQG LQGHSHQGHQW RI

WKH XQREVHUYHG GHFLVLRQ VKRFN FRQGLWLRQDO RQ WKH REVHUYHG VWDWH YDULDEOHV DQG ILUP GHFLVLRQ DW WLPH

t�� , GHQRWH WKH 3') RI zi,t+1 FRQGLWLRQDO RQ zit� dit DV

f (zi,t+1 | zit, dit) . ���
�.HDQH DQG :ROSLQ ���� SUHVHQW D JUHDW GLVFXVVLRQ RI KRZ WKLV DVVXPSWLRQ FDQ EH UHOD[HG� 7KRXJK� WKHLU DSSURDFK

SURYHV FRQVLGHUDEO\ PRUH FRPSXWDWLRQDOO\ H[SHQVLYH�
�7KHVH DVVXPSWLRQV DUH VWDQGDUG LQ QHDUO\ DOO G\QDPLF GLVFUHWH FKRLFH UHVHDUFK� +RZHYHU� LW LV ZRUWK QRWLQJ WKDW

$UFLGLDFRQR DQG 0LOOHU ���� GHYHORSV D PHWKRG E\ ZKLFK WKH FRQGLWLRQDO LQGHSHQGHQFH DVVXPSWLRQ FDQ EH SDUWLDOO\
UHOD[HG� DQG <RJDQDUDVLPKDQ ���� KDV UHFHQWO\ WDNHQ WKLV WR GDWD�

���



, DVVXPH WKDW ILUPV DFW UDWLRQDOO\� VHOHFWLQJ WKH DFWLRQ� δ∗it WKDW PD[LPL]HV WKH H[SHFWHG SUHVHQW

YDOXH RI DOO IXWXUH SURILW IORZV FRQGLWLRQDO RQ WKH FXUUHQW VWDWH YDULDEOHV DQG D FRPPRQ GLVFRXQW

UDWH� β ∈ [0, 1]�

δ∗it = DUJPD[
dit

E
(

T∑

t′=t

βt′−t [u (zit′ , dit′) + ϵ (dit′) | zit, ϵ (dit)]
)
, ���

ZKHUH WKH H[SHFWDWLRQ LV WDNHQ RYHU DOO SRVVLEOH IXWXUH VWDWHV DQG DFWLRQV UHVXOWLQJ IURP dit� 7KH

VROXWLRQ WR WKLV SUREOHP LV JLYHQ E\ WKH YDOXH IXQFWLRQ

V (zit, dit) = PD[
dit

{u (zit, dit) + ϵ (dit)+ ���

Edit

(
T∑

t′=t+1

βt′−t [u (zit′ , dit′) + ϵ (dit′)]

)}
.

%HFDXVH ϵ (dit) LV XQREVHUYHG� ZH GHILQH WKH H[�DQWH YDOXH IXQFWLRQ� V it� DV WKH FRQWLQXDWLRQ

YDOXH RI EHLQJ LQ VWDWH zit MXVW EHIRUH ϵ (dit) LV UHYHDOHG WR WKH ILUP� 7KLV LV JLYHQ E\ LQWHJUDWLQJ

HTXDWLRQ � RYHU ϵ (dit)�

V it (zit) =

∫
V (zit, dit) g (ϵ (dit)) dϵ (dit) , ���

ZKHUH g (ϵ (dit)) LV WKH GHQVLW\ IXQFWLRQ IRU ϵ (dit)� *LYHQ D VHW RI VWDWH YDULDEOHV DQG WKH H[�DQWH

YDOXH IXQFWLRQ� , FDQ ZULWH WKH YDOXH IXQFWLRQ DV

v (zit, dit) ≡ u (zit, dit) + ϵ (dit) + β

∫
V i,t+1 (zi,t+1) f (zi,t+1, di,t+1) dzi,t+1. ���

, DVVXPH WKDW ϵ (dit)
iid∼ T1EV � $V RXWOLQHG LQ $UFLGLDFRQR DQG (OOLFNVRQ ����� WKLV SURYLGHV

WZR NH\ DGYDQWDJHV� )LUVW� WKHUH H[LVW FORVHG IRUP VROXWLRQV IRU WKH FKRLFH SUREDELOLWLHV DQG WKH H[�

DQWH YDOXH IXQFWLRQ� GUDPDWLFDOO\ HDVLQJ WKH FRPSXWDWLRQDO EXUGHQ� 6HFRQG� LW DOORZV XV WR HDVLO\

PDS IURP FKRLFH SUREDELOLWLHV WR H[�DQWH YDOXH IXQFWLRQV� ,Q SDUWLFXODU� ZH FDQ UHZULWH HTXDWLRQ �

���



DV

V it (zit) = −ln[p (d∗it | zit)] + v (zit, d
∗
it) + γ, ���

ZKHUH d∗it UHSUHVHQWV DQ DUELWUDU\ UHIHUHQFH FKRLFH DQG γ LV (XOHU
V FRQVWDQW� 6XEVWLWXWLQJ HTXDWLRQ �

HYDOXDWHG DW t+ 1 LQWR HTXDWLRQ �� ZH FDQ QRZ ZULWH WKH FKRLFH VSHFLILF YDOXH IXQFWLRQ DV

v (zit, dit) ≡ u (zit, dit) + ϵ (dit)+ ���

β

∫ {
−ln

[
p
(
d∗i,t+1 | zi,t+1

)]
+ v

(
zi,t+1, d

∗
i,t+1

)}

× f (zi,t+1 | zit, dit) dzi,t+1 + βγ.

