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Ecommerce retailers are increasingly faced with challenges of finding ways to

provide a seamless shopping experience to customers. In the first chapter of this

dissertation, we focus on the checkout process and study the impact of adopting

one-click buying, a feature that reduces the number of steps required to place a

purchase order to a single click, on subsequent customer behavior. Using quasi-

experimental data over a period of 35 months from an online retailer before and

after the launch of one-click buying, we find adopting one-click buying is ef-

fective in lifting customer purchases and does so by making treated customers

purchase more often as well as more items. The impact of adopting one-click

buying on customer purchases post adoption is economically significant, per-

sistent over time, and heterogeneous across customers. Analyzing clickstream

data of customer activity online and purchases across product categories, we

provide evidence that the increase in purchases is driven by richer engagement

through both more visits to the website and more page views upon visit as well

as the expansion of purchases across categories. We discuss the implications of

our findings for customer experience and targeting.

In the second chapter, we study the impact of online product sampling on

customer behavior. Online product sampling offers customers the try-before-

you-buy experience to overcome the shortcomings of information loss they ex-

perience when purchasing physical experience products such as food, bever-

ages, and apparel in ecommerce. Using quasi-experimental data over a pe-



riod of 13 months from a retailer before and after the launch of online prod-

uct sampling, we find online product sampling is effective in lifting customer

purchases and does so by making treated customers purchase more items per

order. We find the impact of online product sampling on purchases post treat-

ment is economically significant, persistent over time, and heterogeneous across

customers. Furthermore, we find the impact spills over positively to brand de-

mand and expands to both online and offline channels. We provide evidence

that product sampling generates positive affect among treated consumers.

In the third chapter, we study the impact of a policy change by Facebook, a

major social media platform, on user behavior. Platform algorithms play an im-

portant role in the digital economy. They serve as gatekeepers in social media

platforms because they determine visibility, sharing and flow of information.

They also affect both intermediaries who publish content to generate traffics to

their websites and users who engage to consume and share content on the plat-

forms. Using data from a series of experiments conducted at a publisher’s web-

site over a period of 121 weeks before and after the policy change by Facebook

on its algorithm, which aimed to improve user engagement, we find the policy

change significantly affected user behavior. In particular, after the change went

into effect, user engagement decreased significantly insofar as users made sig-

nificantly fewer clicks on the publisher’s website. Using Google search volume

data, we provide evidence on the selection mechanism on users through which

the policy change by Facebook affected users. We discuss the implications of

our findings for platforms, intermediaries and users.
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CHAPTER 1

FEWER CLICKS, MORE PURCHASES

Since 1997, Amazon has been using its 1-Click ordering technology, which

allows customers to purchase online in a single step. The hallmark of the fea-

ture is that it removes the most salient friction customers face in the checkout

process. Specifically, it allows customers to place orders in a single step without

having to re-enter billing, payment, or shipping information at each purchase.

Furthermore, it gives customers the option to place orders without adding items

to a shopping cart. It has been speculated that this feature alone increased Ama-

zon’s sales significantly and the patent was estimated to be valued at $2.4 billion

annually (Digiday 2017; Rejoiner 2017).

Amazon’s U.S. patent for 1-Click expired in September 2017. Online retailers

and platforms have gained the opportunity to incorporate the technology into

their businesses without being forced to pay license fees. Indeed, several firms

have responded to this opportunity. Magento, for example, adopted one-click

buying under “Instant Purchase” and began offering it to its retail clients start-

ing in December 2017 (Magento 2017). More recently, one-click ordering has

also made inroads into social media platforms such as Instagram.

Despite its growing importance, several aspects of one-click buying continue

to remain a source of debate for ecommerce companies in deciding whether to

incorporate this feature into their online stores. Apart from anecdotal estimates,

the economic value of offering shoppers the option to order online in a single

step is a secret known only by Amazon (Wagner and Jeitschko 2017). To date,

no research has examined how adopting one-click buying affects customer be-

havior. Other related questions also remain unanswered and merit an empirical
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investigation. For example, if adopting one-click buying causes changes in pur-

chase amount, does it also cause shifts in other critical metrics, such as number

of orders placed and number of items purchased? Is the impact persistent over

time? Finally, what type of customers change their behavior most upon adopt-

ing the feature?

Beyond establishing the effect of adopting one-click buying on subsequent

customer behavior, it is important to understand the underlying mechanisms

behind it for several reasons. First, several competing processes could drive

customer behavior after adopting one-click buying, which could cause the over-

all impact to become positive, neutral or negative. For example, the increased

convenience through adopting the feature could lead to channel-switching be-

havior whereby customers would move most of their purchases to online from

offline (e.g. Forman, Ghose, and Goldfarb 2009; K. Wang and Goldfarb 2017).

Ultimately, this could result in the net impact on purchases to increase, decrease

or remain the same. What is more, the ease of placing orders in a single step

could lead to higher rates of impulse buying online after adopting one-click

buying (e.g. Hui et al. 2013). Higher impulse buying could be accompanied

by higher return rates (e.g. Ridgway, Kukar-Kinney, and Monroe 2008), which

could have a net negative effect on revenue. Finally, eliminating frictions could

lead to a better shopping experience online, which could ultimately increase

customers’ engagement with the retailer and result in net positive effect on rev-

enue (e.g. Dutta, Jarvenpaa, and Tomak 2003; Parboteeah, Valacich, and Wells

2009). As such, answering which of these potential mechanisms plays a major

role in explaining the effect of adopting one-click buying on customer behavior

is critical.
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The objective of this paper is to seek answers to the above questions. Pro-

viding answers to these questions is important because it would generate in-

sights that can guide ecommerce companies in their decisions about introduc-

ing one-click buying at their online stores. We address these questions in close

collaboration with a retailer in Asia that introduced one-click buying on its

website in January 2017.1 Using quasi-experimental data over a period of 35

months before and after the launch of one-click buying, we apply a two-step

identification strategy that combines rolling entry matching (e.g. Witman et al.

2019; Bell, Gallino, and Moreno 2020) with an econometric analysis and esti-

mate the average treatment effect of adopting one-click buying. Furthermore,

we obtain individual-level treatment-effect estimates by applying generalized

random forests (Athey, Tibshirani, and Wager 2019) and study the heterogene-

ity of the effects in a data-driven and non-parametric way.

We find adopting one-click buying is effective in lifting customer purchases.

The effect on customer purchases is not only economically significant but also

persistent over time. On average, customers who adopted one-click buying in-

creased their purchase amount by $86 after 15 months of adoption, compared to

a group of control customers. This corresponds to an increase of $5.7 per month.

Considering that the average purchase amount per month was about $20 prior

to adoption, the effect is equivalent to a 28.5% increase in monthly purchases.

Furthermore, we find that adopting the feature increased purchase amount by

making treated customers purchase more often and more items. Our findings

are robust to potential confounding effects of self-selection and unobservables,

different treated and control groups, and different outcomes of purchase behav-

1Because Amazon’s patent for the 1-click checkout technology was only applicable in the
US, our partner firm in Asia was free to introduce the feature on its online channel without any
restrictions.
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ior.

We also find substantial variation in the treatment effect across customers.

Specifically, the magnitude of the increase in purchase amount, 15 months after

adoption, ranges from $29 to $158 post treatment. Adopting one-click buying

had a limited impact on high-value customers (based on past purchase patterns)

but had a larger impact on customers who previously purchased less and vis-

ited the online store less often. Moreover, we find customers who adopted the

feature within five months of its inception were more responsive to it than those

who adopted it afterwards, and the impact was larger on older people.

To uncover the potential mechanisms that might explain our findings, we

leverage a variety of data including offline purchases, product returns, customer

activity online, and purchases across product categories. Using these rich data

and drawing upon the literature on consumer behavior and digital marketing,

we explore channel switching, impulse buying, and customer engagement as

possible explanations. We find no evidence for channel substitution and im-

pulse buying.

We propose that introducing one-click ordering provides an opportunity for

the online retailer to improve customer engagement, which leads to changes

in purchase behavior once customers adopt it. We provide evidence consis-

tent with this explanation based on analyzing customer activity online and pur-

chases across product categories. Specifically, after 15 months of adopting the

feature, compared to the control group, treated customers visited the website

significantly more often, viewed more pages and spent more time upon visit,

and deepened their relationship with the firm by expanding their purchases

across categories. Jointly, our findings suggest that the improvement in the
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checkout process through one-click buying offers customers an enhanced cus-

tomer experience, which increases their engagement at the ecommerce website

and thereby leads to more purchases after adoption.

In the next section we position our paper with respect to extant studies in

the literature. In §1.2 we describe our research setting and data. In §1.3 we

discuss our empirical methodology. We present our findings and discuss pos-

sible explanations for the effect in §1.4 and §1.5, respectively. We offer several

robustness checks in §1.6 and conclude in §1.7.

1.1 Literature Review

Our paper is related to several streams of research. Broadly, our study fits into

the literature of the impact of technology on consumer behavior and the long-

tail literature. Previous research has demonstrated that with the expansion of

the Internet, applications of the latest technology can reshape the retail land-

scape and impact consumer behavior in various ways.

Studies have shown that IT-enabled features and decision aids can signif-

icantly influence purchase decision making and satisfaction (e.g., Häubl and

Trifts 2000). Moreover, it has been documented that certain features in the on-

line store can urge consumers to make specific type of purchases, such as im-

pulse purchases (e.g., Parboteeah, Valacich, and Wells 2009). De, Hu, and Rah-

man (2010) demonstrate how consumers’ usage of technological features such

as search and recommendations tools influence consumer behavior and thereby

affect online sales. In their seminal paper, Brynjolfsson, Hu, and Simester (2011)

report that consumers’ usage of IT-enabled features lead to larger percentage
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of sales from niche products, providing evidence for the long-tail phenomenon

in ecommerce. More recently, studies have demonstrated how shopping be-

havior changes with the technological device being used (e.g., R. J.-H. Wang,

Malthouse, and Krishnamurthi 2015; Xu et al. 2016; Narang and Shankar 2019)

and how introducing artificial intelligence-enabled tools and services can trans-

form consumer behavior in ecommerce (e.g., Gallino and Moreno 2018; Shankar

2018). We add to this growing literature by studying how the one-click checkout

technology affects subsequent customer behavior in ecommerce.

Our study also complements and extends the literature on customer expe-

rience (e.g., Peter C Verhoef et al. 2009; Lemon and Peter C Verhoef 2016). Re-

search on customer experience can be grouped into two streams. In one stream

studies have shown how introducing new marketing strategies and business

services can improve the customer experience and thereby influence customer

behavior in ecommerce. One such service is the try-before-you-buy experience

in the form of free shipping and returns, which has been shown to increase on-

line sales (e.g., Bower and Maxham III 2012) as well as the sales of high-risk

products and overall return rates (e.g., Shehu, Papies, and Neslin 2020). Relat-

edly, Bell, Gallino, and Moreno (2020) report that visiting an apparel retailer’s

experience-centric offline store, enhances the customer experience and leads to

increase in customer spending as well as shopping velocity but decreases the

likelihood of returns.

In another stream, studies have shown the impact of technological features

on customer experience. Research in this domain has reported how online fea-

tures, such as decision aids and personalized shopping lists, improve customer

experience and thereby lead to increased satisfaction and loyalty to the focal
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retailer (e.g., Palmer 2002; Shi and Zhang 2014). One-click buying, as an online

feature, arguably has the potential to enhance the customer experience. As such,

we contribute to this body of the customer experience literature by studying the

causal effect of adopting one-click buying on customer behavior in ecommerce.

Furthermore, our research attempts to uncover the potential mechanisms of the

effect, which the previous literature has not considered.

Additionally, we contribute to a growing literature on the effects of var-

ious marketing interventions on customer behavior using data from quasi-

experiments (e.g., Manchanda, Packard, and Pattabhiramaiah 2015; Datta,

Knox, and Bronnenberg 2017; Narang and Shankar 2019; Bell, Gallino, and

Moreno 2020; Iyengar, Park, and Yu 2022). As identification is especially chal-

lenging in settings where the decision to receive the treatment as well as its tim-

ing is self-determined, various econometric approaches have been proposed to

overcome this challenge. For example, Manchanda, Packard, and Pattabhirama-

iah (2015) and Narang and Shankar (2019) assumed a common treatment date

for studying the impact of the launch of an online community and for study-

ing the differences between adopters and non-adopters of a retailer’s mobile

app, respectively. Iyengar, Park, and Yu (2022) also assumed a common treat-

ment date for studying the impact of subscription programs. We contribute to

this area of the literature by presenting an alternative approach for solving the

identification challenge when double-selection is present. Specifically, instead

of assuming a common treatment date, we apply a two-step identification pro-

cedure that combines dynamic matching from the first-stage with an economet-

ric analysis on the matched sample in the second-stage. Recently Bell, Gallino,

and Moreno (2020) followed a similar approach, whereby they applied risk-set

matching in their first-stage.
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Finally, a limited number of papers in this domain of the literature have ex-

amined heterogeneous treatment effects using machine-learning methods (e.g.,

Ascarza 2018; Fong et al. 2019; Simester, Timoshenko, and Zoumpoulis 2020;

Rafieian and Yoganarasimhan 2021; Iyengar, Park, and Yu 2022). Our paper

adds to this stream of research by offering an application that combines ma-

chine learning methods with a two-step identification approach to a marketing

related problem.

1.2 Research Setting and Data

We obtained the data for our empirical analysis from a retailer in Asia that

prefers to remain anonymous. The retailer we collaborated with specializes in

certain product categories, such as clothing, personal care products, and shoes,

and sells a wide range of consumer goods at both brick-and-mortar and online

channels. The retailer launched a single-step checkout technology, which we

refer to as one-click buying, on its online store in January 2017.2. The introduc-

tion of one-click buying was communicated to online customers through mass

emails and on the website, and no specific targeting was involved.

The one-click buying feature in our study is the same 1-Click feature that

Amazon employs on its website. After joining one-click buying, customers have

the option to order products in a single step. Before the launch of one-click buy-

ing, checking out at the online store consisted of several steps. Shoppers first

had to place items into shopping carts and then had to verify their shipping

and billing information separately. Before submitting their order, they also had

2To the best of our knowledge, our partner firm was the only business in its category that
offered one-click buying at its online store during our study period.
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to review and confirm it. One-click buying streamlined this process by bring-

ing down the number of steps required to place an order to one. Importantly,

the retailer did not alter the configuration since the feature was introduced and

maintained it throughout our data period.

Our data span a period of 35 months, starting from January 2016 to Novem-

ber 2018. It includes a random sample of 977 customers who registered for one-

click buying between January 2017 and September 2017 on a voluntary basis

without any economic incentives.3 These 977 customers maintained their reg-

istration throughout the data period and constitute the treatment group in our

analysis. For the purpose of comparison, we also obtained a random sample

of 17,229 customers who had yet to join the feature as of November 2018. The

retailer did not target treated customers with different promotions and commu-

nications throughout the data period.

The data consist of three parts: transaction data of customer purchase

and return behavior, clickstream data of customer activity online, and socio-

demographic data. The transaction data contain detailed information about

each order made by a customer, that is, when a customer purchased a prod-

uct and how much she paid for it. The data also include information on prod-

ucts returned and the categories of products purchased and returned. Using

transaction data, we define a set of outcome measures associated with customer

purchases. Because one-click buying applies to the online channel only, unless

specified otherwise, these measures are based on online purchases and are con-

structed at the customer-month level. Because we are mainly interested in es-

timating the long-term effects, depending on the analysis, we aggregate these

3Because of the non-disclosure agreement we have with the collaborating firm, we are unable
to disclose the total number of customers who registered for one-click buying at the firm during
the data period.
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monthly measures into measures that span multiple months, i.e., 12 and 15

months.

Our primary outcome measure is the amount spent by a customer after

adopting one-click buying.4 We also consider two other measures of customer

purchases, that is, number of orders made (order frequency) and number of

items purchased, because the change in purchase amount through one-click

buying can arise in multiple ways. For example, one-click buying could lift pur-

chase amount due to the increase in order frequency and/or items purchased.

Order frequency and items purchased could also change in opposite directions,

but the overall change in purchase amount might still be positive.

The second type of data we obtained is online clickstream data. They con-

tain detailed individual-level information on each visit to the website and cus-

tomer activity upon visit, that is, when a customer visited the website, and

which pages (and how long) she viewed on the website. Using these micro-

level data, we present a set of measures associated with customer activity on-

line, such as website visits, page views and duration upon visit to explore possi-

ble explanations of our findings. However, this data does not include customer

activity online during the checkout process, which prevents us from studying

the effect of adopting one-click buying on its usage. Finally, our data contain

socio-demographic characteristics of customers, for example, age, gender, and

address, which we utilize to further control for customer heterogeneity.

4All transactions were recorded in the currency of the country in which the headquarters
of the company was located. We converted purchase amount to U.S. dollars using the average
exchange rate over the data period.
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1.3 Empirical Framework

In this section, we first describe our treated and control groups, and then discuss

our descriptive analysis, which we follow by an overview of our identification

strategy. We next discuss our econometric approach for estimating the aver-

age treatment effects and the generalized random forests procedure, which we

employ to estimate the heterogeneity of the treatment effects.

1.3.1 Treated and Control Groups

The launch of one-click buying was an exogenous event that happened on a spe-

cific date, i.e. January 1, 2017. However, customers had the option to register

for the feature at any time post launch. The proportion of adopters over nine

months in 2017 are as follows: Jan.: 15.9%, Feb.: 8.1%, Mar.: 5.8%, Apr.: 8.9%,

May: 10.8%, Jun.: 8.3%, Jul.: 13.0%, Aug.: 11.3%, and Sep.: 17.9%. Because the

time at which a customer was first exposed to one-click buying varies by cus-

tomer, we do not have common pre-treatment and post-treatment periods but

rather define them individually based on the dates treated customers registered

for one-click buying. For example, for customers that adopted one-click buying

in September 2017, the months before that constitute the pre-treatment period

and the time after that is the post-treatment period.