7KH IXWXUH YDOXH WHUP LQ HTXDWLRQ � LV QRZ D IXQFWLRQ RI WKH WUDQVLWLRQ NHUQHO IRU WKH VWDWH

YDULDEOHV� WKH FRQGLWLRQDO FKRLFH SUREDELOLW\ IRU DQ DUELWUDU\ FKRLFH� DQG WKH DVVRFLDWHG FRQGLWLRQDO

YDOXH IXQFWLRQ� ,PSRUWDQWO\� WKH FKRLFH RI d∗i,t+1 LV DUELWUDU\� DQG ZKROO\ DW WKH UHVHDUFKHUV GLVFUH�

WLRQ� 6HWWLQJ d∗i,t+1 WR D WHUPLQDO FKRLFH� EH\RQG ZKLFK QR IXUWKHU GHFLVLRQV DUH PDGH� DOORZV WKH

FRQWLQXDWLRQ YDOXH WR EH SDUDPHWHUL]HG DV D IXQFWLRQ RI WKH SHU�SHULRG SD\RIIV� 7KLV HOLPLQDWHV WKH

QHHG WR VROYH WKH G\QDPLF SURJUDPPLQJ SUREOHP LQ HTXDWLRQ �� GUDPDWLFDOO\ UHGXFLQJ WKH FRPSX�

WDWLRQDO EXUGHQ� 7KLV ZLOO EH SDUWLFXODUO\ KHOSIXO EHFDXVH P\ VWDWH VSDFH LV KLJK GLPHQVLRQDO DQG

FRQWLQXRXV� , ZLOO GHWDLO WKH SUHFLVH HVWLPDWLRQ URXWLQH LQ VHFWLRQ ���� EXW ILUVW , WXUQ WR HFRQRPHWULF

DVVXPSWLRQV DQG PRGHO VSHFLILFDWLRQ XVHG WR WDNH WKH PRGHO WR P\ GDWD�

��� (FRQRPHWULF $VVXPSWLRQV 	 6SHFLILFDWLRQ

, DVVXPH WKDW WKH GHWHUPLQLVWLF SRUWLRQ RI FRQWHPSRUDQHRXV SURILW� u (zit, dit) LV D OLQHDU IXQFWLRQ RI

WKH REVHUYHG VWDWH YDULDEOHV DQG DVVRFLDWHG SDUDPHWHUV� PRGHOHG DV

u (zit, dit) = z′itθ1. ����

���



7KH YHFWRU RI VWDWH YDULDEOHV� zit� LV FRPSULVHG RI WKUHH GLVWLQFW JURXSV RI YDULDEOHV GHVFULELQJ UHVWDX�

UDQW DWWULEXWHV� WKH VWDWXV RI DQ\ FXUUHQWO\ DFWLYH RIIHUV� DQG SDVW H[SHULHQFH ZLWK GDLO\ GHDOV� 6SHFLI�

LFDOO\� zit FRQWDLQV WKH UHVWDXUDQW
V SDVW DYHUDJH UDWLQJ� log (DFWLYH RIIHU FRXQW)� log (DJH)� WKH ORJ

WUDQVIRUPHG QXPEHU RI PRQWKV VLQFH WKH ILUVW GDLO\ GHDO REVHUYDWLRQ� DQG LQGLFDWRUV IRU WKH WRS ��

PRVW FRPPRQ UHVWDXUDQW FDWHJRULHV��

/RJDULWKPLF WUDQVIRUPV RI PHUFKDQW DJH� WKH QXPEHU RI DFWLYH RIIHUV� DQG WKH QXPEHU RI PRQWKV

VLQFH WKH ILUVW GDLO\ GHDO RIIHU ZHUH XVHG IRU ERWK TXDOLWDWLYH DQG HPSLULFDO UHDVRQV� 4XDOLWDWLYHO\�

HDFK RI WKHVH LV H[SHFWHG WR KDYH GLPLQLVKLQJ PDUJLQDO UHWXUQV WR ILUP SURILWV� ODUJHO\ UHODWHG WR

DZDUHQHVV DQG WULDO� &HWHULV�SDULEXV� QHZ UHVWDXUDQWV WHQG WR KDYH ORZHU DZDUHQHVV� DQG FRQVH�

TXHQWO\ ORZHU VDOHV� YLV�i�YLV WKHLU PRUH HVWDEOLVKHG FRXQWHUSDUWV� 5HJDUGOHVV RI RIIHU VWDWXV� WULDO

UDWHV DUH OLNHO\ KLJKHU DPRQJ QHZ UHVWDXUDQWV� DV WKHUH H[LVW IHZHU FRQVXPHUV WKDW KDYH SUHYLRXVO\

GLQHG DW WKH UHVWDXUDQW� 'XULQJ D GDLO\ GHDO RIIHU� QHZ UHVWDXUDQWV DUH OLNHO\ WR EHQHILW GLVSURSRU�

WLRQDWHO\ IURP WKH DVVRFLDWHG LQFUHDVH LQ WULDO DQG DZDUHQHVV� 7KH QXPEHU RI DFWLYH RIIHUV FDSWXUHV

WKH QXPEHU RI RYHUODSSLQJ GHDOV UXQQLQJ DW DQ\ RQH WLPH� :LWK WZR GRPLQDQW GDLO\ GHDO SURYLGHUV�

RIIHUV UXQ LQ UDSLG VXFFHVVLRQ� HYHQ DFURVV GLIIHUHQW SURYLGHUV� DUH OLNHO\ WR EH VHHQ PXOWLSOH WLPHV

E\ PDQ\ FRQVXPHUV� 7KLV UHGXQGDQF\ PD\ UHVXOW LQ GHFOLQLQJ UHVSRQVH UDWHV� DQG ORZHU SURILW FRQ�

WULEXWLRQ IURP HDFK VXEVHTXHQW GHDO� LQ OLQH ZLWK ZKDW ZH REVHUYH IRU SULFH SURPRWLRQV �%ODWWEHUJ�

%ULHVFK� DQG )R[ ������ ,Q FRQWUDVW� GHDOV WKDW DUH UXQ ODWHU LQ RXU GDWDVHW PD\ EH PRUH HIIHF�

WLYH YLV�i�YLV HDUOLHU RIIHUV GXH WR WKH WZR VLGHG QDWXUH RI WKH GDLO\ GHDOV PDUNHWSODFH� $V PRUH

FRQVXPHUV VXEVFULEH WR WKH GDLO\ HPDLO EODVWV� HDFK GHDO RIIHUV WKH SDUWLFLSDWLQJ PHUFKDQW JUHDWHU

UHDFK� +RZHYHU� WKLV JURZWK PD\ HYHQWXDOO\ OHDG WR D OHVV ZHOO WDUJHWHG FXVWRPHU EDVH �DV PRUH

JHRJUDSKLFDOO\ GLVWDQW FRQVXPHUV VXEVFULEH�� DQG PD\ VORZ RYHUDOO DV SURYLGHUV H[KDXVW WKH SRRO RI

SRWHQWLDO FRQVXPHUV� 7KLV LV VXSSRUWHG E\ ILJXUH �� ZKLFK VKRZV UDSLG JURZWK LQ GDLO\ GHDO RIIHUV

IROORZHG E\ D VWDEOH SHULRG EHJLQQLQJ LQ HDUO\ ����� 7KH QXPEHU RI PRQWKV VLQFH WKH ILUVW REVHUYHG

RIIHU LV LQWHQGHG WR FRQWURO IRU WKLV WHPSRUDO HIIHFW� %H\RQG WKLV TXDOLWDWLYH UHDVRQLQJ� WKH PRGHO

ILW ZLWK WKHVH ORJJHG FRYDULDWHV SURGXFHG EHWWHU ILW� DV PHDVXUHG E\ ERWK $,& DQG %,&� WKDQ HLWKHU
�2QH ZDV DGGHG SULRU WR FRPSXWLQJ WKH ORJDULWKP RI DQ\ FRYDULDWHV WR DYRLG LVVXHV DVVRFLDWHG ZLWK WDNLQJ WKH

ORJDULWKP RI ]HUR�

���



OLQHDU RU VTXDUHG DOWHUQDWLYHV��

&RQGLWLRQDO RQ WKH ILUP
V GHFLVLRQ� SDVW DYHUDJH UDWLQJ� ARi,t+1� LV WKH RQO\ VWRFKDVWLF IXWXUH

VWDWH YDULDEOH� , PRGHO WKLV DV D OLQHDU IXQFWLRQ RI WKH REVHUYHG VWDWH YDULDEOHV� xit� DQG WKH ILUP
V

GHFLVLRQ� dit� 6LPLODU WR zit� xit LV D YHFWRU RI FRYDULDWHV GHVFULELQJ DWWULEXWHV� RIIHU VWDWXV� DQG

SDVW GDLO\ GHDO H[SHULHQFH� 6SHFLILFDOO\� xit FRQWDLQV SDVW DYHUDJH UDWLQJ� log (H[SLUHG RIIHU FRXQW)�

log (DFWLYH RIIHU FRXQW)� DQG LQGLFDWRUV IRU WKH WRS �� PRVW FRPPRQ UHVWDXUDQW FDWHJRULHV� /HW sit

EH D YHFWRU FRQWDLQLQJ ERWK WKHVH VWDWH YDULDEOHV DQG WKH ILUP
V GHFLVLRQ (sit = {xit, dit})� WKHQ

ARi,t+1 = s′itθ2 + ηit, ����

ZKHUH , DVVXPH ηit
iid∼ N (0, σ2)� 2QH FRQFHUQ ZLWK WKLV DVVXPSWLRQ LV WKDW SUHGLFWHG YDOXHV PD\

IDOO RXWVLGH RI REVHUYHG ERXQGV� RQH WR ILYH VWDUV� , FRXOG DOWHUQDWLYHO\ FRQVLGHU D WUXQFDWHG QRUPDO

GLVWULEXWLRQ� EXW WKLV ZRXOG EH FRPSXWDWLRQDOO\ FRVWO\� ,QVWHDG� , ZLOO VKRZ LQ WKH UHVXOWV VHFWLRQ

VKRZ WKDW WKH UHVLGXDO VWDQGDUG HUURU UHVXOWLQJ IURP WKH PRGHO LV H[WUHPHO\ VPDOO UHODWLYH WR WKH

HVWLPDWHG YDOXHV� PDNLQJ WKH QRUPDO GLVWULEXWLRQ D JRRG DSSUR[LPDWLRQ WR WKH WUXQFDWHG QRUPDO LQ

WKLV LQVWDQFH�

7KH DUJXPHQW LQ VXSSRUW RI ORJDULWKPLF WUDQVIRUPV LQ WKH WUDQVLWLRQPRGHO IROORZV FORVHO\ WR WKDW

JLYHQ IRU WKH SURILW IXQFWLRQ� 4XDOLWDWLYHO\� WKHVH DUH VXSSRUWHG E\ WKH GLPLQLVKLQJ PDUJLQDO UHWXUQV

DVVRFLDWHG ZLWK GDLO\ GHDOV� ZKLOH HPSLULFDOO\ WKLV VSHFLILFDWLRQ RIIHUHG D EHWWHU ILW� DV PHDVXUHG E\

ERWK %,& DQG $,&� WKDQ WKRVH ILW ZLWK OLQHDU RU VTXDUHG WHUPV�

7KH VHSDUDWH LGHQWLILFDWLRQ RI WKH SDUDPHWHUV LQIOXHQFLQJ WKH WUDQVLWLRQ IXQFWLRQ LQ HTXDWLRQ ��

DQG WKH ILUP
V SHU SHULRG SURILWV LQ HTXDWLRQ �� UHOLHV RQ WKH VWDQGDUG H[FOXVLRQ UHVWULFWLRQ DUJXPHQW�

,Q WKLV FDVH� , QHHG D VWDWH YDULDEOH WKDW LQIOXHQFHV WKH HYROXWLRQ RI DYHUDJH UDWLQJV GLUHFWO\� EXW

LQIOXHQFHV SURILW RQO\ WKURXJK LWV LPSDFW RQ DYHUDJH UDWLQJV� log (H[SLUHG RIIHU FRXQW) IXOILOOV WKLV

UROH� 3DVW RIIHUV PD\ LPSDFW FXUUHQW SHULRG DYHUDJH UDWLQJV WKURXJK FKDQJHV LQ SHUFHLYHG TXDOLW\

UHODWHG WR UHIHUHQFH SULFHV DV GLVFXVVHG LQ VHFWLRQ ���� RU VLPSO\ EHFDXVH DYHUDJH UDWLQJ LV DQ HTXDOO\
�,Q P\ GDWD� WKH PD[LPXP REVHUYHG QXPEHU RI DFWLYH RIIHUV ZKHQ D UHVWDXUDQW FORVHV LV RQH� SUHFOXGLQJ HVWLPDWLRQ

RI D VTXDUHG WHUP IRU WKLV FRYDULDWH� 7KH FRPSDULVRQ LV EDVHG RQ WKH PRGHO ZLWKRXW WKLV VTXDUHG WHUP�

���



ZHLJKWHG PHDQ RI DOO SDVW UHYLHZV� ,W LV OHVV FOHDU ZK\ D SDVW RIIHU ZRXOG GLUHFWO\ LPSDFW IXWXUH

SHULRG SURILWV�

$V PHQWLRQHG DW WKH HQG RI VHFWLRQ ���� WKH FKRLFH RI d∗i,t+1 LV DUELWUDU\ DQG WKH HVWLPDWLRQ

VLPSOLILHV GUDPDWLFDOO\ LI LW LV VHW WR D WHUPLQDO VWDWH� $V GLVFXVVHG LQ VHFWLRQ ���� , REVHUYH ILUP

H[LW DQG D QXPEHU RI IDFWRUV LQIOXHQFLQJ LW� DQG WKHUHIRUH VHW d∗i,t+1 = 0� :LWK WKLV QRUPDOL]DWLRQ�

v (zit, dit) ≡ u (zit, dit) + ϵ (dit)+

β

∫
−ln

[
p
(
d∗i,t+1 | zi,t+1

)]

× f (zi,t+1 | zit, dit) dzi,t+1 + βγ. ����

,PSRUWDQWO\� WKH FKRLFH VSHFLILF YDOXH IXQFWLRQ LV GHILQHG E\ ILUP
V FRQWHPSRUDQHRXV SURILWV� WKH

SUREDELOLW\ RI H[LW LQ WKH QH[W VWDWH JLYHQ D IXWXUH VWDWH� DQG WKH SUREDELOLW\ RI WKDW IXWXUH VWDWH

JLYHQ WKH FXUUHQW VWDWH DQG WKH ILUP
V GHFLVLRQ� 7KH IXWXUH YDOXH FDQ EH IXOO\ SDUDPHWHUL]HG LQ WKH

FRQWHPSRUDQHRXV SURILW IORZV�� 8QGHU WKH DERYH DVVXPSWLRQV� FRQVLVWHQW HVWLPDWHV RI θ1� θ2� DQG

β FDQ EH UHFRYHUHG ZLWKRXW VROYLQJ WKH IXOO\ G\QDPLF SURJUDPPLQJ SUREOHP�

��� (VWLPDWLRQ

, OHYHUDJH WKH WZR VWDJH HVWLPDWRU RULJLQDOO\ GHYHORSHG LQ +RW] DQG 0LOOHU ���� DQG H[WHQGHG E\

$UFLGLDFRQR DQG 0LOOHU ����� ,Q WKH ILUVW VWDJH� , UHFRYHU HVWLPDWHV IRU WKH &&3 IXQFWLRQ UHSUH�

VHQWLQJ ILUP H[LW� p̂
(
d∗i,t+1 | zi,t+1

)
� DQG WUDQVLWLRQ IXQFWLRQ LQ HTXDWLRQ �� f̂ (zi,t+1 | zit, dit)� ,Q WKH

VHFRQG VWDJH , HVWLPDWH WKH YDOXH IXQFWLRQ SDUDPHWHUV WDNLQJ WKHVH WZR DV JLYHQ�

$V LQ WKH H[WDQW OLWHUDWXUH� LW LV FULWLFDO WKDW WKH ILUVW VWDJH SURGXFH FRQVLVWHQW HVWLPDWHV RI WKH

&&3V� DV WKHVH DUH XVHG WR FRQVWUXFW ILUP EHOLHIV� *LYHQ DOO GLVFUHWH VWDWH YDULDEOHV RU D VPDOO

QXPEHU RI FRQWLQXRXV YDULDEOHV� WKHUH DUH QXPHURXV QRQ�SDUDPHWULF PHWKRGV E\ ZKLFK WKHVH FRXOG

EH HVWLPDWHG� +RZHYHU� WKH LQFOXVLRQ RI VHYHUDO FRQWLQXRXV FRYDULDWHV SUHFOXGHV VXFK DQ DSSURDFK�
�%HFDXVH H[LW FRVWV DUH QRW VHSDUDWHO\ LGHQWLILHG IURP IL[HG FRVWV RI FRQWLQXLQJ RSHUDWLRQV� , QRUPDOL]H VFUDS YDOXH

WR ]HUR�
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*LYHQ D VXIILFLHQWO\ ODUJH GDWD VHW DQG DQ H[KDXVWLYH VHW RI SDUDPHWHUV� &&3 HVWLPDWHV IURP ORJLW