Defining the pre-treatment and post-treatment periods for the control group

is more nuanced and requires more care. The first choice is to use the launch

date, January 1, 2017, and set the pre- and post-treatment periods accordingly.

The downside of this approach is that it causes the control group’s baseline and
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post-treatment periods to not match the baseline and post-treatment periods

of the majority of the treated customers. This is problematic because the two

groups are no longer exposed to the same market conditions and attributing the

changes in customer behavior to the treatment becomes even more challenging.

We overcome this challenge by applying rolling entry matching. Specifi-

cally, for each treated customer, we find a comparison control customer from

the entire pool of 17,299 controls that best matches to the treated at the time

of her treatment. For example, for customers who adopted one-click buying

in September 2017, we find non-adopters with best matching characteristics at

that time. Every control customer’s pre-treatment and post-treatment periods

are then set to her treated counterpart’s pre-treatment and post-treatment peri-

ods. This way we ensure that every matched pair of treated and control have

the same baseline and post-treatment period and there is no imbalance in time

periods between the two groups.

1.3.2 Descriptive Analysis

Before we proceed with rolling entry matching, we perform a descriptive anal-

ysis by performing a within customer analysis over time. Given that our data

tracks customer purchases over a 35 month period, we take monthly purchase

measures at the customer level, Yit, as the unit of observation and include an

indicator variable, Treatmentit, that takes value 1 if month t represents the time

after one-click adoption for customer i and 0 otherwise. We include fixed ef-

fects at the customer level, θi, and to account for any seasonal effects and overall

market trends we also include calendar-month fixed effects, λt. We use ϵit as the
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error term, which we cluster at the customer level. The following two-way fixed

effect (TWFE) model describes our analysis:

Yit = β0 + β1Treatmentit + θi + λt + ϵit, (1.1)

The parameter β1 captures the average difference in monthly purchase out-

comes between treated and non-treated. The results of this analysis are shown

in Table 1.1, and suggest that, within customer, joining one-click buying is as-

sociated with increases in monthly purchases, order frequency and items pur-

chased by $8.312, 0.496, 0.747, respectively.

Table 1.1: Panel Analysis on Online Purchases

Purchase Amount ($) Order Frequency Items Purchased

(1) (2) (3)

Treatment 8.312*** 0.496*** 0.747***

(0.513) (0.014) (0.051)

Month fixed effects Yes Yes Yes

Customer fixed effects Yes Yes Yes

No. of customers 18,206 18,206 18,206

Observations 637,210 637,210 637,210

Notes: ***p < 0.001, **p < 0.01, *p < 0.05. Robust standard errors are clustered at the

customer level and shown in parentheses.
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1.3.3 Identification Strategy

Even though these results suggest a strong impact of joining one-click buying,

they can not be interpreted as causal findings. The primary challenge we face

in identifying the causal impact of adoption is that treatment assignments are

not random and customers self-select into treatment. Self-selection can threaten

identification if time-constant and time-varying observable and unobservable

differences between treated and control groups are correlated with outcome

measures and the treatment indicator at the same time. It is possible that this

correlation exists to some degree in our context, resulting in potential selection

bias. For instance, customers who had more purchases before the launch of one-

click checkout might be more likely to join as they might expect to benefit more

after registering for one-click buying.

Our identification strategy aims to minimize selection bias by accounting

for potential differences between treated and control groups in two steps. In

the first step, we employ rolling entry matching (e.g., Witman et al. 2019; Bell,

Gallino, and Moreno 2020) to achieve balance on time-independent and time-

dependent observable measures between treated and control groups. This pro-

cedure results in a sample of matched pairs, who are indistinguishable along

observable measures. In the second step, we take our sample of matched pairs

and compare each treated customer’s post-adoption purchase measures with

their control counterpart’s measures and obtain treatment effect estimates.

By following this identification strategy, in our main analysis we assume

that there are no constant or time-varying unobservables that can simultane-

ously influence treatment decision and purchase beahvior, which is known in

the causal inference literature as the selection on observables or unconfound-
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edness assumption (Angrist and Pischke 2008). In §1.6.3 we further investigate

the sensitivity of our findings with respect to this assumption by leveraging the

panel structure of our data and employing the TWFE approach on our matched

sample.

1.3.4 Rolling Entry Matching

We now discuss the first step we take towards identifying the treatment ef-

fects of joining one-click buying. The purpose of this step is to address the

time-independent and time-dependent observable differences between the two

groups and thereby obtain a matched sample of pairs that are indistinguishable

along pre-treatment observable measures and characteristics.

Treated customers can adopt one-click buying at different dates in our con-

text. Therefore matched pairs must be formed such that treated and control

customers are similar at the time of treatment. Traditional matching methods

compute the propensity score, defined as a customer’s propensity of adopting

one-click buying, at an instance of time and generate matches statically (e.g.,

Stuart 2010). Instead, we implement rolling entry matching, which allows us to

compute the control groups’ propensity scores and generate matches dynami-

cally over time. Specifically, for the controls, we take each month t as a potential

treatment date and compute their propensity scores at each t separately based

on the covariates prior to month t. For the treated, we use their actual treatment

month t and compute their propensity score once. The algorithm embedded

into rolling entry matching then takes a newly treated customer at time t and

matches her to a control customer who is not yet treated at time t and is closest
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to her with respect to the propensity score.

This framework allows us to incorporate not only time-constant but also

time-varying characteristics into the computation of the propensity score. By

computing the propensity score dynamically at various times, the algorithm

finds best matches with respect to both time-independent and time-varying

characteristics for every treated customer. This way we generate higher quality

matches than traditional algorithms, which create matches statically at a specific

point in time.

We estimate the propensity score using logistic regression with three sets

of covariates. The first set of covariates relates to customer-firm relationship

which would be associated with the adoption of a new technology (e.g., Bolton,

Lemon, and Peter C Verhoef 2004; Prins and Peter C. Verhoef 2007). We use (1)

number of months since having online account (tenure), (2) elapsed time (days)

since last purchase (recency), (3) number of purchases made (frequency), (4)

purchase amount ($) spent (monetary value), (5) number of items purchased

(items), and (6) number of products returned (return) in the 6 month pre-

treatment period, computed on a rolling basis. We also include the sum of online

activity measures, computed in a rolling manner, in the 6 month pre-treatment

period: (7) number of visits to the website (visit), (8) number of pages viewed

(page view), and (9) duration of each visit (duration).

The second set consists of a psychographic measure that reflects customer

preferences or interests that might affect adopting one-click buying (e.g., Baum-

gartner 2002). We operationalize this measure to reflect variety seeking and

repeat (or replenishment) behavior in customer purchases, because customers

might have different interest in one-click buying depending on their purchase
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patterns being variety seeking or repetitive. We employ the Shannon diversity

index (e.g., Shannon 1948; Boone and Hendriks 2009) and compute its rolling

average in the 6 month pre-treatment period to measure the degree of concen-

tration of purchases across product categories: H =
−
∑J

j=1 p jlog(p j)

log(J) , where p j is the

proportion of purchases in month t belonging to category j ∈ J.5 If purchases

are concentrated to one category, the index approaches to 0, whereas it takes the

value of 1 if purchases are equally divided across categories.

The final set of covariates captures the socio-demographics of customers. We

include age, gender, and address for which we use customers’ zip codes and

classify them into five regions by income per capita in 2016. Because customers’

life styles and purchase patterns might differ across regions, these covariates

could help control for other unobserved socio-demographics that might affect

joining one-click buying, for example, education, income, life style, and so on.

Table 2.3 shows the summary statistics of the variables used in rolling entry

matching.

Letting e(x; β) denote the model for the propensity score parameterized by β,

we obtain a sample of matched pairs through the linearized (estimated) propen-

sity score, i.e., log-odds ratio:

l(x; β) = ln
( e(x; β)
1 − e(x; β)

)
.

This transformation linearizes values on the unit interval and can improve es-

timation (Imbens and Rubin 2015). Consider customer i who joined one-click

buying, i.e., received treatment, at time t. We ask the question whether, for this

customer at time t, there is customer i′ in the control group such that the dif-

5Based on conversations with the retail partner, we decided to classify purchases across five
product categories which corresponds the way the ecommerce website was organized and mea-
sured the business performance.
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Table 1.2: Covariate Means & Balance Before and After Matching

Before After

Variable Operationalization T C Diff T C Diff

Tenure Elapsed time (months) since having online account 82.159 56.033 0.543 119.610 106.572 0.086

(53.446) (42.126) (48.948) (50.497)

Recency Elapsed time (days) since last purchase 22.419 8.131 0.900 17.525 18.320 0.042

(21.393) (6.774) (20.230) (17.634)

Frequency Total number of purchase orders 6m. before treatment 4.930 2.148 0.305 5.599 5.323 0.020

(11.695) (5.453) (10.853) (16.581)

Monetary Value Total amount spent ($) 6m. before treatment 116.894 39.896 0.189 119.610 106.572 0.027

(530.673) (223.094) (324.169) (612.824)

Items Total number of items purchased 6m. before treatment 10.502 3.265 0.131 9.924 9.141 0.018

(76.115) (16.928) (41.614) (44.525)

Return Total number of products returned 6m. before treatment 1.160 0.655 0.080 1.315 1.125 0.024

(7.343) (5.153) (7.906) (7.819)

Visit Total number of visits to the website 6m. before treatment 27.111 13.744 0.229 30.504 32.950 0.031

(68.923) (45.345) (69.036) (88.926)

Page View Total number of pages viewed 6m. before treatment 160.921 76.605 0.226 179.546 201.395 0.039

(453.115) (272.151) (456.926) (652.779)

Duration Total duration (min) of website visits 6m. before treatment 186.840 77.178 0.236 208.122 221.703 0.018

(571.813) (321.856) (581.187) (862.322)

Diversity Average of Shannon diversity index 6m. before treatment 0.047 0.021 0.315 0.055 0.054 0.006

(0.100) (0.059) (0.103) (0.141)

Age 36.662 34.780 0.187 36.347 36.006 0.034

(10.644) (9.410) (10.493) (9.641)

Gender 1 if female, 0 if male 0.819 0.941 0.383 0.860 0.867 0.022

(0.385) (0.235) (0.347) (0.340)

Location 1 1 if in Location 1, 0 otherwise 0.428 0.383 0.092 0.414 0.412 0.005

(0.495) (0.486) (0.493) (0.0.492)

Location 2 1 if in Location 2, 0 otherwise 0.242 0.247 0.013 0.246 0.260 0.031

(0.428) (0.431) (0.431) (0.439)

Location 3 1 if in Location 3, 0 otherwise 0.156 0.174 0.005 0.160 0.149 0.031

(0.363) (0.379) (0.367) (0.356)

Location 4 1 if in Location 4, 0 otherwise 0.089 0.096 0.024 0.094 0.091 0.013

(0.285) (0.295) (0.292) (0.287)

Location 5 1 if in Location 5, 0 otherwise 0.086 0.100 0.048 0.086 0.089 0.013

(0.280) (0.300) (0.279) (0.285)

Observations 977 17,229 806 806

Note: Observations are at the customer level, and summary statistics refer to the averages of each covariate in the treated and control groups. Standard errors are

in parentheses. Diff stands for absolute value of standardized difference in means.
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ference (in absolute value) in linearized propensity scores, l(xi; β) − l(xi′; β), is

less than or equal to a threshold u. In our analysis, we perform 1-to-1 matching

without replacement and focus on a threshold of u = 0.05 (Stuart 2010), mean-

ing that the difference in propensity scores is approximately less than 5%. The

matching algorithm achieves a hit rate of 82% and results in 806 unique pairs

that are closest to each other in the propensity scores.

The quality of the matching algorithm can be assessed in a few ways. We

examine whether the distribution of the propensity scores are similar between

the treated and control groups after matching. Figure 1.1 shows the density of

the estimated propensity scores by treatment status, before and after matching

on the propensity scores. Before matching, the densities share overlap but vary

significantly over the range. Matching balances the densities across treatment

status to the extent that no bias seems to remain in the difference of the propen-

sity scores between the groups.

We also assess whether the distribution of the covariates are similar across

the treated and control groups after matching. Following (Austin 2009) and

(Imbens and Rubin 2015), we examine the standardized differences in covariate

means between the treated and control groups. Figure 1.2 presents the abso-

lute value of the standardized differences for each variable used for estimating

the propensity scores. Matching leads to a substantial improvement in balance.

After matching, all of the standardized differences are below 0.1, a degree of

balance comparable to what one might expect in a completely randomized ex-

periment (e.g., Stuart 2010; Imbens and Rubin 2015).
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Figure 1.1: Distribution of the Propensity Score

1.3.5 Econometric Analysis

In the second step of our identification strategy we take the matched sample of

806 pairs, and compare the purchase measures of each treated with those of her

control counterpart. As described earlier, the post-period is individual-specific

and ranges between 15 and 23 months depending on the date a treated cus-

tomer adopted one-click buying. For January 2017 adopters we have 23 months

post-adoption, whereas for September 2017 adopters we only have 15 months

post-adoption. Because we have 15 months of post-period observations for ev-

ery customer, to ease interpretation, we cap the post-period at 15 months and

combine monthly purchase measures after treatment into aggregate measures

of 12 months and 15 months. This way we are able to study whether the effect
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Figure 1.2: Covariate Balance

Note: Absolute values of the standardized mean differences between the treated and con-

trol are shown.

of joining one-click buying extends to more than a year after adopting it. The

following is our econometric model:

Yi j = β0 + β1Treatmenti + Pair j + ϵi j, (1.2)

where Yi j is the purchase measure of customer i belonging to the pair j.

Treatmenti indicates whether customer i belongs to the treatment or control

group and Pair j is a pair fixed effect, and ϵi j is the error term. Notice that in this

analysis we compare treated and non-treated within pairs. Since pairs share the

same pre and post periods, this way we effectively account for time and market
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conditions. We discuss the findings of this analysis in §1.4.1 after we describe

our implementation of generalized random forests.

1.3.6 Generalized Random Forests

We are interested not only in estimating the average treatment effects but also

in examining their heterogeneity. To this end, we employ a recently developed

machine-learning based procedure, called generalized random forests (GRF)

(Athey, Tibshirani, and Wager 2019). The procedure is a nonparametric sta-

tistical estimation method for causal inference in observational studies and pro-

vides a framework to obtain unbiased estimates of average treatment effects

and also to capture heterogeneity in parameters of interest. It is an extension of

the causal forest method (Wager and Athey 2018), which is based on the classic

random forests algorithm used for statistical learning (Breiman 2001).

As a forest-based method for treatment-effect estimation, causal forests ap-

ply the same general training and prediction framework used in building ran-

dom forests, such as resampling, recursive partitioning, and averaging across

many trees. What distinguishes GRF from classic random forests is that the

splitting criteria for growing individual trees are specifically designed to find

partitions where treatment effects most differ. That way, GRF provide a data-

driven procedure for selecting the features that are most important for capturing

heterogeneity in the treatment effects. Compared to conventional model spec-

ifications that rely on interaction terms to capture nonlinear relationships, the

method flexibly accommodates complex interplay in data and estimates the pa-

rameters of interest without making assumptions on the functional form.
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Built on the same general framework as causal forests, GRF critically rely

on sample splitting, which is referred to as the honesty condition, and uses dif-

ferent subsamples of the data for growing trees and making predictions at the

leaves of the trees. However, the method has an important additional feature

that is designed to improve the performance of causal forests. Specifically, in-

stead of obtaining treatment-effect estimates at the tree level for each test exam-

ple, it creates a list of neighboring training examples and records the frequency

by which the test example and each training example share the same leaf in

the trees built during training. Based on this information, it assigns (similarity)

weights to each neighboring training example and together with their treatment

status and outcomes uses them to make predictions for the test example.

A common concern in all supervised machine-learning applications, includ-

ing causal forests is over-fitting. To prevent over-fitting, we conduct hyper-

parameter optimization using cross-validation and perform out-of-bag predic-

tions, meaning for each example, all the trees that did not use this example dur-

ing training are identified (the example was out-of-bag) and prediction for that

example is made using only these trees. For details about GRF, we refer readers

to Athey and Wager (2019) and next discuss how we apply it in our context.

We apply the GRF procedure to the aggregated purchase measures described

previously. The identifying assumption is the same as in our main analysis,

namely the unconfoundedness assumption, but instead of running regressions

we apply a non-parametric forest-based procedure to estimate individual treat-

ment effects.

In addition to obtaining individual treatment-effect estimates, another bene-

fit of applying GRF is that the average treatment effects obtained via GRF offer a
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robustness check for our main estimates. Because our main econometric model

is a linear and additive model, the estimates can be susceptible to violations

of this functional form (e.g., Keele 2015). GRF, on the other hand, is a non-

parametric procedure that does not rely on any functional form, thus serves as

a useful robustness test.

To improve the performance of the causal forest, the developers of the algo-

rithm recommend not to include every available covariate and instead to let the

forest search among covariates that are expected to cause heterogeneity in the

effect. We follow this recommendation and include a subset of the covariates

used in estimating the propensity scores for the heterogeneity analysis. We in-

clude tenure, recency, frequency, monetary value, and website visits from the

customer-firm relationship set. We also include the diversity index as well as

age and gender. Finally, we include the variable entry by dividing the treated

into two groups based on their treatment date which allows us to explore how

the effect varies by the adoption time of the treated. As half of the treated joined

between January and May 2017, we divide the treated into two groups: early

adopters that joined in the first five months of 2017 and late adopters that joined

between June and September 2017.