PRGHOV DUH VLPLODU WR WKRVH REWDLQHG QRQ�SDUDPHWULFDOO\ �$UFLGLDFRQR DQG 0LOOHU ����� %DMDUL HW

DO� ������ &RQVHTXHQWO\� , IROORZ H[DPSOHV LQ WKH H[WDQW OLWHUDWXUH �(OOLFNVRQ DQG 0LVUD �����

<RJDQDUDVLPKDQ ������ DQG HVWLPDWH WKH ILUVW VWDJH XVLQJ D KLJKO\ IOH[LEOH ELQDU\ ORJLW VSHFLILFDWLRQ�

LQFOXGLQJ KLJKHU RUGHU WHUPV DQG D IXOO VHW RI ELYDULDWH LQWHUDFWLRQV� 7KH H[DFW VSHFLILFDWLRQ LV

DYDLODEOH XSRQ UHTXHVW�

$V GLVFXVVHG LQ VHFWLRQ ���� SDVW DYHUDJH UDWLQJ LV WKH RQO\ VWRFKDVWLF VWDWH YDULDEOH FRQGLWLRQDO

RQ WKH REVHUYHG ILUP FKRLFH� , UHFRYHU WKH DVVRFLDWHG SDUDPHWHUV� ERWK θ2 DQG σ2� XVLQJ VWDQGDUG

2/6 UHJUHVVLRQ EDVHG RQ HTXDWLRQ ��� %\ FRQVWUXFWLRQ� WKHVH SDUDPDWHUV GHILQH WKH GLVWULEXWLRQ RI

IXWXUH DYHUDJH UDWLQJV�

ARi,t+1 ∼ N
(
s′itθ2, σ

2
)
. ����

, FDQ QRZ VLPXODWH D GUDZ IURP f (xi,t+1 | xit, dit)� IRU DQ\ FRPELQDWLRQ RI VWDWH YDULDEOHV DQG

ILUP GHFLVLRQ� E\ FRPELQLQJ GUDZ IURP HTXDWLRQ �� ZLWK WKH QRQ�VWRFKDVWLF HOHPHQWV RI xi,t+1� ,

XVH D VHULHV RI ��� VXFK GUDZV DW HDFK REVHUYDWLRQ WR QXPHULFDOO\ LQWHJUDWH WKH IXWXUH YDOXH WHUP

LQ HTXDWLRQ �� IRU HYHU\ REVHUYHG FRPELQDWLRQ RI VWDWHV DQG DOO SRVVLEOH ILUP FKRLFHV RYHU WKH

GLVWULEXWLRQ RI SRWHQWLDO IXWXUH VWDWHV�

*LYHQ WKH DERYH UHVXOWV� HVWLPDWLQJ WKH VWUXFWXUDO SDUDPHWHUV LPSDFWLQJ SHU�SHULRG SURILW IORZV�

θ2� DQG WKH GLVFRXQW UDWH� β� VLPSOLILHV WR HVWLPDWLQJ D VWDQGDUG PXOWLQRPLDO ORJLW� *LYHQ P\ DS�

SOLFDWLRQ DQG DSSURDFK� WKH DELOLW\ WR HVWLPDWH� UDWKHU WKDQ DVVXPH� β LV SDUWLFXODUO\ LPSRUWDQW� EXW

FDXWLRQ PXVW EH WDNHQ LQ LQWHUSUHWWLQJ WKH HVWLPDWH� 0\ GDWD FRYHUV PDQ\ VPDOO EXVLQHVV WKDW PD\

QRW KDYH IULFWLRQOHVV DFFHVV WR FDSLWDO� &RQVHTXHQWO\� DVVXPLQJ D GLVFRXQW UDWH HTXDO WR VRPH FRP�

PRQ UDWH RI UHWXUQ� DV LV IUHTXHQWO\ GRQH� PD\ EH PLVOHDGLQJ DQG UHVXOW LQ ELDVHG HVWLPDWHV� (YHQ

LI VXFK D GLVFRXQW UDWH FRXOG EH UHDVRQDEO\ DVVXPHG� LW LW XQFOHDU KRZ WR LPSOHPHQW LW JLYHQ WKH

DSSURDFK� $ ZHOO NQRZQ IHDWXUH RI GLVFUHWH FKRLFH PRGHOV LV VFDOH�LQYDULDQFH� 7KDW LV� WKH SDUDPH�

WHUV DUH RQO\ LGHQWLILHG XS WR VRPH VFDOLQJ FRQVWDQW� DQG UHIOHFW WKH HIIHFW RI WKH REVHUYHG FRYDULDWHV

UHODWLYH WR WKH VWDQGDUG GHYLDWLRQ RI WKH XQREVHUYHG YDULDEOHV �7UDLQ ������ 7KLV PHDQV WKDW β ZLOO

QRW EH LQWHUSUHWDEOH UHODWLYH WR FRPPRQ FRVW RI FDSLWDO PHDVXUHV� DQG LW EHFRPHV XQFOHDU KRZ DQ\

���



DVVXPHG YDOXH VKRXOG HQWHU� 7KDW VDLG� E\ HVWLPDWLQJ WKH GLVFRXQW UDWH� , ZLOO EH DEOH WR H[DPLQH

WKH YDOXDWLRQ SODFHG RQ IXWXUH SURILWV UHODWLYH WR RWKHU REVHUYHG IDFWRUV LQ WKH PRGHO� DQG , DYRLG

ELDVLQJ RWKHU SDUDPHWHU HVWLPDWHV�

��� 5HVXOWV

$V VWDWHG DERYH� WKH FRQGLWLRQDO H[LW SUREDELOLWLHV ZHUH HVWLPDWHG XVLQJ D KLJKO\ IOH[LEOH� ELQDU\

ORJLW� %HFDXVH WKH SDUDPHWHU HVWLPDWHV IURP VXFK DQ HVWLPDWLRQ DUH QRW SDUWLFXODUO\ LQVLJKWIXO DQG

RQO\ WKH ILWWHG YDOXHV DUH XVHG LQ ZKDW IROORZV� , UHIUDLQ IURP SUHVHQWLQJ WKH HVWLPDWHV KHUH��� ,Q�

VWHDG� , IRFXV RQ WKH SDUDPHWHU HVWLPDWHV IURP WKH WUDQVLWLRQ DQG YDOXH IXQFWLRQV�

����� 7UDQVLWLRQ )XQFWLRQ

7DEOH � FRQWDLQV WKH SDUDPHWHUV HVWLPDWHV DQG PRGHO ILW IURP HTXDWLRQ ��� 7KH ILUVW FROXPQ FRQ�

WDLQV WKH HVWLPDWHV ZLWKRXW FRQWUROOLQJ IRU HDFK ILUP
V SDVW DYHUDJH UDWLQJ� ZKLOH WKH VHFRQG FROXPQ

FRQWUROV IRU WKLV ODJJHG HIIHFW� $V RQH PLJKW H[SHFW� D ILUP
V SDVW DYHUDJH UDWLQJ LV WKH VWURQJHVW

SUHGLFWRU RI LWV IXWXUH DYHUDJH UDWLQJ� LQFUHDVLQJ R2 IURP ���� WR ����� 7KLV VWHPV IURP DQ\ XQRE�

VHUYHG FRUUHODWLRQ EHWZHHQ TXDOLW\ DQG UDWLQJ� DV ZHOO DV WKH FXPXODWLYH QDWXUH RI <HOS
V GLVSOD\HG

DYHUDJH UDWLQJ �L�H�� WKHUH LV QR ZHLJKWLQJ DVVRFLDWHG ZLWK UHFHQF\�� ,PSRUWDQWO\� FRQWUROOLQJ IRU WKH

GRPLQDQW HIIHFW RI D ILUP
V SDVW DYHUDJH UDWLQJ FODULILHV WKH LPSDFW WKDW GDLO\ GHDOV KDYH RQ D ILUP
V

IXWXUH UDWLQJ� 7KLV FDQ EH VHHQ E\ FRPSDULQJ WKH SDUDPHWHU HVWLPDWHV IRU log ($FWLYH2IIHU&RXQW)

DQG 6WDWXV$FWLYH2IIHU EHWZHHQ PRGHOV � DQG � LQ WDEOH ��

%HIRUH FRQWLQXLQJ WR LQWHUSUHW WKH SDUDPHWHU HVWLPDWHV� , UHWXUQ WR WKH FRQFHUQV GLVFXVVHG LQ

VHFWLRQ ��� VWHPPLQJ IURP WKH DVVXPSWLRQ WKDW ηit
iid∼ N (0, σ2) ZKLOH DYHUDJH UDWLQJV DUH ERXQGHG

EHWZHHQ RQH DQG ILYH� %HFDXVH WKH GLVWULEXWLRQ RI ηit KDV VXSSRUW RYHU DOO UHDO QXPEHUV� D UHOHYDQW

FRQFHUQ LV WKDW SUHGLFWHG YDOXHV UHVXOWLQJ IURP WKLV PRGHO PD\ IDOO RXWVLGH WKH IHDVLEOH ERXQGV� $V

VHHQ LQ ILJXUH �� WKH GLVWULEXWLRQ RI SUHGLFWHG YDOXHV LV ERXQGHG IURP EHORZ E\ ���� DQG DERYH E\
��3DUDPHWHU HVWLPDWHV DQG DVVRFLDWHG H[LW SUREDELOLWLHV DUH DYDLODEOH IURP WKH DXWKRU XSRQ UHTXHVW�

���



����� IDOOLQJ HQWLUHO\ ZLWKLQ WKH IHDVLEOH UDQJH�

%HFDXVH ZH DUH XVLQJ HTXDWLRQ �� WR VLPXODWH RYHU WKH GLVWULEXWLRQ RI IXWXUH VWDWHV� DQG DGGL�

WLRQDO FRQFHUQ LV WKDW WKHVH VLPXODWHG YDOXHV PD\ IDOO RXWVLGH WKH IHDVLEOH ERXQGV� $V VHHQ LQ WDEOH ��

σ2 =����� ZKLFK LV H[WUHPHO\ VPDOO UHODWLYH WR WKH ILWWHG YDOXHV GLVFXVVHG DERYH� 7KLV LQGLFDWHV WKDW

VLPXODWHG YDOXHV DUH XQOLNHO\ WR IDOO RXWVLGH WKH UHDVRQDEOH UDQJH� 7KXV� WKH QRUPDO GLVWULEXWLRQ LV

D UHDVRQDEOH DSSUR[LPDWLRQ WR WKH WUXQFDWHG QRUPDO LQ WKLV FDVH�

5HWXUQLQJ WR WDEOH �� WKH VLJQLILFDQW� QHJDWLYH SDUDPHWHU HVWLPDWHV IRU /RJ$FWLYH2IIHU&RXQW

DQG 6WDWXV1HZ2IIHU LQGLFDWH WKDW RIIHULQJ D GDLO\ GHDO GHWUDFWV VLJQLILFDQWO\ IURP DYHUDJH UDWLQJV�

DV ZDV GLVFXVVHG LQ VHFWLRQ ���� 7KH ODUJHU QHJDWLYH HIIHFW IRU 6WDWXV1HZ2IIHU UHIOHFWV WKH VWHHS

GURS LQ DYHUDJH UDWLQJ DVVRFLDWHG ZLWK WKH LQLWLDO RIIHU� 7KH VPDOOHU HIIHFW IRU /RJ$FWLYH2IIHU&RXQW

LQGLFDWHV WKDW DYHUDJH UDWLQJV IRU QHZ UHYLHZV UHPDLQ VOLJKWO\ ORZHU WKURXJKRXW WKH GHDO SHULRG�

:KLOH WKHVH HVWLPDWHV DUH KLJKO\ VLJQLILFDQW LQ D VWDWLVWLFDO VHQVH� D UHOHYDQW TXHVWLRQ LV ZKHWKHU

WKHVH DUH HFRQRPLFDOO\ PHDQLQJIXO� 2Q HDFK UHVWDXUDQW
V SDJH� <HOS GLVSOD\V WKH DYHUDJH UDWLQJ

URXQGHG WR WKH QHDUHVW KDOI VWDU� 7KLV PHDQV WKDW D UHVWDXUDQW ZLWK DQ DYHUDJH UDWLQJ RI ���� LV

VKRZQ DV D IRXU VWDU HVWDEOLVKPHQW� ZKLOH RQH ZLWK D VFRUH RI ���� DSSHDUV WR KDYH ��� VWDUV� $V

GLVFXVVHG LQ VHFWLRQ ���� D KDOI D VWDU LQFUHDVH LQ DYHUDJH <HOS UDWLQJ OHDGV WR ��� PRUH VHOORXWV

DQG D ���� LQFUHDVH LQ UHVWDXUDQW UHYHQXH� 7KXV� HYHQ VPDOO FKDQJHV LQ DYHUDJH UDWLQJ FDQ KDYH D

GUDPDWLF LPSDFW LI WKH PHUFKDQW VLWV QHDU RQH RI WKHVH WKUHVKROGV� :LWKLQ P\ GDWD� D QHZ RIIHU LV

H[SHFWHG WR FDXVH D UHVWDXUDQW WR GURS EHORZ RQH RI WKHVH WKUHVKROGV ���� RI WKH WLPH�

log (([SLUHG 2IIHU &RXQW) ZDV LQFOXGHG WR WHVW IRU DQ\ SHUVLVWHQW HIIHFW RI SDVW GDLO\ GHDOV RQ

D ILUP
V IXWXUH UHYLHZV� 7R WKH H[WHQW WKDW DOO UHYLHZV IDFWRU LQWR D ILUP
V DYHUDJH UDWLQJ� DQ\ VKRUW

WHUP LPSDFW LV E\ GHILQLWLRQ SHUVLVWHQW� 7KH UHPDLQLQJ TXHVWLRQ LV ZKHWKHU GDLO\ GHDOV FDQ LPSDFW

UHYLHZV SRVWHG DIWHU WKH GHDO HQGV� $V GLVFXVVHG DERYH� UHVHDUFK KDV VKRZQ WKDW SDVW SULFHV LQ�

IOXHQFH UHIHUHQFH SULFHV �.DO\DQDUDP DQG :LQHU ����� %ODWWEHUJ� %ULHVFK� DQG )R[ ������ 2QH

FRQFHUQ VXUURXQGLQJ VXFK VWHHS SULFH SURPRWLRQV KDV EHHQ WKDW WKH VL]H RI WKH GLVFRXQW PD\ UHVXOW

LQ FRQVXPHUV ORZHULQJ WKHLU UHIHUHQFH SULFHV �%ODWWEHUJ� %ULHVFK� DQG )R[ ������ %HFDXVH SULFH

VHUYHV DV D TXDOLW\�VLJQDOLQJ PHFKDQLVP� WKHVH ORZHUHG UHIHUHQFH SULFHV PD\ QHJDWLYHO\ LPSDFW

���



SHUFHLYHG TXDOLW\ HYHQ DIWHU D GHDO HQGV �(UGHP� .HDQH� DQG 6XQ ������ &RQVHTXHQWO\� GDLO\

GHDOV FRXOG KDYH D SHUVLVWHQW� QHJDWLYH HIIHFW RQ D ILUP
V UDWLQJV� 7KH ODFN RI VLJQLILFDQFH RQ

log (([SLUHG 2IIHU &RXQW) UHIOHFWV WKH ODFN RI D GHWHFWDEOH� SHUVLVWHQW HIIHFW RI GDLO\ GHDOV RQ D

ILUP
V IXWXUH UHYLHZV� :KLOH WKLV GRHV QRW QHFHVVDLUO\ UXQ FRXQWHU WR WKH EHOLHI WKDW SULFH SURPR�

WLRQV LPSDFW UHIHUHQFH SULFHV� LW GRHV VHHP WR LQGLFDWH WKDW VXFK SURPRWLRQV GR QRW XOWLPDWHO\ KDYH

D SHUVLVWHQW LPSDFW RQ SHUFHLYHG TXDOLW\�

����� 9DOXH )XQFWLRQ

7DEOH � FRQWDLQV WKH HVWLPDWHG SDUDPHWHUV FRPSULVLQJ WKH ILUP
V YDOXH IXQFWLRQ� DQG FRQYH\V VHYHUDO

FULWLFDO LQVLJKWV� )LUVW� RIIHUV WHQG WR EH H[WHQGHG E\ QHZ PHUFKDQWV� ZKLFK LV LQGLFDWLYH RI ILUPV

XVLQJ GDLO\ GHDOV WR GULYH DZDUHQHVV DQG WULDO� 6HFRQG� JUHDWHU SDVW DYHUDJH UDWLQJV OHDG WR JUHDWHU

SURILWV� DQG FRQVHTXHQWO\ D ORZHU SUREDELOLW\ RI UHVWDXUDQW FORVXUH� EXW KDYH QR LPSDFW RQ WKH ILUP
V

GDLO\ GHDO GHFLVLRQ EH\RQG WKDW� 7KLUG� FXUUHQWO\ DFWLYH RIIHUV GUDPDWLFDOO\ LQFUHDVH WKH SUREDELOLW\

RI D QHZ RIIHU� VXSSRUWLQJ SRSXODU SUHVV FODLPV WKDW SDUWLFLSDWLQJ ILUPV UXQ WKH ULVN RI EHFRPLQJ

GHSHQGHQW XSRQ GDLO\ GHDOV�

7KH VLJQLILFDQW QHJDWLYH SDUDPHWHU HVWLPDWH IRU log ($JH) XQGHU D GDLO\ GHDO LQGLFDWHV WKDW WKHVH

RIIHUV WHQG WR EH PRUH SURILWDEOH IRU QHZHU PHUFKDQWV� 'DLO\ GHDOV DUH PDUNHWHG WKURXJK JHRJUDSKL�

FDOO\ WDUJHWHG HPDLO EODVWV DQG ZHESDJHV� DQG KDYH WKH SRWHQWLDO WR VLJQLILFDQWO\ LQFUHDVH DZDUHQHVV

DQG WULDO� 7KLV LV RQH RI WKH NH\ GLIIHUHQFHV EHWZHHQ WKHVH RIIHUV DQG PRUH VWDQGDUG SULFH SURPR�

WLRQV� $V GLVFXVVHG LQ VHFWLRQ ���� QHZHU PHUFKDQWV DUH OLNHO\ WR KDYH ORZHU DZDUHQHVV DQG IHZHU

SDVW FXVWRPHUV� DQG WKXV VWDQG WR PRUH JUHDWO\ EHQHILW IURP WKHVH DVSHFWV RI D GDLO\ GHDO� 7KLV ILQG�

LQJ VWDQGV LQ FRQWUDVW WR WKH VWDQGDUG SULFH SURPRWLRQ OLWHUDWXUH� ZKHUH EHWWHU NQRZQ QDWLRQDO EUDQGV