1.4 Findings

In this section, we first report our findings for the average treatment effects

(ATE) and next discuss the heterogeneity of the effects.
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1.4.1 Average Treatment Effects

We report our findings by time period from estimating Equation 1.2 in Table

1.3. Panel A and B show our findings based on 12 months and 15 months post-

adoption, respectively. Because our primary interest is to identify the effect

of adopting one-click buying for the long term, we discuss the ATE of adop-

tion over 15 months post adoption. Column 1 shows that, treated customers,

compared with their matched controls, spent an average of $86 more in the 15

months following their adoption of one-click buying. More granularly, this cor-

responds to an increase of $5.7 per month. Considering that the average pur-

chase amount per month was about $20 prior to adoption, the effect is equiva-

lent to a 28.5% increase in monthly purchases.

The increase in purchase amount could be driven by the increase in order

frequency and/or items purchased. Columns 2 and 3 in Table 1.3 show that

treated customers, compared with their matched controls, also placed an aver-

age of 6 more orders and purchased an average of 9 more items in the 15 month

post-treatment period. On a monthly basis these effects correspond to 0.4 and

0.6 additional orders and items, respectively. Moreover, compared with the pre-

treatment monthly values, 0.93 and 1.65, respectively, the effects correspond to

43% and 36% increases in orders placed and items purchased, respectively.

Taken together, our findings of the ATE provide evidence that one-click buy-

ing is effective in lifting customer purchases and does so by making treated

customers purchase more often as well as more items. The effect on customer

purchases is economically significant and persists over 15 months in the post-

treatment period.
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Table 1.3: ATE on Online Purchases

Purchase Amount ($) Order Frequency Items Purchased

(1) (2) (3)

Panel A. 12 months

Treatment 62.851* 4.660*** 7.315*

(29.681) (1.053) (3.003)

Pair fixed effects Yes Yes Yes

Observations 1,612 1,612 1,612

Panel B. 15 months

Treatment 86.259** 5.978*** 9.146**

(31.922) (1.197) (3.282)

Pair fixed effects Yes Yes Yes

Observations 1,612 1,612 1,612

Notes: ***p < 0.001, **p < 0.01, *p < 0.05. Robust standard errors are shown in parentheses.

1.4.2 Heterogeneous Treatment Effects

Using the estimates of the personalized treatment effects obtained through the

GRF procedure described in §1.3.6, we next focus on the heterogeneity of the

long-term treatment effects.6 Importantly, the averages of the individual-level

treatment effects serve as a robustness check for the estimates presented before,

which assume linear and additive treatment effects (e.g., Keele 2015). Table

1.4 reports the ATE as well as their heterogeneity. The ATE are similar to our

6Treatment effects in the 12-month post-period have similar levels of heterogeneity.
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findings in Table 1.3 from our main analysis.

Table 1.4: Heterogeneity of Treatment Effects on Online Purchases

Purchase Amount ($) Order Frequency Items Purchased

(1) (2) (3)

Mean 96.968** 6.959*** 9.240**

(30.290) (1.254) (3.203)

Std.Dev. 37.116 1.812 3.580

Min 29.130 3.066 1.316

Max 157.846 9.439 17.270

N 1,612 1,612 1,612

Nτ̂>=0 1,612 1,612 1,612

Nτ̂><0 0 0 0

Notes: ***p < 0.001, **p < 0.01, *p < 0.05. Standard errors are shown in

parentheses.

We find significant variation in the increase in purchase measures across

customers as a result of joining one-click buying. Figure 1.3 shows the distri-

bution of the individual-level long-term treatment-effect estimates on purchase

amount. The effect is estimated to be positive for all (1,612) customers in our

matched sample, but the magnitude of the increase varies considerably, ranging

from $29 to $158 post treatment. The effect on both order frequency and items

purchased are also positive for all customers and the estimates are similarly het-

erogeneous. Order frequency increased between 3 and 9 additional orders, and

the increase in items purchased varied from 1 to 17 additional items post treat-

ment. These results illustrate the benefits of obtaining individual treatment-
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effect estimates by applying the GRF procedure.
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Figure 1.3: Distribution of the Treatment Effect

Since we observe large variation in treatment-effect estimates, we examine

the source of the heterogeneity because understanding such variation is impor-

tant both theoretically and managerially. To that end, we leverage another use-

ful feature that is embedded in GRF, namely the importance measure of covari-

ates used in the estimation. Because GRF build trees during training by splitting

on covariates where treatment effects most differ, the importance measure of

covariates reflects the relative weight of each covariate in generating the splits.

The measure is computed by taking the frequency for which each covariate is

used for splitting the nodes and weighting them by the depth of each tree.

Table 1.5 shows the importance weight of each covariate as well as its rank

among all covariates used in the analysis. The results suggest that the causal

forest spent about 26% of its splits on the entry variable, suggesting that the ef-
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fect varies considerably between early and late adopters. More than 50% of the

splits were made on the covariates that reflect the customer-firm relationship.

In particular, RFM (recency, frequency, monetary value) measures together with

website visits, summarize a customer’s level of engagement with the firm, and

jointly accounted for more than a third of the splits. This result is in line with the

findings in the marketing literature that RFM measures could be strong moder-

ators of various marketing activities (e.g., Rossi, McCulloch, and Allenby 1996;

Kumar and Shah 2004). Along these lines, tenure was important and accounted

for about 18% of the splits. This variable is similar to RFM measures because it

reflects customers’ level of connection with the online retailer.

Table 1.5: Importance of Covariates in Heterogeneous Treatment Effects

Rank Importance (%) Variable

1 26.18 Entry

2 19.38 Age

3 18.04 Tenure

4 12.05 Visit

5 11.61 Recency

6 6.57 Monetary value

7 4.59 Frequency

8 1.57 Diversity

9 0.00 Gender

Interestingly, the causal forest also spent over 19% of its splits on the age

variable, suggesting the effect varied between young and old customers. On the

29



other hand, the diversity index, which measures the extent of variety and repeat

behavior in customer purchases across product categories had a limited contri-

bution to the identification of the heterogeneity in our context. This variable

reflects customer preferences or interests and is less precise and more nuanced

because it is not directly observable (e.g., Baumgartner 2002). Similarly, gender,

as another socio-demographic variable, had almost no impact on the splits in

our estimation.

Now that we have identified the source of the heterogeneity in the treat-

ment effect, we take a more granular look and seek to identify subgroups of

customers for whom one-click buying might have a stronger impact on subse-

quent purchases. To that end, we relate heterogeneous treatment effects to ob-

served covariates and divide customers into two equal-sized groups based on

their covariate values (i.e., below and above the median).7 We then compute the

averages of the personalized treatment-effect estimates across the two groups.

Figure 1.4 shows how the conditional ATE (CATE) differ among the groups

with high and low covariate values. Our analysis reveals the biggest differ-

ence in the treatment effects exists between early and late adopters, with the

former estimated to having a substantially larger effect. Moreover, the figure

presents a clear pattern in the changes in purchase behavior with respect to the

RFM measures. Customers who purchased more recently, more frequently, and

spent more in the pre-treatment period had a smaller increase in purchases after

adopting one-click buying, although the differences are statistically not signif-

icant. Similarly, customers who made more visits to the online store prior to

joining one-click had a smaller treatment effect. In contrast, customers who

7For the two binary variables, gender and entry, we divide the observations into their respec-
tive classes: male and female; early adopters and late adopters.
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had a longer tenure with the firm had a larger treatment effect. In terms of

customer-firm relationship, this suggests that joining one-click buying had a

stronger effect on those customers who were familiar with the firm but were not

necessarily loyalists. Put differently, one-click buying had a limited impact on

customers who already had a strong relationship with the firm, but had a larger

impact on those customers who previously purchased less in terms of amount

and frequency, and visited the online store less often. This is in line with pre-

vious work that reports a diminished impact of an experience-centric channel

on customers who had more experiences with the firm prior to receiving the

treatment (e.g., Bell, Gallino, and Moreno 2020).

Frequency

Diversity

Tenure

Gender

Recency

Monetary Value

Visit

Age *

Entry *

0 50 100 150 200
CATE Purchase Amount ($)

Covariate Value Below Median Above Median

Figure 1.4: ATE for High and Low Values of Covariates

Note: * indicates that the difference of the ATE for high and low values of that covariate

is statistically significant at the 5% level. Entry and Gender are binary variables, and we

divide observations into their respective classes: male and female; early adopters and late

adopters.
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With respect to the diversity index, we find the effect is larger among cus-

tomers who scored lower on variety-seeking behavior. However, this might

simply be due to the aforementioned results that customers with low treatment

effect had also lower amount and frequency of purchases before treatment. We

also find variation in customer demographic characteristics between the high

and low treatment effect groups. Specifically, older customers were significantly

more responsive to one-click buying than younger customers.

To summarize, we find the impact of one-click buying on customer pur-

chases is heterogeneous across customers. Our findings on heterogeneous treat-

ment effects can assist marketers in scoring and targeting customers and allocat-

ing resources across individual customers when designing marketing activity

associated with one-click buying.

1.5 Potential Mechanisms

Now that we have established the impact of one-click buying on customer be-

havior, in this section, we explore some possible explanations underlying the

effects.

1.5.1 Channel Switching

Our first explanation is channel-switching behavior. This is based on the possi-

bility that the increase in online purchases through one-click buying was due to

the channel-switching behavior to online from offline (e.g., Forman, Ghose, and

Goldfarb 2009; K. Wang and Goldfarb 2017). The firm we partnered with is an
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omni-channel retailer and is able to link customer purchases between online and

offline channels through its reward program. We thus assess channel-switching

behavior as a possible explanation underlying the effects.

To that end, we perform the same econometric analysis described in §1.3.5

by replacing online purchases with offline purchases. Columns 1-3 in Table 1.6

present the ATEs on offline purchases. The estimates are statistically insignif-

icant across all outcomes and time periods. These results suggest the increase

in online purchases through one-click buying did not come at the cost of offline

purchases. Therefore, we conclude that introducing one-click checkout was ef-

fective in lifting overall customer purchases for the firm in our context.

Table 1.6: ATE on Offline Purchases and Product Returns

Purchase Amount ($) Order Frequency Items Purchased Returns

(1) (2) (3) (4)

Panel A. 12 months

Treatment 254.682 3.507 14.780 0.063

(753.250) (3.052) (10.617) (1.380)

Pair fixed effects Yes Yes Yes Yes

Observations 1,612 1,612 1,612 1,612

Panel B. 15 months

Treatment 321.288 3.313 14.511 0.030

(735.496) (3.012) (10.406) (1.386)

Pair fixed effects Yes Yes Yes Yes

Observations 1,612 1,612 1,612 1,612

Notes: ***p < 0.001, **p < 0.01, *p < 0.05. Robust standard errors are shown in parentheses.
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1.5.2 Impulse Buying

Another mechanism that might explain the link between one-click buying and

increase in purchase outcomes is impulse buying, a purchase that is unplanned,

the result of an exposure to a stimulus and decided on the spot (e.g., Piron 1991).

In his seminal work, Stern (1962) argues that impulse buying is related to ease

of buying to the extent that a purchase involves less of one’s resources, such

as money, time, and effort. Impulse buying can be triggered by a variety of

stimuli ranging from the product itself and its attributes to the environment in

which the purchasing event takes place (e.g., Hui et al. 2013). Studying impulse

buying in online settings, Parboteeah, Valacich, and Wells (2009) find that a web

interface with high-quality task-relevant characteristics, which make shopping

efficient and effective, increases the likelihood of customers to buy impulsively.

Given that one-click buying adds to an online store’s task-relevant features, it

might lead to increased impulse purchases.

An additional way in which one-click buying could lead to impulse buying

is by hampering customers’ mental accounting (Thaler 1985). Customers exert

more time and effort for the act of buying when multiple steps are involved in

finalizing a purchase. While making buying more burdensome, multiple-step

ordering as opposed to one-click buying could provide ample opportunities for

customers to deliberate their choice and register the cost of the transaction in

their mind. However, when the ordering process is reduced to a single step, the

convenience of shopping can override the cognitive processes that keep track

of spending, and the losses involved in the purchase might not be apparent,

thereby increasing impulse buying. Dutta, Jarvenpaa, and Tomak (2003) show

the number of steps involved in the payment process has a significant impact on
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the subjects’ recall of past expenses. Compared to subjects in the multiple-step

payment condition, those under the one-step payment condition have lower

recall of past expenses, which in turn leads to impulse buying.

These findings suggest that, impulse buying could contribute to the increase

in purchases after adopting one-click buying. To evaluate this explanation, we

need a measure of impulse buying. Because our data lack a direct measure of

impulse buying, we utilize data on product returns at the online channel and

use product returns as a proxy for impulse purchases. The reason we use prod-

uct returns as a proxy is because it could be positively associated with impulse

buying. In fact, Ridgway, Kukar-Kinney, and Monroe (2008) study impulse buy-

ing as a dimension of compulsive buying and report that it causes behaviors

such as hiding and making frequent returns of purchased items due to feelings

of remorse or guilt.

To test for impulse buying, we repeat the econometric analysis from §1.3.5,

whereby we use the number of product returns as the outcome variable. Col-

umn 4 in Table 1.6 shows the results. Similar to the results for offline purchases,

we find that one-click buying had no effect on return behavior for treated cus-

tomers.8 As such, these results indicate a lack of evidence that the increase in

purchases through one-click buying can be attributed to impulse purchases in

our context.

Aside from informing us about the lack of impulse buying, learning that

adopting one-click buying does not increase returns offers another important

insight. Specifically, the finding makes it unambiguous that the overall impact

8We constructed another measure of impulse buying based on the proportion of products
returned among products purchased, and did not find any difference in this measure. We also
analyzed return behavior at the category level, and did not find any evidence for differences in
return behavior at the category level as well.
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of adopting the feature is net positive for the firm, which could be the ultimate

decision criteria for online retailers in the debate whether introducing one-click

buying is worthwhile.

1.5.3 Customer Engagement

As another potential explanation, we propose to examine the impact of one-

click buying on customer experience that materializes as customers interact

with the retailer. Each of the customer-retailer interactions could evoke cus-

tomer responses across multiple dimensions (e.g., cognitive, emotional), which

then influence customer satisfaction and engagement (e.g., Peter C Verhoef et al.

2009).

Among the three stages in the customer’s journey with the firm, namely,

pre-purchase, purchase, and post-purchase, the purchase stage is key in shap-

ing customer experience because it is related to a variety of behaviors, such as

choice, ordering, and payment (e.g., Lemon and Peter C Verhoef 2016). On-

line retailers, equipped with useful features such as online decision aids, can

facilitate and enable customers to attain their shopping goals.9 Customers exert

less effort and yet make better decisions when online decision aids are available

(Häubl and Trifts 2000). Moreover, usage of online decision aids is associated

with increased sales (De, Hu, and Rahman 2010) as well as higher satisfaction

and likelihood of repeat visits to the website (e.g., Palmer 2002; Parboteeah,
9One example of a decision aid is to offer customers the ability to sort alternatives or fil-

ter them with certain criteria (e.g., price, brand). Another example involves the option to create
personalized shopping lists, or to retrieve previous order lists and place orders using them. Sim-
ilarly, online retailers often employ recommendation agents that pre-select a set of products that
are likely to be attractive for a given individual. Marketing researchers have documented that
such interactive decision aids online can influence consumers’ information search processes,
purchase outcomes, and satisfaction (e.g., Häubl and Trifts 2000; Shi and Zhang 2014).
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Valacich, and Wells 2009). Similar to online decision aids, one-click buying is

an online feature that offers value to customers by reducing the time and effort

during checkout and improving the usability of an online store (e.g., Dutta, Jar-

venpaa, and Tomak 2003; Parboteeah, Valacich, and Wells 2009). This increased

convenience could lead to a better shopping experience online, which would

ultimately increase customers’ engagement with the retailer.

One-click buying can drive customers’ engagement with the focal retailer in

several ways. First, treated customers could become more engaged simply due

to the improved shopping experience that the feature offers. Second, the im-

provement at the online store could lead to a reactivation in online purchase and

activity among some of the treated who had been less active for some time pe-

riod. In this case, the treatment effects could be expected to be stronger among

those customers who were familiar with the firm but scored relatively low on

the RFM measures prior to their treatment. Finally, if customers had been shop-

ping regularly at other retailers, the convenience through one-click buying at the

focal firm might have motivated some customers to switch from other retailers

and become more engaged at the focal firm’s online store. 10

Richer engagement could manifest itself through customers’ tendency to

make more visits to the retailer’s website and spend more time upon visit. Pro-

viding evidence for this proposed explanation of customer engagement requires

clickstream data of customer activity for all customers in our study over the

same period of 35 months (between January 2016 and November 2018), which

we obtain and complement with purchase data. Using these micro level data,

we construct three measures of online activity, that is, visit instances to the web-

10Because our partner firm was the only firm in the given product category to offer one-click
buying during our study period, this is a probable explanation. However, we do not have access
to data from other retailers and cannot confirm this explanation.
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site, number of page views, and duration of visits on the retailer’s website. In or-

der to ensure that these constructs reflect customer engagement and are distinct

from online purchases, we excluded customer activities that involved checkout

and payment. In addition, we construct a measure of category expansion by

computing the number of product categories a customer made purchases from,

because customer engagement could also be reflected in customers’ tendency to

expand their purchases across product categories.

To test our suggested explanation, we employ the econometric analysis from

§1.3.5 as before. Table 1.7 shows the results. We find that, treated customers,

compared with their control counterparts, on average made 32 more visits to the

online store after joining one-click buying in the long term. They also viewed on

average 250 more pages and spent on average 245 minutes more upon visit. We

also find treated customers, purchased on average from 3 additional categories,

suggesting that they deepened their relationship with the firm by expanding

their purchases across categories in the long term.

Our findings are in line with earlier findings that customers become more en-

gaged with the focal firm as their interactions with purchase touch points (e.g.,

decision aids) improve (e.g., Shi and Zhang 2014). The enhanced shopping ex-

perience leads customers to not only increase their purchases but also expand

the categories they purchase from. Expanding categories naturally involves

more choices, which calls for more time and engagement at the online store.

Furthermore, combining these findings with our findings from the heterogene-

ity analysis in §1.4.2, which showed larger effects among customers who had a

longer tenure with the firm but scored lower on the RFM measures, supports

customer engagement as being the main driver of the treatment effects.
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Table 1.7: ATE on Online Activity and Category Expansion

Visit Sessions Page Views Duration No. of Categories

(1) (2) (3) (4)

Panel A. 12 months

Treatment 27.146*** 213.253*** 201.097*** 2.25***

(6.788) (41.410) (59.928) (0.341)

Pair fixed effects Yes Yes Yes Yes

Observations 1,612 1,612 1,612 1,612

Panel B. 15 months

Treatment 32.232*** 250.195*** 244.968*** 2.888***

(7.275) (45.035) (62.320) (0.373)

Pair fixed effects Yes Yes Yes Yes

Observations 1,612 1,612 1,612 1,612

Notes: ***p < 0.001, **p < 0.01, *p < 0.05. Robust standard errors are shown in

parentheses.

1.6 Robustness Checks

In this section we analyze the robustness of our findings. First, we evaluate the

sensitivity of our results with respect to the matching parameter. Second, we

analyze whether modifying the start of the post-period changes our findings.

Third, we test to what extent our findings are robust to an alternate identifica-

tion approach. Finally, we reiterate that our results are similarly valid under

non-parametric estimation.
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1.6.1 Alternate Matching Parameter

The selection of the caliper parameter, u, plays an important function in rolling

entry matching, mainly because it decides the range of propensity scores to be

considered for matching. A value close to 0 provides stricter requirements for

matching. While this is useful for reducing potential biases, it increases the

likelihood that some treatment observations will not be matched to a control.

Because our priority is to minimize bias, we set u to 0.05 in our main analysis,

which resulted in 806 unique matched pairs. As a robustness check, we increase

the flexibility of the matching algorithm by changing u to 0.10. This way we

obtain a slightly larger matched sample that consists of 811 unique pairs, and

run the analysis on this sample. The results are shown in Table 1.8, and are

similar to our main findings.

1.6.2 Alternate Outcomes

As another robustness check, we modify the operationalization of the outcomes

and perform our analysis by excluding the month in which customers joined

one-click buying. If customers adopted one-click buying during the checkout

process, they would have additional purchases even if their purchase behavior

did not change post adoption. We thus investigate to what extent our findings

are sensitive to this possibility. The results are shown in Table 1.9 and are similar

to our main findings. This suggest that the treatment effects are not artifacts of

the purchases made during the adoption stage, but rather reflect the changes in

subsequent customer behavior.
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Table 1.8: ATE Alternative Matching

Purchase Amount ($) Order Frequency Items Purchased

(1) (2) (3)

Panel A. 12 months

Treatment 63.010* 4.694*** 7.345*

(29.35) (1.039) (2.987)

Pair fixed effects Yes Yes Yes

Observations 1,622 1,622 1,622

Panel B. 15 months

Treatment 85.179** 5.942*** 9.100**

(31.236) (1.166) (2.987)

Pair fixed effects Yes Yes Yes

Observations 1,622 1,622 1,622

Notes: ***p < 0.001, **p < 0.01, *p < 0.05. Robust standard errors are shown in parentheses.

1.6.3 Alternate Identification

Our two-step identification strategy hinges on the unconfoundedness assump-

tion, which states that controlling for observable differences between the treated

and control sufficiently accounts for any dependencies between the decision to

adopt one-click buying and potential outcomes. This assumption fails, how-

ever, if there are unobservable factors that influence the adoption decision and

outcomes simultaneosuly, and we are unable to control for them in our analysis.
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Table 1.9: ATE Excluding First Month Post Treatment

Purchase Amount ($) Order Frequency Items Purchased

(1) (2) (3)

Panel A. 12 months

Treatment 59.064* 4.396*** 6.924*

(24.688) (1.014) (2.880)

Pair fixed effects Yes Yes Yes

Observations 1,612 1,612 1,612

Panel B. 15 months

Treatment 82.472** 5.712*** 8.756**

(26.382) (1.111) (3.090)

Pair fixed effects Yes Yes Yes

Observations 1,612 1,612 1,612

Notes: ***p < 0.001, **p < 0.01, *p < 0.05. Robust standard errors are shown in parentheses.

To evaluate the robustness of our findings with respect to this possibility, we

utilize the panel structure of our data and implement the same within customer

analysis from §1.3.2. This approach allows us to to account for each individ-

ual’s characteristics that are unobservable to us and are constant over time, but

might simultaneously affect outcomes and adoption decisions. Different from

the analysis in §1.3.2, this time we implement the two-way fixed effect (TWFE)

model in the second step of our identification strategy, using the panel data of

our matched sample of 806 pairs instead of using our unmatched sample.
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The results of this analysis are presented in Table 1.10, and show that within

customer, joining one-click buying increases monthly purchases, order fre-

quency and items purchased by $4.577, 0.336, 0.462, respectively.

Table 1.10: ATE Using TWFE

Purchase Amount ($) Order Frequency Items Purchased

(1) (2) (3)

Treatment 4.577* 0.336*** 0.462*

(1.946) (0.076) (0.193)

Month fixed effects Yes Yes Yes

Customer fixed effects Yes Yes Yes

No. of customers 1,612 1,612 1,612

Observations 56,420 56,420 56,420

Notes: ***p < 0.001, **p < 0.01, *p < 0.05. Robust standard errors are clustered at the

customer level and shown in parentheses.

By adopting this identification strategy we assume that in the absence of

treatment, the expected changes in outcome measures of the treated would be

the same as the expected changes of the control. Known as the parallel-trends

assumption in the literature on causal inference , it is the foundation upon which

the TWFE model is built on and enables us to identify the effect of adopting

one-click buying on customer behavior among treated customers in an alterna-

tive way. Even though the parallel-trends assumption is impossible to verify,

assessing its validity can be done by comparing the trends of the treated and

control groups in the pre-treatment period (Angrist and Pischke 2008). Since
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the assumption will fail if time-varying unobservables affect the outcomes of

the treated and control differently, the pre-treatment period will be useful in

evaluating this possibility. If trends are similar in the pre-treatment period, it

is likely that they would have followed similar paths in the counterfactual post

period without treatment, but joining one-click has resulted in a deviation from

the common trend for the treated customers in the factual post-treatment pe-

riod.

To evaluate whether the parallel-trends assumption is credible in our con-

text, we estimate the treatment effect of one-click buying on purchases in the

pre-treatment period by updating Equation 1.1 with the following model:

Yit = θi + λt +

1∑
j=12

β jPreperiodi jt + ϵit, (1.3)

where Preperiodi jt takes the value of 1 if customer i joined one-click buying j

periods after t, and 0 otherwise. We normalize twelve periods before treatment

( j = 12) as the baseline of 0 and estimate treatment effects over the remain-

ing 11-month pre-period. Our primary interest in this estimation are the β j pa-

rameters, which capture the average difference in purchase outcomes between

treated and non-treated in Preperiod j relative to the baseline. To the extent that

purchase trends are common prior to one-click buying, estimates of β j should

result in a null effect in all preperiods. Similar to Equation 1.1 we include indi-

vidual fixed effects as well as period fixed effects. We also use robust standard

errors clustered at the customer level to account for any serial correlation (e.g.,

Bertrand, Duflo, and Mullainathan 2004).

The results of this regression are shown in Table 2.4. There is strong support
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for parallel trends, 32 out of the 33 coefficient estimates in the pre-treatment

period are statistically not different from zero at the 5% level.

1.6.4 Alternate Functional Form

Another robustness test involves evaluating the linear and additive structure of

our main estimation. The estimation via GRF allows us to relax this assump-

tion, because of its non-parametric structure, and as we discussed in §1.4.2, our

findings are not influenced by this assumption.

1.7 Conclusions

The end of Amazon’s hold on the one-click checkout technology offers oppor-

tunities to retailers, and naturally leads to the question about the economic

value of introducing this technology. Through our partnership with an omni-

channel retailer that launched one-click buying on its website, we utilize quasi-

experimental data over a period of 35 months and measure the causal effect of

adopting one-click buying on customer behavior post adoption. Our two-step

identification strategy leverages the longitudinal aspect of our data and is based

on first creating matched pairs of treated and controls and then estimating the

effects on the sample of matched pairs. We also obtain individual treatment

effects by applying GRF with the matched sample.

We find adopting one-click buying is effective in lifting customer purchases

and does so by making treated customers purchase more often and more items.

The impact of joining one-click buying on customer purchases is economically
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Table 1.11: TWFE Identification Check

Purchase Amount ($) Order Frequency Items Purchased

(1) (2)

Preperiod 1 1.008 0.069 -0.406

( 5.544) (0.145) (0.433)

Preperiod 2 5.038 0.195 0.320

(7.597) (0.154) (0.435)

Preperiod 3 5.019 0.118 0.202

(5.348) (0.137) (0.425)

Preperiod 4 4.877 0.084 0.487

( 4.075) (0.141) (0.587)

Preperiod 5 1.007 -0.164 -0.105

(4.413) (0.155) (0.411)

Preperiod 6 4.558 -0.040 0.238

(5.793) (0.151) (0.507)

Preperiod 7 -7.791 -0.408** -0.991

(5.576) (0.150) ( 0.561)

Preperiod 8 2.900 0.081 -0.006

(3.457) (0.141) (0.328)

Preperiod 9 -0.272 0.050 -0.648

(4.254) (0.143) (0.745)

Preperiod 10 2.043 -0.079 0.284

(3.904) (0.126) (0.896)

Preperiod 11 -0.474 -0.081 -0.333

(2.697) (0.101) (0.217)

Period fixed effects Yes Yes Yes

Customer fixed effects Yes Yes Yes

No. of customers 1,612 1,612 1,612

Observations 19,344 19,344 19,344

Notes: ***p < 0.001, **p < 0.01, *p < 0.05. Robust standard errors are clustered at the

customer level and shown in parentheses.
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significant, persistent over time, and heterogeneous across customers. Our find-

ings are robust to potential confounding effects of self-selection and unobserv-

ables, different treated and control groups and different outcomes of purchase

behavior.

To uncover the underlying mechanisms that lead to the behavioral changes,

we leverage a variety of data including offline purchases, product returns, cus-

tomer activity online, and purchases across product categories. Using these

data, we explore channel switching, impulse buying, and customer engagement

as possible explanations. Although multiple drivers can be at work, we suggest

one-click ordering provides an avenue for the online retailer to improve cus-

tomer engagement, which eventually leads to the positive changes in purchase

behavior. We provide evidence consistent with this explanation based on micro-

level data on customer activity online and purchase behavior across categories.

We find no evidence for channel substitution and impulse buying.

Our findings offer three important managerial implications. First, this re-

search presents evidence on the economic value of one-click buying for ecom-

merce companies. Because an increase in purchases as well as customer activity

is expected for an ecommerce company after launching the technology, hav-

ing management solutions in place to effectively and efficiently manage traffic

to the website and fulfill orders so that customers have a positive experience

is essential. Second, because companies are increasingly concerned about cus-

tomer engagement, our findings illustrate the importance of investments and

efforts toward improving customer experience through advanced features in

ecommerce (e.g., seamless checkout process). Third, this study provides evi-

dence on the heterogeneous treatment effects of one-click buying that can assist
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managers in scoring and targeting customers and also in allocating resources

across individual customers when designing marketing activity associated with

one-click buying.

Because this research is the first attempt to quantify the effect of one-click

buying on a variety of behavioral measures, a number of limitations should

be acknowledged and perhaps addressed in future research. First, given that

our context lacks random assignment into treatment and control groups, our

identification strategy hinges on the unconfoundedness assumption. Our data

allowed us to control for a rich set of observable measures when creating our

matched pairs, thus increasing our confidence in the credibility of this assump-

tion in our context. Unfortunately, we are unable to rule out with certainty any

bias that might result from unobservable factors. Second, our study focused on

a single retailer in a specific industry. Therefore, replication across other firms

and industries as well as platforms would be needed to build empirical gener-

alizations on this topic. With that in mind, we hope our approach provides a

framework for further studies. Third, although we do not find any evidence for

impulse buying, it’s worth noting that the lack of evidence could be specific to

our study context. Also, this could be because how we constructed measures

of impulse buying based on customer behavior of product returns. Richer data

is needed to conduct deeper analysis of possible explanations for the effects of

one-click buying, which would be an interesting area for future research. Fi-

nally, we are unable to study how customer behavior at the focal retailer may

change when competitors introduce their versions of one-click checkout. With

competition in play, the effect of one-click buying on customer behavior remains

unclear. Also it would be fruitful to explore the share of wallet for a possible

explanation of one-click buying. We hope our work will generate further inter-
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est in expanding our understanding of the impact of technology in a growing

ecommerce landscape.
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CHAPTER 2

THE IMPACT OF ECOMMERCE-SAMPLING ON CONSUMER

BEHAVIOR

2.1 Introduction

The share of ecommerce sales in total retail sales has been increasing in the US

for the past few decades. In 2021, ecommerce sales accounted for about 15.3%

of total retail sales and are expected to reach 23.6% by 2025 (Emarketer 2021).

Because ecommerce will continue to grow in the foreseeable future, ecommerce

companies constantly explore new ways of engaging their customers.

Despite its growing prominence in the retail landscape, ecommerce falls be-

hind brick-and-mortar retail in at least one aspect, namely, communicating in-

formation about product quality and limitations of delivering that information

have significant effects in the consumer decision process (Nelson 1970). Specif-

ically, the lack of physical access to trying products before purchase in ecom-

merce increases uncertainty and thereby leads to friction in the decision process.

This friction is particularly significant for physical experience products such as

food, beverages, apparel, and so on which not only have search attributes that

can easily be shared and conveyed to consumers online but also experiential

attributes, which require physical inspection and cannot be communicated con-

vincingly, such as taste, smell, feel, and fit (e.g., Lal and Sarvary 1999).

To overcome this shortcoming and help customers shop online, retailers

have been implementing a diverse set of strategies that are aimed toward en-

abling the try-before-you-buy (TBYB) experience. Retailers have been enabling
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the TBYB experience to customers in ecommerce in the comfort of their homes.

As part of a business service, for example, most retailers now offer free ship-

ping and return policies that allow customers to try products at home and re-

turn products that do not fit. Moreover, TBYB experience can take place both in

store and online as part of a business service. In store it can materialize in the

form of appointment shopping or showrooming, whereas online, it can tran-

spire via virtual shopping or augmented reality that are tailored to communicate

the experiential attributes of physical products ranging from apparel to furni-

ture. Using Wayfair’s augmented reality-enabled apps, for example, customers

can gauge how a piece of furniture would fit in their living places. Similarly,

using Sephora’s Virtual Artist feature, customers can see how a beauty product

would look on their face before placing an order from the online store.

A relatively new implementation of TBYB in ecommerce has emerged as

well. Unlike the TBYB examples described above, this approach is a marketing

promotion and can be described as the online version of the traditional product

sampling which is also known as online or ecommerce product sampling (e.g.,

Forbes 2020). It has gained substantial attention in practice and is now consid-

ered one of the top three marketing tactics among marketers (e.g., Brandshare

2021). To implement TBYB as an online product sampling campaign, retailers

and consumer brands send samples of selected products to online customers so

that they can try them at home before purchasing them. For example, Sam’s

Club introduced online product sampling to its members in 2017 by sending

them a bag of sample products (e.g., Grocer 2017). Similarly, customers can sign

up to receive product samples on the Dove website, which offers a revolving

variety of shampoos, lotions, soaps, and deodorants.
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Online product sampling has gained traction recently among retailers and

brands, in particular due to the restrictions that accompanied the COVID-19

pandemic. To remedy for the limitations placed on trying products in stores

and to strengthen their relationship with online shoppers, big brand retailers

such as Walmart started sending them various bags of samples ranging from a

beauty box to a college bag (Forbes 2020). Engaging with customers via online

product sampling has several benefits. First, it allows customers to try products

in the comfort of their homes, which can earn attention for the products and

expand shoppers’ knowledge about the products. Second, it can communicate

to customers that the firm is thinking about and cares for them, and can fos-

ter relationships as well as inspire loyalty with existing customers. Finally, it

provides a safe option to experience products because customers do not have

direct contact with another human. However, to date, no academic research has

empirically examined whether exposure to online product sampling has any

meaningful impact on customers’ subsequent behavior.

The objective of this paper is to fill this gap in the literature and measure

the long-term effect of the TBYB experience in the form of online product sam-

pling on customer behavior and to explore possible explanations for the effect.

Providing answers for this topic is important because they would generate in-

sights that can guide brands and firms in their decisions about introducing on-

line product sampling as well as designing targeting strategies for promoting

it.

To achieve our research objective, we conduct a study in close collaboration

with a retailer in Asia that implemented online product sampling on its online

store in May 2020. Using quasi-experimental data over a period of 13 months
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before and after the launch of ecommerce sampling, we apply a two-step iden-

tification strategy that combines propensity score matching with the difference-

in-differences (DiD) (Angrist and Pischke 2008) procedure and estimate the av-

erage treatment effect (ATE) on customers who ordered online sampling at the

firm’s online store. Furthermore, we obtain individual-level treatment-effect es-

timates by applying generalized random forests (GRF) (Athey, Tibshirani, and

Wager 2019) and investigate the heterogeneity of the effects in a data-driven and

non-parametric way.