WHQG WR GHULYH JUHDWHU EHQHILW IURP GLVFRXQWLQJ �%ODWWEHUJ� %ULHVFK� DQG )R[ ������ DQG VXSSRUWV

WKH DUJXPHQW WKDW ILUP
V YLHZ GDLO\ GHDOV SUHGRPLQDQWO\ DV DQ DGYHUWLVLQJ YHKLFOH�

7KH SRVLWLYH� VLJQLILFDQW SDUDPHWHU HVWLPDWHV IRU SDVW DYHUDJH UDWLQJV LQGLFDWHV WKDW PHUFKDQWV

ZLWK KLJKHU DYHUDJH UDWLQJV DUH OHVV OLNHO\ WR FORVH� 7KLV LV LQ OLQH ZLWK SDVW UHVHDUFK �$QGHUVRQ DQG

0DJUXGHU ����� /XFD ������ VKRZLQJ WKDW JUHDWHU DYHUDJH UDWLQJV OHDG WR ODUJHU VDOHV DQG SURILWV�

���



,QWHUHVWLQJO\� WKHUH LV OLWWOH GLIIHUHQFH EHWZHHQ WKH SDUDPHWHU HVWLPDWHV XQGHU WKH VWDWXV TXR DQG

GDLO\ GHDO UHJLPHV� LQGLFDWLQJ WKDW WKH GHFLVLRQ EHWZHHQ UXQQLQJ D GDLO\ GHDO RU VLPSO\ PDLQWDLQLQJ

WKH VWDWXV TXR LV ODUJHO\ LQGHSHQGHQW RI WKH ILUP
V UDWLQJ� 7KLV UXQV FRQWUDU\ WR WKH EHOLHI WKDW

GDLO\ GHDOV DUH XVXDOO\ UXQ E\ ORZ TXDOLW\ PHUFKDQWV� DQG DOVR FRQWUDGLFWV SDVW ILQGLQJV RQ SULFH

SURPRWLRQV ZKHUH KLJK TXDOLW\ EUDQGV DUH IRXQG WR EHQHILW GLVSURSRUWLRQDWHO\ �%ODWWEHUJ� %ULHVFK�

DQG )R[ ������ 7DNHQ WRJHWKHU ZLWK WKH ILQGLQJ WKDW QHZHU UHVWDXUDQWV WHQG WR UXQ GDLO\ GHDOV�

WKLV RIIHUV FRPSHOOLQJ HYLGHQFH WKDW GDLO\ GHDOV DUH UXQ PRUH IRU WKHLU DGYHUWLVLQJ LPSDFW WKDQ WKH

SURPRWLRQDO DVSHFWV�

7KH ODUJH� SRVLWLYH� DQG VLJQLILFDQW SDUDPHWHU HVWLPDWH IRU log ($FWLYH2IIHU&RXQW) XQGHU WKH

GDLO\ GHDO UHJLPH LQGLFDWHV WKDW H[LVWLQJ DFWLYH RIIHUV PDNH QHZ RIIHUV PRUH SURILWDEOH� &ORVHO\

VHTXHQFLQJ GDLO\ GHDO RIIHUV VHHPV WR UXQ FRXQWHU WR ZKDW ZH ZRXOG H[SHFW IURP SDVW UHVHDUFK RQ

DGYHUWLVLQJ RU SULFH SURPRWLRQ� ZKLFK ERWK H[KLELW GHFUHDVLQJ PDUJLQDO UHWXUQV �%ODWWEHUJ� %ULHVFK�

DQG )R[ ����� 9DNUDWVDV DQG$PEOHU ������ :KHQ WKLV LV VHHQ LQ WKH SULFH SURPRWLRQV OLWHUDWXUH� LW LV

IUHTXHQWO\ DWWULEXWHG WR VKLIWV LQ FRQVXPHU SULFH VHQVLWLYLW\ DQG PDQDJHULDO LQWHUWLD �3DXZHOV ������

+RZHYHU� WKH PDJQLWXGH RI WKH GHPDQG VKLIW DVVRFLDWHG ZLWK GDLO\ GHDOV LQ FRPELQDWLRQ ZLWK WKH

ELQGLQJ FDSDFLW\ FRQVWUDLQWV RI VPDOO UHVWDXUDQWV RIIHUV DPRUH WURXEOLQJ H[SODQDWLRQ� :KHQ H[LVWLQJ

OR\DO FXVWRPHUV DUH GLVSODFHG E\ GDLO\ GHDO FXVWRPHUV� WKH\PD\ IDLO WR UHWXUQ WR WKHPHUFKDQW� :KHQ

WKH LQLWLDO VSLNH LQ WUDIILF VXEVLGHV� VXFK D ILUPZRXOG IDFH D ORZHU EDVHOLQH OHYHO RI EXVLQHVV LI UHSHDW

UDWHV IURP GDLO\ GHDO FXVWRPHUV SURYH LQVXIILFLHQW WR RIIVHW WKLV ORVV� ,URQLFDOO\� WKLV ORZHU EDVHOLQH

UHGXFHV RQH SRWHQWLDO FRVW RI GDLO\ GHDOV� WKDW H[LVWLQJ IXOO SULFH FXVWRPHUV PD\ EH GLVSODFHG� DQG

LQFUHDVHV WKH SURILWDELOLW\ RI VXEVHTXHQW RIIHUV�

*LYHQ WKH WKLQ PDUJLQV DVVRFLDWHG ZLWK GDLO\ GHDOV� PHUFKDQWV WKDW EHFRPH VWXFN LQ VXFK D F\FOH

DUH DW FRQVLGHUDEOH ULVN RI IDLOXUH� ,W LV LQWHUHVWLQJ WR QRWH WKH SUREDELOLW\ RI UHVWDXUDQW IDLOXUH QHDUO\

GRXEOHV IROORZLQJ WKH ODXQFK RI WKH VHFRQG RIIHU� DV VHHQ LQ ILJXUH �� 7KLV LV QRW WKH RQO\ H[SODQDWLRQ

IRU VXFK UHSHDW UDWHV� ,W PD\ EH WKDW GDLO\ GHDOV DUH SURILWDEOH IRU VRPH SRUWLRQ RI UHVWDXUDQWV� DQG

WKLV LV DOVR VXSSRUWHG LQ ILJXUH � E\ WKH GUDPDWLF GHFOLQH LQ FORVXUH UDWHV IROORZLQJ WKH WKLUG RIIHU

ODXQFK� +RZHYHU� LW GRHV PDNH HYLGHQW WKH ULVN IDFHG E\ SDUWLFLSDWLQJ ILUPV�

���



���� &RQFOXVLRQ

,Q WKLV SDSHU� , H[DPLQHG WKH WUDGH RIIV ILUPV PDNH ZKHQ RIIHULQJ D GDLO GHDO� DQG WKH LPSDFW WKDW

WKHVH GHDOV KDYH RQ RQOLQH ZRUG RI PRXWK� 7R GR WKLV� , DVVHPEOHG D XQLTXH GDWD VHW FRPELQLQJ

��������� UHYLHZV IRU ������ UHVWDXUDQWV LQ /RV$QJHOHV &RXQW\ IURP<HOSZLWK WKH ����� GDLO\ GHDO

RIIHUV UXQ E\ WKHVH UHVWDXUDQWV RQ WKH WZR ODUJHVW GDLO\ GHDO SURYLGHUV� *URXSRQ DQG /LYLQJ6RFLDO�

, WKHQ GHYHORSHG D IUDPHZRUN RI ILUP EHKDYLRU LQ ZKLFK ILUPV GHFLGH ZKHWKHU WR H[LW� RIIHU D GDLO\

GHDO� RU SURFHHG ZLWKRXW DQ RIIHU ZLWK WKH JRDO RI PD[LPL]LQJ WKH SUHVHQW YDOXH RI DOO IXWXUH FDVK

IORZV�

, ILQG WKDW D GUDPDWLF VSLNH LQ UHYLHZ YROXPH DQG D VLJQLILFDQW GURS LQ YDOHQFH FRQLQFLGH ZLWK

GDLO\ GHDO ODXQFK DQG H[SLUDWLRQ� FRQVLVWHQW ZLWK H[LVWLQJ UHVHDUFK� 'HVSLWH WKHVH GUDPDWLF FRQ�

WHPSRUDQHRXV HIIHFWV� , ILQG QR GHWHFWLEOH� SHUVLVWHQW OLQN EHWZHHQ VXFK SURPRWLRQV DQG SHUFHLYHG

TXDOLW\� :LWK UHJDUG WR WKH ILUP
V GHFLVLRQ� , ILQG WKDW WKHVH RIIHUV WHQG WR EH H[WHQGHG E\ QHZ PHU�

FKDQWV� DQG , ILQG QR VLJQLILFLDQW GLIIHUHQFH LQ TXDOLW\ EHWZHHQ SDUWLSDWLQJ DQG QRQ�SDUWLFLSDWLQJ

UHVWDXUDQWV� )URP WKH UHVWDXUDQW
V SHUVSHFWLYH� WKHVH GHDOV DSSHDU WR EH YLHZHG DV DGYHUWLVLQJ� DQG

DUH IDYRUHG E\ WKRVH ZKR VWDQG WR EHQHILW GLVSURSRUWLRQDWHO\ IURP WKH LQFUHDVHG DZDUHQHVV DQG

WULDO� )LQDOO\� , ILQG WKDW FXUUHQWO\ DFWLYH RIIHUV GUDPDWLFDOO\ LQFUHDVH WKH SUREDELOLW\ RI D QHZ RI�

IHU� VXSSRUWLQJ WKH K\SRWKHVLV WKDW ILUPV SDUWLFLSDWLQJ LQ GDLO\ GHDO RIIHUV UXQ WKH ULVN RI EHFRPLQJ

GHSHQGHQW XSRQ WKHP�

'HVSLWH WKH LQWHUHVW RI WKHVH ILQGLQJV� WKHUH UHPDLQ VHYHUDO DYHQXHV IRU IXWXUH UHVHDUFK� )LUVW�

P\ DSSURDFK DVVXPHV KRPRJHQHLW\ LQ ERWK WKH ILUP
V GHFLVLRQ IXQFWLRQ DQG WKH HYROXWLRQ RI WKH

VWDWH YDULDEOHV� )XWXUH UHVHDUFKHUV PD\ ZDQW WR UHOD[ WKLV DVVXPSWLRQ� LQ OLQH ZLWK $UFLGLDFRQR DQG

0LOOHU ����� 6HFRQG� , GR QRW DFFRXQW IRU SRWHQWLDO VWUDWHJLF LQWHUDFWLRQV EHWZHHQ ILUPV� *LYHQ WKH

ILQGLQJV LQ FKDSWHU �� LW PD\ EH ZRUWKZKLOH WR H[WHQG WKH G\QDPLF GHPDQG PRGHO SUHVHQWHG KHUH WR

D G\QDPLF JDPH� 7KLUG� , DVVXPH WKDW WKH YDOXH IXQFWLRQ LV FRQVWDQW RYHU WLPH� SUHFOXGLQJ OHDUQLQJ

RQ WKH SDUW RI ILUPV� %HFDXVH GDLO\ GHDOV ZHUH D UHODWLYHO\ QHZ SKHQRPHQRQ DW WKH WLPH RI P\ GDWD�

D PRGHO DOORZLQJ IRU OHDUQLQJ RQ WKH PHUFKDQW
V SDUW PD\ RIIHU DGGLWLRQDO LQVLJKW� )LQDOO\� , GR QRW

GLUHFWO\ REVHUYH SURILWV� UHYHQXHV� RU FRVWV� IRUFLQJ D PRUH GHVFULSWLYH DSSURDFK DQG SUHFOXGLQJ DQ
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HDVLO\ LQWHUSUHWWHG GLVFRXQW IDFWRU� *LYHQ VXFK GDWD� LW ZRXOG EH LQWHUHVWLQJ WR H[SORUH WKH H[WHQW WR

ZKLFK VPDOO EXVLQHVV DUH EHKDYLQJ P\RSLFDOO\ ZKHQ H[WHQGLQJ GDLO\ GHDO RIIHUV�
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&DWHJRU\ (IIHFWV ,QFOXGHG
7LPH 7UHQG ,QFOXGHG
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Offer Growth Over Time
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Probability of Restaurant Closure by Category
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Probability of Restaurant Closure by Age
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Distribution of Fitted Past Average Rating Values

Fitted Values
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���� 5HIHUHQFHV

$PD]RQ�FRP ������� ���� $PD]RQ�FRP$QQXDO 5HSRUW� (G� E\ (UQVW	<RXQJ� KWWS���SK[�FRUSRUDWH�
LU�QHW�SKRHQL[�]KWPO"F �����	S LURO�UHSRUWVDQQXDO� 6HDWWOH� :$�

$QGHUVRQ� 0LFKDHO DQG -HUHP\ 0DJUXGHU ������� CC/HDUQLQJ IURP WKH &URZG� 5HJUHVVLRQ 'LVFRQ�
WLQXLW\ (VWLPDWHV RI WKH (IIHFWV RI DQ 2QOLQH 5HYLHZ 'DWDEDVH

� 7KH (FRQRPLF -RXUQDO ���
������ ���±����

$UFLGLDFRQR� 3HWHU DQG 3DXO %� (OOLFNVRQ ������� CC3UDFWLFDO 0HWKRGV IRU (VWLPDWLRQ RI '\QDPLF
'LVFUHWH &KRLFH 0RGHOV

� $QQXDO 5HYLHZ RI (FRQRPLFV � ���� ���±����

$UFLGLDFRQR� 3HWHU DQG 5REHUW $� 0LOOHU ������� CC&RQGLWLRQDO &KRLFH 3UREDELOLW\ (VWLPDWLRQ RI
'\QDPLF'LVFUHWH &KRLFH0RGHOV:LWK8QREVHUYHG+HWHURJHQHLW\

�(FRQRPHWULFD �� ���� ����±
�����

%DMDUL� 3DWULFN� +DQ +RQJ� -RKQ .UDLQHU� DQG 'HQLV 1HNLSHORY ������� CC(VWLPDWLQJ 6WDWLF 0RGHOV
RI 6WUDWHJLF ,QWHUDFWLRQV

� -RXUQDO RI %XVLQHVV 	 (FRQRPLF 6WDWLVWLFV �� ���� ���±����

%ODWWEHUJ� 5REHUW &�� 5LFKDUG %ULHVFK� DQG (GZDUG -� )R[ ������� CC+RZ 3URPRWLRQV :RUN

�0DU�
NHWLQJ 6FLHQFH �� ���� ���±����

%\HUV� -RKQ :�� 0LFKDHO 0LW]HQPDFKHU� DQG *HRUJLRV =HUYDV �����D�� CC'DLO\ 'HDOV� 3UHGLFWLRQ�
6RFLDO 'LIIXVLRQ� DQG 5HSXWDWLRQDO 5DPLILFDWLRQV

� ,Q� 3URFHHGLQJV RI WKH )LIWK $&0 ,QWHUQD�
WLRQDO &RQIHUHQFH RQ :HE 6HDUFK DQG 'DWD 0LQLQJ� :6'0 
��� 6HDWWOH� :DVKLQJWRQ� 86$�
$&0� SS� ���±����

² �����E�� CC7KH *URXSRQ (IIHFW RQ <HOS 5DWLQJV� $ 5RRW &DXVH $QDO\VLV

� ,Q� 3URFHHGLQJV RI
WKH ��WK $&0 &RQIHUHQFH RQ (OHFWURQLF &RPPHUFH� (& 
��� 9DOHQFLD� 6SDLQ� $&0� SS� ���±
����

&DOGZHOO� 'HERUDK ������� $UH 6PDOO %XVLQHVVHV 3XQLVKLQJ *URXSRQ"&1%&� 85/�
�

&KHYDOLHU� -XGLWK $ DQG 'LQD 0D\]OLQ ������� CC7KH (IIHFW RI :RUG RI 0RXWK RQ 6DOHV� 2QOLQH
%RRN 5HYLHZV

� -RXUQDO RI 0DUNHWLQJ 5HVHDUFK �� ���� ���±����

'HOODURFDV� &KU\VDQWKRV� ;LDRTXDQ �0LFKDHO� =KDQJ� DQG 1HYHHQ )� $ZDG ������� CC([SORULQJ WKH
YDOXH RI RQOLQH SURGXFW UHYLHZV LQ IRUHFDVWLQJ VDOHV� 7KH FDVH RI PRWLRQ SLFWXUHV

� -RXUQDO RI
,QWHUDFWLYH 0DUNHWLQJ �� ���� ��±���

'KRODNLD� 8WSDO0� �������+RZ%XVLQHVVHV )DUHZLWK'DLO\'HDOV� $0XOWL�6LWH $QDO\VLV RI *URXSRQ�
/LYLQJVRFLDO� 2SHQWDEOH� 7UDYHO]RR� DQG %X\:LWK0H 3URPRWLRQV� :RUNLQJ 3DSHU� +RXVWRQ� 7;�
5LFH 8QLYHUVLW\ � -HVVH +� -RQHV *UDGXDWH 6FKRRO RI %XVLQHVV�
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'KRODNLD� 8WSDO 0� ������� +RZ %XVLQHVVHV )DUH ZLWK 'DLO\ 'HDOV DV 7KH\ *DLQ ([SHULHQFH� $
0XOWL�7LPH 3HULRG 6WXG\ RI 'DLO\ 'HDO 3HUIRUPDQFH� :RUNLQJ 3DSHU� +RXVWRQ� 7;� 5LFH 8QL�
YHUVLW\ � -HVVH +� -RQHV *UDGXDWH 6FKRRO RI %XVLQHVV�

(OOLFNVRQ� 3DXO %� DQG 6DQMRJ 0LVUD ������� CC(QULFKLQJ LQWHUDFWLRQV� ,QFRUSRUDWLQJ RXWFRPH GDWD
LQWR VWDWLF GLVFUHWH JDPHV