We find online product sampling is effective in lifting purchases of the prod-

ucts featured via sampling. The effect on customer purchases is not only eco-

nomically significant but also persistent over time. On average, customers who

had exposure to the products via online sampling increased their monthly pur-

chase amount of products included in the sampling by 7% over a period of six

months post treatment, compared with a group of control customers. Online

sampling increased purchase amount by making treated customers purchase

more items per order (an increase of 4%). The impact of online sampling is

stronger immediately after customers had exposure to the products in the sam-

pling, and decays over time. Our findings are robust to potential confounding

effects of self-selection and unobservables.

We also find substantial variation in the treatment effect. Specifically, the

magnitude of the increase in purchase amount ranges from 4% to 17% post treat-

ment. Online sampling had the largest impact on high-value customers (based

on past purchases) who had a strong relationship with the firm prior to the

treatment. Furthermore, we find a significant spillover effect of the treatment

on customer purchases of other products at the brands featured in the online

56



sampling. We also find that the impact is not limited to the online channel, but

rather expands to both online and offline channels.

We explain our findings by drawing on the literature on consumer behavior

and relationship marketing. Guided by previous work, we argue that online

product sampling may work mainly through generating positive affect, which

occurs in several ways in online product sampling. First, sample products help

reduce uncertainty about products and thereby leads to positive affect in the

form of higher liking, trust, and purchase intention of the products. Second,

product sampling generates positive affect due to the exposure effect of the free

sample products. Finally, product samples create positive affect in the form of

gratitude toward the firm, which is accompanied by a strong desire to recipro-

cate the benefit received. We provide evidence that these psychological forces

jointly translate into higher demand for the retailer.

The remainder of the paper is organized as follows. In §2.2, we discuss dif-

ferent types of the TBYB experience and the related literature. We describe our

research setting and data in §2.3. In §2.4, we discuss our empirical methodol-

ogy. We present our findings and discuss possible explanations for the effect in

§2.5 and §2.6, respectively. We conclude in §2.7.

2.2 Related Literature

While more brands and firms are experimenting with the TBYB experience, im-

plementations of TBYB for physical products typically vary on two dimensions:

(1) how TBYB is being designed and operationalized and (2) which shopping

channel is being used to enable TBYB. Firms have implemented the TBYB ex-
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perince to customers as part of a business service or as a marketing promotion

through the online or offline shopping channel. Hence, four types of the TBYB

experience exists in practice, and are summarized in Table 2.1. In what follows,

we describe each TBYB implementation in detail and discuss the related litera-

ture.

Table 2.1: Examples of TBYB for Physical Products

Operationalization Channel Example Article

Business Service Offline Stores Bell, Gallino, and Moreno (2018)

Showrooms Bell, Gallino, and Moreno (2020)

Online Free shipping & returns Bower and Maxham III (2012)

Shehu, Papies, and Neslin (2020)

Augmented reality Gallino and Moreno (2018)

Marketing Promotion Offline Product sampling Smith and Swinyard (1983)

Bawa and Shoemaker (2004)

Online Free shipping & returns Bower and Maxham III (2012)

Shehu, Papies, and Neslin (2020)

Product sampling Our study

The first type of TBYB is a business service that allows customers to test

and experience products in physical stores. Although this approach is shared

among many of brick-and-mortar retailers, some have gone a step further and

introduced showrooms that are mainly dedicated to giving customers the phys-

ical space to engage with products before committing to a purchase. Examples

include Bonobos, Clearly Contacts, Glossier, and Warby Parker. Bell, Gallino,

and Moreno (2018) report that introducing showrooms for Warby Parker not

only generates demand but also improves operational efficiency by increasing
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conversion as well as decreasing returns. At the micro level, Bell, Gallino, and

Moreno (2020) study how customer behavior changes after customers visit an

experience-centric offline store and spend time engaging with products of a

men’s apparel retailer. They report that the visit experience causes customers

to increase their spending as well as their shopping velocity but decreases the

likelihood of returns.

Applications of TBYB experience are rich in ecommerce.1 Nearly every re-

tailer implements TBYB through free shipping and returns either as a service or

a marketing promotion. Previous work in this domain has shown free shipping

increases retailers’ sales (e.g., Bower and Maxham III 2012); however, it also

makes customers more likely to purchase high-risk products, which increases

the overall return rate (e.g., Shehu, Papies, and Neslin 2020). With the prolif-

eration of artificial intelligence, retailers are now also implementing TBYB as

a service in the online channel by offering augmented reality-enabled applica-

tions. Sephora, for example, offers customers an augmented reality feature that

enables them to try on makeup products virtually before purchasing. Online

shoppers at Warby Parker can get access to all frames and try them on vir-

tually to see instantly how they look on them. Relatedly, previous work has

shown offering customers fit information via virtual tools at an online apparel

retailer increases conversion rates as well as order value. Furthermore, such fea-

tures make customers to expand their purchases to multiple categories as well

as increase their likelihood of repeat purchases at the retailer (e.g., Gallino and

Moreno 2018).
1Aside from physical products, which are the focus of our study, TBYB has also been imple-

mented in the online context with digital or information products such as software and games.
For these type of products, the focus has been on comparing the effects of different free sam-
ple promotions (e.g., Lee and Tan 2013) and designing the optimal levels of free samples (e.g.,
Cheng and Liu 2012; Li, Jain, and Kannan 2019) to increase firm profits.
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As a marketing promotion in the offline channel, TBYB has a long history in

marketing. Also described as product sampling, this promotion has been ap-

plied both as in-store sampling (e.g., Smith and Swinyard 1983; Lammers 1991)

and as mail-delivery sampling (e.g., Scott 1976; Bawa and Shoemaker 2004) in

the offline context, mostly with food products and beverages. Previous studies

in these domains have shown product sampling has a positive effect on imme-

diate (Lammers 1991) as well as long-term (Bawa and Shoemaker 2004) sales

outcomes.

In this study, we focus on a relatively new implementation of TBYB for phys-

ical experience products in ecommerce as a marketing promotion. We study

how exposure to product sampling of physical products in ecommerce influ-

ences customer behavior, which has not been reported in the literature. The

closest work to ours is Lin, Zhang, and Tan (2019), who study the impact of

TBYB as a marketing promotion for physical products on product ratings in

ecommerce. They report that the TBYB marketing promotion increases the rat-

ings of the products included in the promotion. Our study period includes the

peak of the COVID-19 pandemic, which offers a unique opportunity to exam-

ine the effect of TBYB as a marketing promotion for physical products when

customers could not try and experience products in physical stores.

We contribute to the above literature in three ways. First, we study how

implementing TBYB for physical products in ecommerce as a marketing pro-

motion affects customer behavior in the long term in contrast to past literature

that focuses on the implementation of TBYB as part of a business service. Sec-

ond, unlike past literature on free sample promotions, our study employs rich

micro-level data, allowing us to measure the spillover effects of online product
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sampling. We empirically show that online sampling affects customers’ long-

term behavior significantly not only for products featured in product sampling

but also for other products that are not included in the promotion but belong to

the brands featured in online sampling. We also document that the impact of

online sampling is not limited to the online channel, but rather expands to both

online and offline channels. Finally, unlike past literature on in-store or mail-

delivery sampling where customers could try products in multiple ways, our

research involves customers who had an option to test physical products only

through online sampling before making a purchase. This allows us to measure

the causal effect of online product sampling on customer purchases more pre-

cisely.

We also contribute to a growing literature on the effects of various mar-

keting interventions on customer behavior, using data from field experiments

or quasi-experiments (e.g., P. Manchanda, Packard, and Pattabhiramaiah 2015;

Datta, Knox, and Bronnenberg 2017; Narang and Shankar 2019; Bell, Gallino,

and Moreno 2020). A limited number of papers have examined heterogeneous

treatment effects using machine-learning methods (e.g., Ascarza 2018; Fong

et al. 2019; Simester, Timoshenko, and Zoumpoulis 2020; Rafieian and Yoga-

narasimhan 2021). Our paper adds to this stream of research by offering an ap-

plication that combines machine-learning methods with well-established econo-

metric methods to a marketing-related problem.
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2.3 Research Setting and Data

To study the impact of online product sampling on customer behavior, we col-

laborated with a retailer in Asia that prefers to remain anonymous. The re-

tailer specializes in personal care products and sells a wide range of consumer

goods at both brick-and-mortar and online channels. The retailer launched a

product-sampling campaign on its website in May 2020 for about one month.

Because the COVID-19 pandemic was at its peak level during this time period,

the retailer had limited operations in its offline stores. Furthermore, customers

were no longer allowed to touch samples or test products in physical stores,

due to concerns about spreading the virus. To mitigate some of the harmful

consequences of the pandemic on customers, the retailer launched the online

product-sampling campaign as a response to the limitations in trying products

in offline stores.

The introduction of the online sampling was communicated to customers

through mass emails and on the website, and no specific targeting was involved.

It was offered to customers at no cost and was intended to increase engagement

with customers during a challenging time. Importantly, the product sampling

was unconditional, insofar as no purchasing was required for customers to or-

der the free samples online. The campaign offered customers free samples of 10

select products in the personal-care category and came in travel-sized packages.

The 10 products featured in the online sampling had already been on the market

and were readily available in the retailer’s offline and online stores. Because the

primary purpose of online sampling was to engage with existing customers, the

management team had decided on the sample products based on the seasonal-
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ity and popularity of the products.2

Our data span a period of 13 months, starting from November 2019 to

November 2020. They include a random sample of 8,730 customers who or-

dered the product sampling during the campaign period on a voluntary basis.3

They constitute the treatment group in our analysis. For the purpose of com-

parison, we also obtained a random sample of 24,774 customers who visited

the ecommerce website during the campaign period but decided not to place

the order of sampling. In this way, we ensure the control group was aware of

the online sampling but did not place the order, due to personal preferences

rather than no awareness of the campaign. The retailer did not target treated

customers with different promotions and communications throughout the data

period.

The data consist of three parts: transaction data of customer purchase and

return behavior, clickstream data of customer activity, and demographic data.

The transaction data contain detailed information about each order made by

a customer, including when a customer purchased a product and how much

she paid for it. The data also include information on products returned and

the brands of products purchased and returned. The online clickstream data

contain detailed individual-level information on each visit to the website and

customer activity upon visit, including when a customer visited the website and

which pages (and how long) she viewed on the website. Our data also contain

demographic characteristics of customers, including age and gender.

2Our analysis at the product level revealed that the products featured in online sampling
were relatively new, expensive, and popular. Prior to the online-sampling campaign, the retailer
offered about 7,000 items to customers and the sample products, on average, ranked at 36%,
90%, and 93% in terms of the elapsed time since launch, price, and sales, respectively.

3Because of the non-disclosure agreement we have with the collaborating firm, we are unable
to disclose the total number of customers who responded to online product sampling during the
campaign period.
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We conduct the analysis at the customer-month level. Using transaction

data, we define two outcome measures associated with customer purchases.

Because we are primarily interested in assessing how effective online sampling

is in lifting sales, our primary measure is the amount a customer spends per

month (purchase amount).4 We also consider the number of items per order

(order size). Because online product sampling could have an impact on cus-

tomer behavior not only online but also offline, both measures are based on

customer purchases combined from both channels and are constructed at the

customer-month level.

We also characterize the variety in purchase behavior with several metrics.

First, we classify a product a customer purchased as focal versus other prod-

uct on the basis of whether that product was featured in product sampling or

not: (1) purchase of focal products and (2) purchase of other products. Second,

we classify purchases of other products based on whether the product’s brand

was featured in the product sampling or not: (1) purchase of other products

at the brands featured in the sampling (brand products) and (2) purchase of

other products in other brands (other products). Similar to our primary out-

come measures, we construct these measures with both purchase amount and

order size. Using these measures allows us to decompose purchases into their

components and explore how customers changed their purchase behavior upon

product sampling.

4All transactions were recorded in the currency of the country in which the headquarters
of the company was located. We converted purchase amount to US dollars using the average
exchange rate over the data period.
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2.4 Empirical Framework

In this section, we discuss our identification strategy and describe the treated

and control groups. We then discuss the details of our econometric approach for

estimating the ATEs on the treated and the GRF procedure, which we employ

to obtain individual-level treatment effects.

2.4.1 Identification Strategy

Our main objective is to identify whether exposure to product sampling from

an online retailer causes changes in customer behavior and examine the hetero-

geneity of the effect. The challenge we face is that exposure to product sampling

is not random, but rather self-determined, which can threaten identification if

outcomes and exposure to product sampling are simultaneously correlated with

time-constant and time-varying unobservable differences between the treated

and control groups. This correlation may exist to some degree in our context,

resulting in potential selection bias. For instance, customers who made fewer

purchases before the launch of product sampling might be more likely to re-

spond, because they might expect to benefit more upon experiencing products

through online sampling.

The ideal approach to identifying the causal effect would be a randomized

experiment, which would involve sending free samples to customers selected at

random from the firm’s customer base and then comparing their subsequent be-

havior with a control group that did not receive the free samples. This strategy

is practically challenging in our context, because sending a few samples to ran-
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domly selected customers whose interest in trying those products is uncertain is

simply cost prohibitive. Another reason a random experiment is not preferable

in our context is its shortcoming in identifying long-term treatment effects post

treatment. Because running an experiment for longer than a few months be-

comes increasingly difficult and costly, studying the long-term treatment effects

becomes challenging.

An alternative approach, albeit less than ideal, would be randomizing

among customers the eligibility of ordering the set of free samples, which would

result in two groups of customers: the intention-to-treat and control groups. Al-

though this strategy is feasible, it is not the one the partner retailer and we prefer

for a few reasons. First, this strategy is not equivalent to a complete randomized

control study, because the customers in the intention-to-treat group would also

be self-selecting into treatment if they ordered the free samples. As such, identi-

fying the causal effect of treatment would call for econometric adjustments that

correct for bias emerging from self-selection. Second, randomizing eligibility

can cause a backlash among customers and to false accusations of discrimina-

tion, which can devalue the firm’s brand in the eyes of its customers.

Due to the practical challenges involved in randomization-based identi-

fication strategies, we resort to a quasi-experimental identification strategy

that utilizes observational data. Our approach is to combine the selection-on-

observables strategy with temporal data, which leads to the DiD identification

strategy. This approach allows us to effectively minimize the threat to iden-

tification from potential selection bias in two steps. In the first step, we per-

form propensity score matching based on time-constant and time-varying ob-

servables that might influence both outcomes and the decision to respond to
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product sampling. As a result of this procedure, we obtain pairs of treated and

control customers who are similar to each other with respect to observable char-

acteristics. In the second step, we take this sample of matched pairs and employ

the DiD procedure.

Employing the DiD procedure allows us to account for time-constant un-

observable differences between the treated and control groups without making

any assumptions. To account for time-varying unobservables, however, we rely

on the assumption that in the absence of treatment, the expected changes in

the outcome measures of the treated would have been the same for the treated

and control. Also known as the parallel-trends assumption in the literature on

causal inference (Angrist and Pischke 2008), it constitutes the basis upon which

the DiD method relies on and allows us to identify the causal effect of online

sampling on subsequent customer behavior.

2.4.2 Treated and Control Groups

We define treated customers as those who responded to online product sam-

pling during the one-month campaign period and had an option to experience

physical products. For comparison, we define control customers as those who

visited the ecommerce website during the campaign period but did not place

the order for free samples and thus did not have an option to test physical prod-

ucts. This approach ensures the control group was aware of the campaign, and

the reason they did not order the sample products could be attributed to their

lack of interest in the campaign. For both groups, we define the six months

before and after the campaign as the pre-treatment and post-treatment period,

67



respectively.

Before we report the effect of online sampling on customer purchases, we

first evaluate the differences in customer purchases of products featured in

product sampling (focal products) between customers in both groups. Panel

A in Table 3.1 shows that, on average, treated customers spent $5.86 in the six-

month post-treatment period, whereas those in the control group spent only

$4.48 (diff. = 1.39, p-value < 0.001). Looking at the purchase amount in the pre-

treatment period, we see that treated and control customers also had different

purchase patterns prior to treatment. On average, treated customers spent $4.51

on products included in the product sampling, whereas non-treated customers

spent $5.12 (diff. = -0.61, p-value < 0.05). Put together, purchase behavior dif-

fered considerably between the two groups, and treated customers spent sub-

stantially less than control customers before the treatment, but more after the

treatment.

In addition, Table 3.1 shows the same pattern in the number of items pur-

chased (order size). Together, these statistics suggest the control group is not

comparable to the treated, and a naı̈ve comparsion of the changes in customer

purchases would suffer from selection bias.

2.4.3 Propensity Score Matching

To obtain a relevant control group that is similar to the treatment group with re-

spect to time-independent and time-varying observables, we implement match-

ing by estimating the propensity score, defined as a customer’s propensity to

order the product sampling online.
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Table 2.2: Summary Statistics of Treated and Control Groups

Treated Control Treated – Control p-value

Panel A. Before Matching

Pre-treatment period

Purchase amount ($) 4.51 5.12 -0.61 0.03

Order size 0.12 0.16 -0.03 0.00

Post-treatment period

Purchase amount ($) 5.86 4.48 1.39 0.00

Order size 0.19 0.15 0.04 0.00

Difference

Purchase amount ($) 1.35 -0.64 1.99

Order size 0.07 -0.01 0.08

Observations 8,730 24,774

Panel B. After Matching

Pre-treatment period

Purchase amount ($) 4.63 5.12 -0.51 0.18

Order size 0.13 0.14 -0.01 0.25

Post-treatment period

Purchase amount ($) 5.85 4.43 1.41 0.00

Order size 0.19 0.13 0.06 0.00

Difference

Purchase amount ($) 1.22 -0.69 1.91

Order size 0.06 -0.01 0.07

Observations 7,776 7,776

Note: Observations are at the customer level, and summary statistics refer to the six-

month total of each measure in the pre- and post-treatment periods.
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We estimate the propensity scores using logistic regression with two sets

of covariates. In the first set, we include measures that describe customers’

overall relationship with the firm and their interest in its products and services.

We include the average of customer purchases in the pre-treatment period: (1)

elapsed time (days) since last purchase (recency), (2) number of purchases made

(frequency), (3) number of items purchased among products featured in prod-

uct sampling (order size: focal), (4) number of items purchased among products

not included in product sampling (order size: others), (5) purchase amount ($)

spent on products featured in product sampling (purchase amount: focal), (6)

purchase amount ($) spent on products not included in product sampling (pur-

chase amount: others), and (7) amount of discount ($) received (discount). We

also include the average of online activity measures in the pre-treatment period:

(8) number of website visits in the pre-treatment period (website visits) and (9)

elapsed time (months) since having online account (tenure). In the second set

of covariates, we capture the demographics of the customers by including their

(10) age and (11) gender. Table 2.3 shows the summary statistics of the covari-

ates and describes how the variables are operationalized.

We estimate the propensity score with a flexible function by creating interac-

tions as well as second-order terms of the main 11 covariates. After estimating

the propensity score model, denoted by e(x; β) and parameterized by β, we fol-

low Imbens and Rubin (2015) and transform it to obtain the linearized propen-

sity scores, that is, the log-odds ratio:

l(x; β) = ln
( e(x; β)
1 − e(x; β)

)
.

We implement this transformation because it linearizes values on the unit in-

terval and thus can improve the quality of the matching algorithm. We ask

whether, for a treated customer i, a customer i′ in the control group exists
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Table 2.3: Covariates for Propensity Score Estimation

Treated Control

Variable Operationalization Mean Std. Dev. Mean Std. Dev.

Customer-firm relationship

Recency Elapsed days since last purchase 67.89 74.04 60.83 72.91

Frequency Number of purchases made 4.59 5.69 6.55 8.02

Order size: Focal Number of items purchased from sample 0.12 0.59 0.16 0.74

Order size: Others Number of items purchased from others 17.79 31.32 23.26 37.64

Purchase amount: Focal Purchase amount ($) spent on sample 4.51 21.38 5.12 24.94

Purchase amount: Others Purchase amount ($) spent on others 203.50 386.81 225.22 446.12

Discount Discount amount ($) received 51.52 139.55 86.22 239.19

Website visits Average monthly visit sessions to the store 5.11 6.01 1.94 4.06

Firm tenure Elapsed months since opening account 122.18 43.53 99.63 56.92

Socio-demographics

Age 35.95 8.88 38.24 12.32

Gender 1 if female, 0 if male 0.98 0.14 0.86 0.34

Observations 8,730 24,774

Note: Observations are at the customer level, and summary statistics refer to the pre-treatment means of each covariate in the

treated and control groups.

such that the difference (in absolute value) in linearized propensity scores,

l(xi; β) − l(xi′; β), is less than or equal to a threshold u. In our analysis, we focus

on a threshold of u = 0.05 (Stuart 2010), meaning the difference in propensity

scores is approximately less than 5%.5 This matching algorithm results in 7,776

unique pairs that are closest to each other in the propensity scores.

5Results are robust with respect to the following values of u : [0.05, 0.10, 0.15, 0.20, 0.20].
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We evaluate the quality of the matching procedure in a few ways. First,

we compare the distribution of the propensity scores between the treated and

control groups and assess whether they are similar after matching. Figure 2.1

shows the density of the estimated propensity scores by treatment status, be-

fore and after matching. Before matching, the distributions share overlap but

are significantly different from each other. After matching, the distributions

closely resemble each other, and little bias seems to remain in the difference in

the propensity scores between the groups.
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Figure 2.1: Distribution of the Propensity Score
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We also assess whether matching achieves balance in the covariates across

the treated and control groups. To that end, we follow (Austin 2009) and (Im-

bens and Rubin 2015) and examine the standardized differences in covariate

means between the two groups. Figure 2.2 presents the standardized differ-

ences for each variable used in estimating the propensity scores. The figure

shows that matching results in a substantial improvement in covariate balance.

After matching, all of the normalized differences are below 0.1, which equals a

degree of balance that one might expect in a completely randomized experiment

(e.g., Stuart 2010; Imbens and Rubin 2015).
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Figure 2.2: Covariate Balance

Panel B in Table 3.1 shows the summary statistics for the matched sam-

ple. The pre-treatment differences between the treated and control groups are

smaller and no longer statistically significant. Taken together, using propensity

score matching as the first step in our identification strategy, we successfully
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address the differences in time-constant as well as time-varying observables be-

tween the treated and control groups.

2.4.4 Difference-in-Differences

The next step in our identification strategy consists of implementing the DiD

method on the sample of 7,776 pairs obatined in the first step through match-

ing. This step allows us to address the time-constant and time-varying unob-

servables that might simultaneously influence the decision to place the order of

product sampling and our outcome measures.

We implement the DiD method with fixed effects for each individual, which

effectively control for time-constant unobservable factors without making any

assumptions. Controlling for time-varying unobservables, however, is less

straightforward because doing so relies on the parallel-trends assumption. The

challenge is that although this assumption is critical for properly executing the

DiD method, its validity is fundamentally untestable because it involves a coun-

terfactual.

Following the literature on causal inference, we assess the validity of the

parallel-trends assumption by comparing the outcome trends between the

treated and control groups in the pre-treatment period (Angrist and Pischke

2008). This approach is well established in the literature and rests on the idea

that the assumption will fail if time-varying unobservables affect the treated

and control customers differently and that the pre-treatment period can be used

to gauge this possibility. Indeed, if the two groups had similar outcome trends

before the treatment, such a finding is a valid indication that these trends would
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have followed similar paths if the treatment had not occurred. The treatment,

however, caused a shift in the counterfactual common trend for treated cus-

tomers in the factual post-treatment period.

We evaluate the validity of the parallel-trends assumption first in a model-

free manner by plotting the average outcome measures of the treated and con-

trol groups. We seek to achieve two goals in this exercise. First, to the extent

that outcome trends are common prior to the treatment, we should see little in-

dication of divergence in the averages of the outcomes in the months prior to

the treatment, that is, m ≤ −1. On the other hand, if ordering the free samples

has any impact on the treated group, we should see a clear divergence in the

averages of the outcomes in the post-treatment, starting at m = 1.

Figure 2.3 shows the plots over the data period for both outcome measures.

The figure shows that our sample of matched pairs had similar purchase trends

in the pre-treatment period, indicating the control group is a relevant compar-

ison to the treatment group. Moreover, starting at m = 1, we see a sharp di-

vergence from the common trend as the average outcomes of the treated group

increased substantially compared with the period before the treatment. This

finding suggests the treatment of ordering free samples online indeed caused

changes in purchase behavior.

Next, we perform a model-based evaluation on the validity of the parallel-

trends assumption by estimating the treatment effect of online sampling using

the following DiD model:

log(Yit) = θi +
−1∑

m=−6

λt · 1(t = m) +
−1∑

m=−6

βm ·Wi × 1(t = m) + ϵit, (2.1)

where log(Yit) is the outcome measure by customer i in month t with natural log
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Figure 2.3: Comparison of Purchase Trends Between Treated and Control

transformation.6 Wi indicates whether customer i belongs to the treatment or

control group, and the indicator variables 1(t = m) are 1 if month t is m. θi is

a customer fixed effect, λt is a month fixed effect, and ϵit is the error term. The

two-way fixed-effects specification controls for time-invariant customer charac-

teristics as well as common time trends and month-to-month fluctuations.

Our primary interest in this estimation is the parameter βm. We normalize

the first month (m = −6) as the baseline of 0 and estimate treatment effects over

a period of six months before treatment. Parameter βm captures the average dif-

ference in purchases between treated and non-treated customers relative to the

baseline. To the extent that purchase trends are common prior to the treatment,

6To deal with 0 in the original scale, we added a constant of 0.01 before taking the natural log
transformation. We perform robustness by using the outcomes in their original scale in §2.5.3.

76



all estimates of βm in the months prior to the treatment (m ≤ −1) should result

in a null effect. We use robust standard errors clustered at the customer level to

account for any serial correlation (e.g., Bertrand, Duflo, and Mullainathan 2004).

Table 2.4 shows the results of estimating Equation (2.1). None of the estimates

of the parameter βm in the pre-treatment period are statistically significant, sug-

gesting the matched pairs of treated and control customers had similar purchase

trends before the sampling campaign.

In summary, our two-step identification strategy ameliorates concerns re-

garding self-selection bias and increases our confidence that we can identify the

treatment effect of online sampling on subsequent purchases.

In what follows, we estimate the average effects of ordering free samples

online on treated customers’ purchase behavior over the entire six-month post-

treatment period by employing the following DiD model:

log(Yit) =θi +
6∑

m=−6

λt · 1(t = m) + β ·Wi × 1(1 ≤ t ≤ 6) + ϵit, (2.2)

where log(Yit) is the outcome measure by customer i in month t with natural

log transformation. Wi indicates whether customer i belongs to the treatment or

control group, and the indicator variables 1(·) are 1 if the condition (·) is satisfied.

θi is a customer fixed effect, λt is a month fixed effect, and ϵit is the error term.

After estimating Equation (2.2), we also investigate how the effects vary over

time by obtaining estimates over three different periods: short term (within the

first month of ordering, β1m), medium term (between two and three months after

ordering, β3m), and longer term (between four and six months after ordering,
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Table 2.4: DiD Identification Check

Purchase Amount ($) Order Size

(1) (2)

Treatment × Pre-month 5 -0.02 0.01

(0.02) (0.00)

Treatment × Pre-month 4 -0.01 0.00

(0.02) (0.00)

Treatment × Pre-month 3 -0.03 0.00

(0.02) (0.00)

Treatment × Pre-month 2 -0.03 -0.01

(0.02) (0.01)

Treatment × Pre-month 1 -0.05 -0.00

(0.02) (0.00)

Month fixed effects Yes Yes

Customer fixed effects Yes Yes

No. of customers 15,552 15,552

Observations 186,624 186,624

Notes: ***p < 0.001, **p < 0.01, *p < 0.05. Outcomes are in natural

log terms. Robust standard errors are clustered at the customer

level and shown in parentheses.
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β6m). To that end, we employ the following DiD model:

log(Yit) =θi +
6∑

m=−6

λt · 1(t = m) + β1m ·Wi × 1(t = 1)

+β3m ·Wi × 1(2 ≤ t ≤ 3) + β6m ·Wi × 1(4 ≤ t ≤ 6) + ϵit. (2.3)

This specification allows us to examine whether the changes in purchase be-

havior are short lived or long lasting. In both specifications, we use customer

and month fixed effects, which jointly control for time-invariant customer char-

acteristics as well as common time trends and month-to-month fluctuations. We

also implement robust standard errors clustered at the customer level to account

for any serial correlation. We report the results of these analyses in §2.5.1 after

explaining how we estimate the heterogeneity of the treatment effect.

2.4.5 Generalized Random Forests

We analyze the heterogeneity of the treatment effect by obtaining individual

treatment-effect estimates through the GRF (Athey, Tibshirani, and Wager 2019)

procedure. By leveraging machine-learning concepts, GRF offers a nonpara-

metric statistical estimation method for causal inference in observational stud-

ies. The method is an extension of the causal forest method (Wager and Athey

2018), which is based on the classic random forest algorithm used for statistical

learning (Breiman 2001).

The main idea of GRF is that the splitting criteria for growing individual

trees are specifically designed to find partitions where treatment effects most

differ. This feature allows us to find, in a data-driven way, the features that

are most responsible for the heterogeneity in the treatment effects. Because the
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method is based on random forests, it can accommodate nonlinear relationships

among features and does not rely on functional-form assumptions for estima-

tion. Without GRF, capturing nonlinearities in the data requires the creation of

multiple interaction terms, and estimation becomes susceptible to the functional

form.

Another useful feature of GRF is that as a byproduct of individual treat-

ment effects, it yields doubly-robust ATEs. The ATE obtained from implement-

ing GRF can then be used as a robustness check of other parametric estimation

methods that have specific functional forms. In our application, we use the ATE

from GRF as a robustness to our ATE based on the DiD procedure, which has a

linear and additive form.

As a forest-based machine-learning application, GRF is vulnerable to over-

fitting, which is shared by all supervised learning methods. To minimize over-

fitting, we conduct hyper-parameter optimization using cross-validation and

perform out-of-bag predictions. In particular, out-of-bag predictions identify

for each example all the trees that did not use this example during training and

makes predictions for it using only these trees. For more details about GRF, we

refer readers to Athey, Tibshirani, and Wager (2019).

We leverage the panel structure of our data and apply the GRF procedure to

the changes in the outcomes before and after the treatment, instead of using the

outcomes themselves. This approach allows us to combine GRF with our DiD

model and apply it to the matched sample. In this way, we do not compromise

our identification strategy, which is based on the parallel-trends assumption,

and employ GRF for estimation purposes only. In other words, instead of run-

ning regressions, we apply a non-parametric forest-based procedure to estimate
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individual treatment effects, and the identifying assumptions are the same.

We define the outcome (Yi) as the log-transformed change in purchase be-

havior for customer i as follows:

Yi =
1
|TA|

∑
t∈TA

log(Yit) −
1
|TB|

∑
t∈TB

log(Yit), (2.4)

where TB and TA denote the six months before and after treatment, respectively.

To improve the performance of the causal forest, the developers of the algo-

rithm recommend not including every available covariate and instead letting

the forest search among covariates that are expected to cause heterogeneity in

the effect. We follow this recommendation and include a subset of the covariates

in estimating the propensity scores for the heterogeneity analysis. We include

recency, frequency, focal monetary value, other monetary value, firm tenure,

and website visits from the customer-firm relationship set. We also include age

and gender in the analysis.

2.5 Findings

In this section, we report our findings for the ATEs on the treated customers

(ATT) and discuss the heterogeneity of the effects. We also report the results of

robustness tests with respect to functional-form assumptions.

2.5.1 Average Treatment Effects

Before we estimate Equation (2.3) and report the ATT by time period, we first es-

timate its simpler version by defining a single post-treatment period in Equation
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(2.2). This approach gives us an overall idea about the ATT over the six-month

post-treatment period. As Table 2.5 shows, we find that exposure to products

through online sampling increased treated customers’ purchase amount as well

as order size. In the six months after treatment, treated customers on average

increased their monthly purchase amount and order size by 7% and 4%, respec-

tively.

Table 2.5: ATT Using DiD

Purchase Amount ($) Order Size

(1) (2)

Treatment × Post 0.07*** 0.04***

(0.01) (0.01)

Month fixed effects Yes Yes

Customer fixed effects Yes Yes

No. of customers 15,552 15,552

Observations 186,624 186,624

Notes: ***p < 0.001, **p < 0.01, *p < 0.05. Outcomes are in natural

log terms. Robust standard errors are clustered at the customer

level and shown in parentheses.

We also investigate whether the effect varied by the channel (online vs. of-

fline) through which customers made their purchases. In Table 2.6, we report

the ATT based on the shopping channel. The results suggest the overall effect

is almost equally divided and is statistically significant in both channels. The

effect on online and offline purchase amount post treatment are 4% and 3%, re-

spectively. Similarly, the effect on online and offline order sizes is 3% and 2%,
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respectively.

Table 2.6: ATT by Channel Using DiD

Online Offline

Purchase Amount ($) Order Size Purchase Amount ($) Order Size

(1) (2) (3) (4)

Treatment × Post 0.04*** 0.03*** 0.03*** 0.02***

(0.01) (0.00) (0.01) (0.00)

Month fixed effects Yes Yes Yes Yes

Customer fixed effects Yes Yes Yes Yes

No. of customers 15,552 15,552 15,552 15,552

Observations 186,624 186,624 186,624 186,624

Notes: ***p < 0.001, **p < 0.01, *p < 0.05. Outcomes are in natural log terms. Robust standard

errors are clustered at the customer level and shown in parentheses.

In Table 2.7, we report the ATT divided over time. The rows in the table are

organized based on the DiD estimates from short (1 month) to long (4-6 months)

terms. Our findings suggest the effect of exposure to product sampling from an

online retailer is highest within the first month of the treatment. Importantly,

we find the effect is persistent over time. Within the first month, the effect is

20% and 12% for purchase amount and order size, respectively, and drop to 4%

and 2% between four and six months after treatment.
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Table 2.7: ATT by Time Period Using DiD

Purchase Amount ($) Order Size

(1) (2)

Treatment × Short Post (1 month) 0.20*** 0.12***

(0.02) (0.01)

Treatment ×Medium Post (2-3 months) 0.05*** 0.03***

(0.01) (0.01)

Treatment × Long Post (4-6 months) 0.04*** 0.02***

(0.01) (0.01)

Month fixed effects Yes Yes

Customer fixed effects Yes Yes

No. of customers 15,552 15,552

Observations 186,624 186,624

Notes: ***p < 0.001, **p < 0.01, *p < 0.05. Outcomes are in natural log

terms. Robust standard errors are clustered at the customer level and shown

in parentheses.