� 4XDQWLWDWLYH 0DUNHWLQJ DQG (FRQRPLFV �� ���� �±���

(OOLFNVRQ� 3DXO %� 6DQMRJ 0LVUD� DQG +DULNHVK 6 1DLU ������� CC5HSRVLWLRQLQJ '\QDPLFV DQG 3ULF�
LQJ 6WUDWHJ\

� -RXUQDO RI 0DUNHWLQJ 5HVHDUFK �� ���� ���±����

(UGHP� 7�OLQ� 0LFKDHO 3� .HDQH� DQG %DRKRQJ 6XQ ������� CC$ '\QDPLF 0RGHO RI %UDQG &KRLFH
:KHQ 3ULFH DQG $GYHUWLVLQJ 6LJQDO 3URGXFW 4XDOLW\

�0DUNHWLQJ 6FLHQFH �� ���� ����±�����

)ULHGPDQ� &DUH\ 0� ������� 7KH 5LE 0DQ
V 5HVSRQVH 7R *URXSRQ %DVKLQJ� $2/ ,QF� 85/�
�

*HOOHV� -HII ������� *URXSRQ RIIHU GDPDJHV 0W� $LU\ PDUNHW� EXW ,QWHUQHW KHOSV EULQJ LW EDFN� 7KH
,QTXLUHU� 85/�

�

*URXSRQ ������� ���� *URXSRQ $QQXDO 5HSRUW� (G� E\ (UQVW 	 <RXQJ� &KLFDJR� ,/�

*XSWD� 6XQLO� 5D\ :HDYHU� DQG 'KDUPLVKWD 5RRG ������� *URXSRQ� +DUYDUG %XVLQHVV 6FKRRO &DVH
��������

+HLQH� &KULVWRSKHU ������� ,W
V $GDSW�RU�'LH 7LPH IRU 'DLO\ 'HDOV )LUPV� $GZHHN� 85/�

�

+RW]� 9� -RVHSK DQG 5REHUW $� 0LOOHU ������� CC&RQGLWLRQDO &KRLFH 3UREDELOLWLHV DQG WKH (VWLPDWLRQ
RI '\QDPLF 0RGHOV

� 7KH 5HYLHZ RI (FRQRPLF 6WXGLHV �� ���� ���±����

.DO\DQDUDP� *XUXPXUWK\ DQG 5XVVHOO 6� :LQHU ������� CC(PSLULFDO *HQHUDOL]DWLRQV IURP 5HIHU�
HQFH 3ULFH 5HVHDUFK

� 0DUNHWLQJ 6FLHQFH �� ���� ���±����

.DXO� $QLO DQG 'LFN 5� :LWWLQN ������� CC(PSLULFDO *HQHUDOL]DWLRQV $ERXW WKH ,PSDFW RI $GYHUWLV�
LQJ RQ 3ULFH 6HQVLWLYLW\ DQG 3ULFH

� 0DUNHWLQJ 6FLHQFH �� ���� ���±����

.HDQH� 0LFKDHO 3� DQG .HQQHWK ,� :ROSLQ ������� CC7KH 6ROXWLRQ DQG (VWLPDWLRQ RI 'LVFUHWH &KRLFH
'\QDPLF 3URJUDPPLQJ 0RGHOV E\ 6LPXODWLRQ DQG ,QWHUSRODWLRQ� 0RQWH &DUOR (YLGHQFH

� 7KH
5HYLHZ RI (FRQRPLFV DQG 6WDWLVWLFV �� ���� ���±����

.XUW]OHEHQ� 'DQLHOOH ������� &RXOG *URXSRQ 6LQN <RXU %XVLQHVV"861HZV 	:RUOG 5HSRUW� 85/�

�

/DQFHOORWWL�<RXQJ� &DVVLH ������� *URXSRQ� 7KH 7XFN 6FKRRO RI %XVLQHVV DW 'DUWPRXWK� 85/�
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/LX� <RQJ ������� CC:RUG RI 0RXWK IRU 0RYLHV� ,WV '\QDPLFV DQG ,PSDFW RQ %R[ 2IILFH 5HYHQXH

�
-RXUQDO RI 0DUNHWLQJ �� ���� ��±���

/X� ;LDQJKXD� 6XOLQ %D� /LKXD +XDQJ� DQG <XH )HQJ ������� CC3URPRWLRQDO 0DUNHWLQJ RU :RUG�
RI�0RXWK" (YLGHQFH IURP 2QOLQH 5HVWDXUDQW 5HYLHZV

� ,QIRUPDWLRQ 6\VWHPV 5HVHDUFK �� ����
���±����

/XFD� 0LFKDHO ������� 5HYLHZV� 5HSXWDWLRQ� DQG 5HYHQXH� 7KH &DVH RI <HOS�FRP� +DUYDUG %XVLQHVV
6FKRRO :RUNLQJ 3DSHUV ������� +DUYDUG %XVLQHVV 6FKRRO�

0HOD� &DUO )�� 6XQLO *XSWD� DQG 'RQDOG 5� /HKPDQQ ������� CC7KH /RQJ�7HUP ,PSDFW RI 3URPRWLRQ
DQG $GYHUWLVLQJ RQ &RQVXPHU %UDQG &KRLFH

� -RXUQDO RI 0DUNHWLQJ 5HVHDUFK �� ���� ���±����

1%&1HZV�FRP ������� ������� &XSFDNHV� 6PDOO EDNHU\ EXUQHG E\ *URXSRQ� PVQ� 85/�

�

1LMV� 9LQFHQW 5��0DUQLN*�'HNLPSH� -DQ�%HQHGLFW (�0� 6WHHQNDPSV� DQG'RPLQLTXH0�+DQVVHQV
������� CC7KH &DWHJRU\�'HPDQG (IIHFWV RI 3ULFH 3URPRWLRQV

�0DUNHWLQJ 6FLHQFH �� ���� �±���

3DFKHFR� (LOHHQ DQG 5REHUW 8GRZLW] ������� %,$�.HOVH\ )RUHFDVWV 8�6� &RQVXPHU 6SHQGLQJ RQ
2QOLQH'HDOV WR 5HDFK ����% LQ ����� KWWS���ZZZ�ELDNHOVH\�FRP�&RPSDQ\�3UHVV�5HOHDVHV��������
8�6��&RQVXPHU�6SHQGLQJ�RQ�2QOLQH�'HDOV�WR�5HDFK�����%�LQ������DVS�

3DUVD� +*� -RKQ 7 6HOI� 'DYLG 1MLWH� DQG 7LIIDQ\ .LQJ ������� CC:K\ UHVWDXUDQWV IDLO

� &RUQHOO
+RWHO DQG 5HVWDXUDQW $GPLQLVWUDWLRQ 4XDUWHUO\ �� ���� ���±����

3DXZHOV� .RHQ ������� CC+RZ '\QDPLF &RQVXPHU 5HVSRQVH� &RPSHWLWRU 5HVSRQVH� &RPSDQ\
6XSSRUW� DQG &RPSDQ\ ,QHUWLD 6KDSH /RQJ�7HUP0DUNHWLQJ (IIHFWLYHQHVV

�0DUNHWLQJ 6FLHQFH
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3HSLWRQH� -XOLDQQH ������� 3UREOHPV DW *URXSRQ� /LYLQJ6RFLDO PDNH GDLO\ GHDOV PDUNHW ORRN EOHDN�
&110RQH\� 85/�
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6RQJ� 0LQMDH� (XQKR 3DUN� %\XQJMRRQ <RR� DQG 6HRQJPLQ -HRQ ������� ,V WKH GDLO\ GHDO VRFLDO
VKRSSLQJ"� $Q HPSLULFDO DQDO\VLV RI SXUFKDVH DQG UHGHPSWLRQ WLPH RI GDLO\�GHDO FRXSRQV�
:RUNLQJ 3DSHU� 6LPRQ %XVLQHVV 6FKRRO � 8QLYHUVLW\ RI 5RFKHVWHU�

7UDLQ� .HQQHWK ������� 'LVFUHWH FKRLFH PHWKRGV ZLWK VLPXODWLRQ� &DPEULGJH XQLYHUVLW\ SUHVV�

9DNUDWVDV� 'HPHWULRV DQG 7LP $PEOHU ������� CC+RZ $GYHUWLVLQJ :RUNV� :KDW 'R :H 5HDOO\
.QRZ"�
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<DURZ� -D\ ������� 7KH 3UREOHP :LWK 7U\LQJ 7R )LJXUH 2XW +RZ 2IWHQ %XVLQHVVHV 5XQ 0RUH 7KDQ
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�
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