2.5.2 Heterogeneous Treatment Effects

Using the estimates of the individual treatment effects obtained through the

GRF procedure in §2.4.5, we now report the heterogeneity of the treatment ef-

fects. As discussed earlier, the averages of the individual treatment effects serve

as a robustness check for the DiD estimates presented previously, which assume

linear and additive treatment effects (Keele 2015). Table 2.8 reports the ATT ob-

tained through GRF, which are similar to our findings in Table 2.5 from the DiD

analysis.
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Table 2.8: ATT Using GRF

Purchase Amount ($) Order Size

(1) (2)

Treatment × Post 0.07*** 0.04***

(0.01) (0.01)

No. of customers 15,552 15,552

Observations 15,552 15,552

Notes: ***p < 0.001, **p < 0.01, *p < 0.05. Outcomes are

in natural log terms. Bootstrapped standard errors are

shown in parentheses.

We also find significant variation in the changes in purchase measures across

customers as a result of ordering free samples online. Figure 2.4 shows how the

individual-level treatment-effect estimates are distributed. The effects are posi-

tive for all of the treated customers, but the magnitude of the increase varies con-

siderably, ranging from a mere 4% to 17% and 1% to 25% for purchase amount

and order size, respectively. Table 2.9 reports the summary statistics of the indi-

vidual treatment effects. Overall, these results illustrate the benefits of obtaining

individual treatment-effect estimates by applying the GRF procedure.

Using the individual treatment effects, we next identify the subgroups of

customers who have a stronger response to the treatment with respect to in-

crease in purchase behavior. To do so, we relate the heterogeneous treatment ef-

fects to observed covariates and divide treated customers into two equal-sized

groups based on their covariate values (i.e., below and above the median). We
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Table 2.9: Heterogeneity of Treatment Effects Across Treated

Mean Std.Err. Min Max N Nτ̂>0 Nτ̂<0

Purchase Amount ($) 0.07 0.01 0.04 0.17 7,776 7,776 0

Order Size 0.04 0.01 0.01 0.25 7,776 7,776 0
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Figure 2.4: Distribution of the Treatment Effects
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then compute the means of the personalized treatment-effect estimates across

the two groups.

Figure 2.5 shows how the ATT differs among the groups with high and low

covariate values. The figure demonstrates how purchase behavior changes as a

function of the RFM measures: customers who purchased more recently, more

frequently, and spent more in the pre-treatment period had a larger increase

in purchases after having exposure to product sampling. Similarly, customers

who had a longer tenure with the firm as well as those who benefited from

more discounts had a larger treatment effect. In terms of the customer-firm

relationship, this finding suggests the online product sampling had a stronger

effect on those customers who already had a strong relationship with the firm

and were essentially loyalists.

2.5.3 Robustness Checks

We analyze the robustness of our findings with respect to functional forms em-

ployed in our analysis. Specifically, we evaluate the sensitivity of our results to

functional-form assumptions in the dependent variable and the response sur-

face. We use the log transformation for our dependent variables in our main

analysis for several reasons. First, purchase data are skewed, hence applying

the log transformation provides a better fit. Second, by log-transforming de-

pendent variables, we interpret the impact as percentage changes in outcomes.

As such, comparing the impacts across different outcome measures becomes

easier.

As part of our robustness checks with regards to functional forms, we es-
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Figure 2.5: Conditional ATT (CATT) for High and Low Covariate Values

Note: * Indicates the CATT difference between high and low values of that covariate is statistically significant at 0.05.

timate our DiD model without log-transforming the outcomes. As shown in

Tables 2.10 through 2.12, all estimates are positive and statistically significant,

suggesting our main findings are robust in terms of functional forms of the out-

comes. The results suggest an average monthly increase of $0.32 in purchases of

the sampled products among the treated customers after ordering the free sam-

ples in the long term. Another test with regards to the functional forms involves

evaluating the linear and additive structure of the DiD estimation. As discussed

in §2.4.5, the estimation via GRF allows us to relax this assumption, and as we

discussed in §2.4.5, our findings are not influenced by this assumption.
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Table 2.10: ATT Using DiD without Log Transformation

Purchase Amount ($) Order Size

(1) (2)

Treatment × Post 0.32*** 0.01***

(0.07) (0.00)

Month fixed effects Yes Yes

Customer fixed effects Yes Yes

No. of customers 15,552 15,552

Observations 186,624 186,624

Notes: ***p < 0.001, **p < 0.01, *p < 0.05. Robust standard

errors are clustered at the customer level and shown in paren-

theses.

2.6 The Role of Affect

Marketers use product sampling to introduce their products to new audiences,

to strengthen relationships, and to increase engagement with existing customers

as well as encourage sales of new products. One reason this product sampling

can influence customer behavior is that it can create positive affect, a pleasant

internal-feeling state that in turn can lead to a positive judgment and evalua-

tion of the products sampled as well as the brands of those products. Among

the different types of affect in consumer judgment and decision-making, inte-

gral affect is particularly relevant in product sampling (e.g., Cohen, Pham, and

Andrade 2018).

Integral affect is the affective responses that are evoked through direct expe-
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Table 2.11: ATT by Channel Using DiD without Log Transformation

Online Offline

Purchase Amount ($) Order Size Purchase Amount ($) Order Size

(1) (2) (3) (4)

Treatment × Post 0.20*** 0.01*** 0.12* 0.00*

(0.04) (0.00) (0.1) (0.00)

Month fixed effects Yes Yes Yes Yes

Customer fixed effects Yes Yes Yes Yes

No. of customers 15,552 15,552 15,552 15,552

Observations 186,624 186,624 186,624 186,624

Notes: ***p < 0.001, **p < 0.01, *p < 0.05. Robust standard errors are clustered at the customer

level and shown in parentheses.

rience with the object of judgment or decision. The pleasant feeling of tasting

a wine or smelling a fragrance are examples of positive affective responses that

give rise to integral affect. These affective responses are integral because they

are elicited by features of the object that one experiences after direct contact.

Studies have shown the existence of a strong relationship between integral af-

fect and object evaluation to the extent that objects that generate positive inte-

gral affect are evaluated more favorably, and vice versa. Moreover, as a result

of positive affect, product sampling positively influences consumers’ belief and

confidence in the product (e.g., Marks and Kamins 1988), perceived quality of

the product, and evaluation of the brand and purchase intention (e.g., Kempf

and Smith 1998). These positive attitudes toward the featured products can be

expected to be larger immediately after exposure to the product sampling when
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Table 2.12: ATT by Time Period Using DiD without Log Transformation

Purchase Amount ($) Order Size

(1) (2)

Treatment × Short Post (0-1 months) 0.82*** 0.03***

(0.19) (0.01)

Treatment ×Medium Post (2-3 months) 0.25** 0.01**

(0.10) (0.00)

Treatment × Long Post (4-6 months) 0.19* 0.01*

(0.10) (0.00)

Month fixed effects Yes Yes

Customer fixed effects Yes Yes

No. of customers 15,552 15,552

Observations 186,624 186,624

Notes: ***p < 0.001, **p < 0.01, *p < 0.05. Robust standard errors are clustered

at the customer level and shown in parentheses.

consumers’ direct experience with the products is more salient, compared with

longer time periods after exposure (e.g., Cohen, Pham, and Andrade 2018).

Allowing customers to physically try and experience a sample of a product

before purchasing it can create positive integral affect toward the products in

several ways. First, mere exposure in product trials has been shown to generate

positive affective responses toward the products (e.g., Kempf and Smith 1998).

These positive affective responses have also been shown to be stronger for he-

donic or experience products than for functional products (e.g., Kempf 1999).

Furthermore, the fact that product trials are costless to the consumers can be a
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reason to evoke positive affect. Indeed, Shampanier, Mazar, and Ariely (2007)

show that free offers evoke positive affect and consumers use this affect as input

for their decision-making process.

Product trial can also generate positive affect by reducing the uncertainty

about product quality and fit. The reason is that compared with other sources

of product information such as word of mouth or advertising, consumers are

shown to be more responsive to direct information of products, in particular

to information about their experiential attributes (e.g., Wright and Lynch 1995).

They tend to overrate personal experience with a product and to discount in-

direct experiences (e.g., Marks and Kamins 1988; Kempf and Smith 1998). As

product sampling reduces uncertainty, it helps eliminate an important source

of friction in the consumer decision-making process and allows them to make

more informed decisions (e.g., Biswas, Grewal, and Roggeveen 2010). More-

over, according to uncertainty-reduction theory, lower levels of uncertainty is

linked to pleasant feelings and increased liking toward the object of interest

(e.g., Berger and Calabrese 1974).

Aside from generating positive affect toward the products, product trial can

generate positive affect toward the business and brands as well. When con-

sumers receive a benefit from a business in the form of a small gift, courtesy,

or even extra effort, they develop positive affect specifically by having feelings

of gratitude. These feelings are accompanied by trust toward the business and

brands and a strong urge to reciprocate the benefit received (e.g., Morales 2005;

Dahl, Honea, and R. V. Manchanda 2005). Previous research has shown the urge

to reciprocate leads to not only increased purchase intentions but also changes

in consumer behavior toward the business and brands. For example, consumers
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who received a free sample from an online retailer are shown to give higher rat-

ings to those products due to reciprocity (e.g., Lee and Tan 2013). However,

feelings of gratitude decay over time and gratitude-based reciprocal behavior

tend to be stronger in the short term, in particular immediately after the benefit

is received (e.g., Palmatier et al. 2009).

For consumers to engage in gratitude-based reciprocal behavior, the bene-

fit received must be perceived as a benevolent act that shows the business is

caring for the consumers and not simply trying to increase its own profit (e.g.,

Palmatier et al. 2009). Because online product sampling involves sending cus-

tomers free samples so they can try them at home, it is likely to be perceived

as a sign of goodwill of the business. Moreover, sending free samples during

especially hard times such as a pandemic is likely to elevate this perception of

goodwill and thereby lead to even higher levels of gratitude.

Guided by the aforementioned findings in the literature, we conjecture that

the impact of online product sampling on customer behavior primarily works

through generating positive affective responses among customers. To investi-

gate whether this suggested explanation indeed plays a role in the treatment

effects, we perform several analyses in which we utilize data on online activity,

product returns, and customer purchases at the brand level.

First, we argue that if online product sampling generates positive affect to-

ward the sample products by reducing uncertainty, one way this can manifest

itself is through a reduction in online search activity related to the featured

products. When customers are uncertain about product quality and fit, they

will actively seek additional information to reduce such uncertainty, and ex-

periencing the products first-hand likely gives customers enough information
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so that the need for additional search might be reduced. We test this idea by

utilizing our data on online activity related to sample products and estimate

Equation (2.2) on the following measures: number of website visits, number of

page views, and amount of time spent on the online store. As shown in Table

2.13, compared with control customers, treated customers’ online activity re-

lated to sample products decreased by 3% on average post treatment across all

three measures.

Table 2.13: ATT on Online Activity

Website Visits Page Views Duration

(1) (2) (3)

Treatment × Post -0.03*** -0.03*** -0.03***

(0.01) (0.01) (0.01)

Month fixed effects Yes Yes Yes

Customer fixed effects Yes Yes Yes

No. of customers 15,552 15,552 15,552

Observations 186,624 186,624 186,624

Notes: ***p < 0.001, **p < 0.01, *p < 0.05. Robust standard errors

are clustered at the customer level and shown in parentheses.

An additional way that positive affect and uncertainty reduction toward

sample products can manifest itself is through lower return rates. If customers

are less uncertain about sample products due to trial, we expect to see a differ-

ence in return rates when we compare the returns of sample products with the

returns of other products that were not featured in the sampling.7 Before online

7As the retailer offered about 7,000 items to customers, we included the products in the
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product sampling, the average monthly return rates for sample products and

other products in the same categories were 6.6% and 6.1%, respectively. After

online product sampling, return rates increased to 7.9% and 8%, respectively,

meaning the return rate increased by 19% for sample products, but by 33% for

other products. This finding suggests online product sampling was indeed ef-

fective in limiting the increase in return rates.

As discussed earlier, online product sampling can also generate positive af-

fect toward the business and brands as feelings of gratitude, which would be

accompanied by a strong urge to reciprocate. If this indeed plays a role, we

should see online sampling lift not only sales of the sample products included

in the sampling but also sales of other products from the brands featured in the

sampling (brand products). In other words, we should see online product sam-

pling generate spillover demand for the brands included in the sampling. In

addition, we expect no changes in demand for other products in other brands

(other products), because the effect of online product sampling has no reason to

spill over to other brands. We investigate this idea by estimating Equation (2.2)

with customer purchases at the brand level. As Table 2.14 shows, compared

with control customers, treated customers increased their purchase amount and

order size for products of brands included in the sampling by 8% and 10% on

average, respectively. However, treated customers did not change their pur-

chases of products in other brands.

The role of affect as a potential mechanism in explaining the treatment ef-

fects can also be seen both in the temporal dynamics and the heterogeneity

of the effects. Specifically, affect-based behavior is argued to be stronger in

the short term, immediately after exposure to the stimuli. This observation is

product categories of the sample products for other products in our analysis.
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Table 2.14: ATT on Brand and Other Products

Brand Products Other Products

Purchase Amount ($) Order Size Purchase Amount ($) Order Size

(1) (2) (3) (4)

Treatment × Post 0.08* 0.10*** -0.01 0.01

(0.04) (0.02) (0.02) (0.02)

Month fixed effects Yes Yes Yes Yes

Customer fixed effects Yes Yes Yes Yes

No. of customers 15,552 15,552 15,552 15,552

Observations 186,624 186,624 186,624 186,624

Notes: ***p < 0.001, **p < 0.01, *p < 0.05. Outcomes are in natural log terms. Robust standard

errors are clustered at the customer level and shown in parentheses.

indeed what we have reported in §2.5.1; that is, the effect is strongest in the

first month after treatment and decreased as time passed. Regarding our find-

ings of the heterogeneity of the effects, we posit that they are also consistent

with the affect-generating mechanism. The reason is that previous work has

demonstrated launching new promotions or services has a diminished impact

on customers who had more experiences with the firm prior to receiving the

treatment (e.g., Bell, Gallino, and Moreno 2020). Therefore, customers who are

already loyal have a higher threshold to be motivated to increase their spending

with the firm. Therefore, if online product sampling had been perceived as yet

another promotional offer, we would have seen a similarly diminished impact

among loyal customers. However, our results suggest the opposite, and we ar-

gue the reason is the campaign’s power in generating affective responses from

96



the customers.

Taken together, our analyses using granular data on online activity, product

returns, and purchases at the brand level, as well as our findings regarding the

temporal patterns and the heterogeneity of the treatment effect, jointly provide

evidence for positive affect generation and uncertainty reduction as the mecha-

nism of the effect of online product sampling on customer behavior.

2.7 Conclusions

The growing importance of ecommerce in the retail landscape has motivated

retailers to employ new ways to enable the TBYB experience. A relatively new

one that can serve this purpose is online product sampling, whereby a business

or brand sends samples of physical products to consumers and allows them to

try the products in the comfort of their homes. This practice has gained traction

and is increasingly becoming popular among consumer brands and retailers,

which naturally begs the question of its economic value for the business.

Through our partnership with an omni-channel retailer that launched on-

line product sampling during the height of the pandemic, we utilize quasi-

experimental data over a 13-month period and measure the causal effect of on-

line sampling of physical products on customer behavior post treatment. Our

two-step identification strategy leverages the longitudinal aspect of our data

and is based on first creating matched pairs of treated and control customers and

then employing DiD estimation. We also otain individual treatment effects by

combining GRF, a nonparametric statistical procedure based on machine learn-

ing, with our DiD model for the matched sample.
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We find online product sampling is effective in lifting customer purchases

and does so by making treated customers purchase more items per order. The

impact of ecommerce sampling on customer demand is economically signifi-

cant, persistent over time, and is heterogeneous across customers. Furthermore,

we find the impact spills over positively to brand demand and to both online

and offline channels. Our findings are robust to potential confounding effects

of self-selection and unobservables.

We explain these findings through the theoretical lens of an affect-generation

mechanism. We argue the impact of online product sampling may work

through generating positive affect in customers in multiple ways. Product sam-

pling increases consumers’ belief and confidence in the products as well as the

evaluation of the brands featured, due to the exposure effect of the free sample

products. Moreover, exposure to the free samples reduces uncertainty about

product quality and fit, which not only allows customers to make more in-

formed decisions but also increases liking for the products. Finally, receiving

free samples gives rise to an affective response in the form of gratitude from

customers. Feelings of gratitude are accompanied by a strong desire to recip-

rocate the benefits received, which ultimately leads to the positive changes in

purchase behavior.

Our research presents evidence on the economic value of online sampling of

physical products. Because this research is among the first attempts to quantify

the long-term impact of online product sampling on customer demand, a num-

ber of limitations should be acknowledged and perhaps addressed in future

research. First, given that our context lacks random assignment into treatment

and control groups, our identification strategy hinges on the parallel-trends as-
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sumption. We have shown evidence that this assumption is likely to hold in our

context. However, we are unable to rule out with certainty any bias that might

result from time-varying unobservable factors. Second, our study focused on

a single retailer in a specific industry. Therefore, replication across other firms

and industries would be needed to build empirical generalizations on this topic.

Finally, our study context took place in the midst of a pandemic, which has its

own merits in terms of examining the effect of online product sampling at a

unique time. However, more research is needed to establish the generalizabil-

ity of these findings to normal market conditions. With that caveat in mind,

we hope our approach provides a framework for further studies. We hope our

work will generate further interest in improving our understanding of the TBYB

experience in a growing ecommerce landscape.
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CHAPTER 3

THE IMPACT OF AN ONLINE PLATFORM’S ALGORITHM CHANGE ON

VIEWER BEHAVIOR

3.1 Introduction

The digital economy is essential in both consumers’ and firms’ daily activities.

At the heart of this ecosystem are online platforms. By bringing together con-

sumers and intermediaries online platforms allow exchanges that would oth-

erwise not happen, thus they are key in delivering benefits to consumers and

businesses. Online platforms serve distinct group of users and broadly can be

distinguished based on the key activities that consumers perform on them. They

offer varied services such as Internet search engines (e.g. Google, Bing, Yahoo),

online market places (e.g. eBay, Amazon), video-sharing platforms (e.g. Vimeo,

YouTube), music and video platforms (e.g. Spotify, Netflix), social networks

(e.g. Facebook, Twitter), collaborative economy platforms (e.g. AirBnB, Uber),

online gaming (e.g. Steam), review platforms (e.g. Tripadvisor, Yelp) etc.

While online platforms are hugely diverse in terms of the services they offer,

a shared attribute is their increasing utilization of algorithms. Many platforms

routinely deploy algorithms as decision makers, ranging from purposes as sim-

ple as choosing the layout of a page or the shape of a button, to decisions as

important as which website should be shown first or which news article should

be given priority.

These algorithms play a major role in today’s Internet economy. They in-

creasingly serve as gatekeepers because they determine visibility, sharing and
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flow of information (Tufekci 2015). To name a few examples, Google’s search

ranking algorithm determines how websites should be ranked in response to a

keyword search, thus is critical in generating traffic to websites. Amazon’s Buy

Box algorithm decides, for a given product being sold by many sellers, which of

the sellers will be featured in the Buy Box on the product’s landing page (Chen,

Mislove, and Wilson 2016). Facebook’s News Feed algorithmic decision maker

decides whether a post shared by one of its users or a news article by a publisher

is shown to other users or not.

A key characteristic of these algorithms is that details about their workings

is usually not visible to the public. In addition, in many social or entertain-

ment platforms such as Facebook and YouTube they are tailored to each indi-

vidual, making them highly capable of customizing the content viewers receive.

In some cases online platforms inform the public when their algorithmic deci-

sion maker undergoes through an important update. Google, for example, an-

nounced on January 21, 2011 that the growth of content farms and low-quality

sites threatened users’ trust in Google’s search result and that it was going to

develop some changes to its search results ranking algorithm.1 Similarly, start-

ing on August 6, 2013, Facebook has been announcing new features of its News

Feed algorithm, which is the primary system through which users are exposed

to content posted on the network, on its blog.2

This non-transparent gatekeeping capacity of algorithms poses a fundamen-

tal challenge for society in large: every tweak to these algorithms can have

huge impacts on users, the platforms’ intermediaries and other stakeholders.

Google’s update dubbed as Google Panda, for example, was released in Febru-

1https://googleblog.blogspot.com/2011/01/google-search-and-search-engine-spam.html
2https://www.facebook.com/business/news/News-Feed-FYI-A-Window-Into-News-Feed
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ary 2011 and its effect went global in April 2011. The impact was particularly

heavy on media companies that had a search advertising-heavy business model

because traffic to their websites decreased dramatically after the change. De-

mand Media, an online content maker, lost about 34% of its shares within a

couple of weeks after Google’s Panda update went into effect (Swisher 2011).

Recent research in marketing and social sciences have reported that algorith-

mic manipulations can have a substantial impact on consumers’ feelings and

attitudes (e.g., Hauser et al. 2009; Kramer, Guillory, and Hancock 2014; Bak-

shy, Messing, and Adamic 2015), however much of their effects on users and

intermediaries of platforms remains a mystery. In particular, the impacts of

algorithms on users and other stakeholders can reach beyond the confines of

the platform or website in which they are employed, and research into these

potential effects is lacking. In this research we attempt to fill this gap by seek-

ing answers to the following questions. What impact does an online platform’s

change of its algorithm have on its users’ behavior towards an intermediary

operating on that platform? Does the impact vary across specific dimensions

of the content that the intermediary produces? Finally, what is the underlying

mechanism of a potential impact?

Addressing these questions is challenging for a few reasons. To begin, one

needs to keep abreast of the changes that a platform makes to its algorithm

by constantly monitoring the platform and its announcements. However, even

with information regarding the nature of the change to the platform’s algorithm,

analyzing its impact on users’ behavior and the intermediaries’ decisions out-

side of the platform is challenging because of data limitations. Only if one has

the privilege of accessing proprietary data of a business that operates within the
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platform, one can leverage the platform’s disclosing of algorithm updates and

compare the changes in measures of interest of that business and its customers

with respect to the changes in the algorithm. Another challenge could be related

to the type of data one has access to. Using observational data might not allow

to isolate the causal effect due to selection bias and unobersvable confounders,

whereas data from experiments that randomly assign users to treatment arms

would be more conducive for studying questions such as ours.

We address these questions by focusing on the Internet’s largest social net-

working platform: Facebook; and an online publisher that primarily produces

content to be distributed on this platform but also operates its own website in-

dependent of the platform: Upworthy.com. Upworthy is an online publishing

company that started in March 2012, and by the end of 2013, it was being called

the fastest-growing media company in the world (Kamenetz 2013). The com-

pany was at the forefront of U.S. media from 2013 to 2015. At the core of its

success was its idea of using attention-grabbing headlines, which since has been

referred to as “clickbait”.

Soon after Facebook created its blog for sharing News Feed updates, on De-

cember 2, 2013, Facebook announced first time that it was changing the way

it ranked content in its News Feed algorithm in order to promote high-quality

content (Kacholia and Ji 2013). While it was highly speculative what Facebook

defined as high-quality content, Facebook News Feed manager Lars Backstrom

acknowledged in an interview that the screening would be primarily at the

source level rather than content itself. Practically, this meant that contents from

certain publishers would be flagged as high-quality and promoted in the News

Feed, while others would be demoted (Kafka 2013). The manager also stated
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that no specific publisher would be targeted and did not disclose which pub-

lishers’ content would be demoted.

The objective of this paper is to uncover how Facebook’s decision to change

its News Feed algorithm impacted users’ behavior towards content Upworthy

published on its website. Providing answers to this question is important in

this era of Internet economy because it will allow us to better understand the

implications algorithmic decision makers can have even beyond the control of

the platforms that employ them and let managers prepare accordingly.

To achieve this objective we leverage data from a series of experiments that

Upworhty conducted on its website over a period of 121 weeks. The purpose of

the experiments was to test the effectiveness of headlines for a given story be-

fore publishing it, and find the one that would generate the highest clickthrough

rate. Using data from experiments ensures the elimination of selection-bias and

because the change to Facebook’s algorithm occurred at a specific date and in-

dependent of the experiments, we are able to generate insights about the event’s

impact by comparing various measures of customer behavior as well as Upwor-

thy’s content management practices before and after that date.

A critical component of our analysis involves the classification of headlines.

This is important for two reasons. First, we want to understand whether the im-

pact varies with respect to the headline being clickbait vs non-clickbait. Second,

Upworhty’s clickbait type headlines might generate larger clickthrough rates

compared to non-clickbait ones. Therefore we classify headlines in an auto-

mated manner using deep-learning methods for classification, and incorporate

them in our empirical model. Our empirical model exploits the nested structure

of the data and employs pre-post comparison. Experiments were conducted
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weekly across 121 weeks, prior and after the change to the algorithm, and each

one tested the effectiveness of multiple headlines.

We find Facebook’s first change to its News Feed algorithm caused a signifi-

cant decrease in clickthrough rates for headlines Upworthy tested on its website.

Specifically, clickthrough rates decreased on average by about 0.8 percentage

points in the period after the change took place. Considering that the average

clickthrough rate was 2.1% before the change, Facebook’s change to its News

Feed algorithm caused almost a 40% reduction in the average clickthrough rate.

Our analysis also reveals that clickbait headlines generated higher click-

through rates overall, but clickthrough rates declined similarly for clickbaits

and non-clickbait headlines after the announcement. On the publisher’s side,

we find that it increased on average not only the number of experiments it con-

ducted on a weekly basis but also the number of headlines it tested in each

experiment.

A key way in which Facebook’s algorithm change can impact users is by

reducing the visibility of the publisher’s content shared by other users. As vis-

ibility is key in receiving clicks (Bakshy, Messing, and Adamic 2015), reducing

it will drop the clicks posts receive, which ultimately will lead to less traffic to

the publisher’s website. Because users who come to the publisher’s website

from Facebook are self-selected users who are more likely to be interested in

the content, they are also more likely to spend more time on the website and

click through other content. However, the change of the algorithm disrupts

this self-selection process, hence results in decreased clickthrough rates. To test

this mechanism, we leverage Google Trend data. Using trend data of keywords

“Upworthy” and “Buzzfeed” as proxies for traffic to Upworthy.com and Buz-
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zfeed.com we find evidence that Facebook’s change to its algorithm indeed de-

creased interest to Upworthy.com.

Our paper is related to a few streams of research. We contribute to the grow-

ing literature in marketing and the social sciences that reports the impact of

algorithmic decision makers on consumer’s behavior as well as feelings. In a

variety of settings previous research has shown that algorithmic manipulations

ranging from product recommendations to website design can have a significant

impact on consumers’ behavior and feelings (e.g., Hauser et al. 2009; Chung,

Rust, and Wedel 2009; Kramer, Guillory, and Hancock 2014). Our research adds

to this literature by showing the impact of algorithms can reach beyond the

platform or website in which they are enployed.

A rich literature on keyword search advertising in marketing have docu-

mented the effects of ad positions on consumer clicks and conversions (e.g.,

Agarwal, Hosanagar, and Smith 2011; Rutz and Trusov 2011; Chan and Y.-H.

Park 2015). In a similar vein, the literature in ecommerce has shown that rank or-

ders determined by algorithms in search engines has a significant impact on the

clickthrough rates and conversion rates (e.g., Jerath et al. 2011; Ghose, Ipeiro-

tis, and Li 2014). A common attribute of these studies is that they measure the

impact of certain features of the algorithms and attempt to understand how to

improve the effectiveness of these features. We add to this litearture by report-

ing the impact of the change to to the algorithm itself.

Additionally, we contribute to the nascent and growing literature on the

causal inference of various marketing interventions on customer behavior using

experimental data. Only a few papers in this area have used machine-learning

methods (e.g., Ascarza 2018; Fong et al. 2019). Our paper adds to this stream
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of research by combining traditional econometric methods with state-of-the-art

machine-learning tools for causal inference.

The remainder of the paper is organized as follows. §3.2 describes our re-

search setting and data. §3.3 discusses our empirical methodology. We present

our findings in §3.4 and discuss the possible explanation for our findings in §3.5,

and conclude in §3.6.

3.2 Research Setting and Data

In this section, we describe our research setting and data. In §3.2.1, we discuss

the relationships online publishers may have with Facebook, and provide a de-

scription about Upworthy.com and the publishing strategy it employed during

our data period in §3.2.2. In §3.2.3, we describe the data we obtained from the

Upworthy research archive to study how the change in Facebook’s News Feed

algorithm impacted user behavior as well as publisher behavior.

3.2.1 Facebook and Publishers

Facebook as a platform is key for many online publishers because it generates

not only ad revenue but also referral traffic to publishers’ website. Between

December 2011 and December 2014 Facebook became the number one source

of traffic for many digital publishers, its share of total visits sent to publishers

rose by 277.26%. In December 2014 Facebook sent 24.63% of the total visits

publishers received, up from 6.53% in December 2011. Over a comparable time

frame, Facebook’s user base grew 60%, suggesting that the near 4x explosion in
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traffic share was due to a far more engaged user base (Wong 2015).

The primary system that determines traffic to publishers’ website from Face-

book is the News Feed algorithm. Launched in September 2006, the algorithm

is the key decision-maker through which users are exposed to content posted on

the network. When users click on publishers’ content - posted either by them or

other users - they are diverted to the publishers’ website, hence ranking higher

on the News Feed at Facebook is critical for publishers 3. Previous research has

shown that the higher the link, substantially more likely it will be clicked on

(Bakshy, Messing, and Adamic 2015). As such, an online publishing company

whose business model heavily relies on the visibility it gains on social platforms,

in particular Facebook, lives and dies by placement that is determined by the

News Feed algorithm. Needless to say, the more traffic Facebook drives to pub-

lishers, the more reliant publishers become on the platform, and any changes

to Facebook’s News Feed algorithm has the potential to impact both users and

publishers.

Upworthy is an online publishing company that started in March 2012 with

a purpose of reaching large audiences with content on social and cultural issues

that is entertaining to consume as well as compelling to share on social media.

Since its inception the company has been meticulous about creating shareable

content that appeals, so that they generate attention on online platforms, in par-

ticular Facebook. Towards this, the company has been publishing on the Inter-

net content with topics like global poverty, domestic violence, drunken driving,

gender bias, income inequality, AIDS, bullying, bigotry, and pediatric cancer.

3This was the case during our observation period. Facebook made other changes to News
Feed since mid 2015. Facebook is now partnering with several publishers and allows users
access content without directing them to publishers’ websites.
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Although the company’s goal to reach large audiences with content that mat-

ters had noble intentions, its early strategy to achieve that goal were not differ-

ent than contemporary digital intermediaries in the world of online publishing.

Content aggregation rather than producing original content was the company’s

blueprint for publishing. Upworthy’s writers (or curators as the company called

them) searched the internet for stories with emotional salience and then repub-

lished them with compelling new headlines and tools to share the posts on so-

cial networks, mainly on Facebook.

Two main facts shed light on Upworthy’s success in growing prominence

within the Facebook universe. First, according to the company, within two years

of its inception 78% of Americans on Facebook liked or had a friend who liked

Upworhty’s page. Second, people shared Upworthy posts at a rate that was

nearly eight times the rate of the next comparable site. This suggests that Up-

worhy’s reach primarily came from its core audience sharing links to everybody

they knew on Facebook (Abebe 2014).

3.2.2 Publishing at Upworthy

The way in which Upworthy differed from other companies in online publish-

ing, at least in its early years, was their approach in running experiments to find

the optimal headline and image pair, defined as the package, to share a given

story with. After finding interesting stories from around the Web, writers would

repackage them with enticing headlines, and the company’s content manage-

ment platform would test these packages through experiments. The platform

would measure responses, and compare the probability of a viewer clicking on
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different potential packages for the same story.

The experiments were conducted on the homepage and article pages of Up-

worthy.com by randomly assigning different readers to see different headlines

for the same story in recommendations to readers. The experiments allowed

comparison between headlines, the number of participants that were shown

a given package (impressions) and the number that clicked on the headline

(clicks). Based on the experiment results, the editorial team would choose the

winning headline, and from then it would be the only headline to be displayed

on the homepage (Matias and Munger 2019).

At the core of Upworthy’s A/B testing strategy was their belief that virality

is a function of content and the clickability of the headline that displayed the

content. However, cofounder and curator-in-chief Peter Koechley advocated

that it was much easier to optimize on the headline - creating the headline that

would attract the most clicks - than the content itself.4 As such, Upworthy deter-

mined that headlines need to be optimized for different platforms. They argued

that a headline works well for Google when everything readers want to know is

presented to them within few words - meaning there is no need to click through.

In contrast, a good social media headline seduces people to click through by

creating a curiosity-gap. Pioneered by George Loewenstein’s research (Loewen-

stein 1994), this method works by telling readers enough to whet their curiosity

but not enough to fulfill it, which in turn drives them to click on the headline

for wanting more of the story.

A/B testing titillating headlines without changing the underlying content

was quite unique to the extent that it allowed the website to manage its con-

4https://www.slideshare.net/fmsignal/this-title-matters-more-than-my-talk-speaker-
peter-koechley-upworthy
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tent with insights obtained from experiments. This experimental approach in-

deed produced powerful results: Upworthy’s repackaged videos and articles

received an average of 75,000 likes per post on Facebook, about 12 times that of

any other news organization, and the site spiked to 87 million unique viewers in

December 2013 (Fitts 2014). Around the same time, Upworthy was being called

the fastest-growing media company in the world and also won the fastest rising

startup in TechCrunch’s Crunchie awards (Kamenetz 2013).

3.2.3 Data

To study our research questions we leverage the Upworthy research archive

(Matias and Munger 2019), which was made available to the public in April

2020 by academic researchers for research and educational purposes.5 The com-

plete archive consists of 32,488 experiments conducted at Upworthy.com from

January, 2013 through April, 2015. For each experiment, the dataset includes

viewer responses to each package in an experiment. A package refers to a pair

of headline and the image that accompanies it. The dataset includes over 150

thousand packages with a median of 4 packages per experiment. Together, these

packages received over 538 million impressions and over 8 million clicks. Each

experiment included a median of 14,342 impressions and a median of 201 clicks

per experiment.

Around half of the experiments in the sample compared both headlines and

images. However, images are not available in the archive and only their unique

identifier can be seen, therefore we only kept tests that used the same image

5Interested readers may find more information about the archive at
https://upworthy.natematias.com/
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and only varied the headlines. This left us with 16,645 valid tests and 72,787

headlines. The tests in our sample received over 260 million impressions and

over 3.5 million clicks.

Figure 3.1 is an example of an experiment that shows the same story with

four different headlines at Upworthy.com. Table 3.1 shows the summary of the

key outcome variables across 121 weeks.

 

Figure 3.1: Example of Packages Tested at Upworthy

This dataset has a few unique features that make it a good match for our

research purposes. First, it consists of a series of experiments, as such is free of

selection-bias that usually poses a challenge using observational data. Second,

the archive covers 121 weeks, thus has enough observations before and after

the changes to the News Feed algorithm. Finally, the experiments conducted

at the website are independent of Facebook, and thus the change of the News

Feed algorithm bears no connection to the experiments or their outcomes. These
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Table 3.1: Summary Statistics

Mean St.Dev. Min Max

No. of tests 137.56 70.63 5.00 323.00

No. of headlines 601.55 357.62 18.00 1617.00

No. of impressions 2,164,760.00 1,694,514.00 36,126.00 8,530,511.00

No. of. click 28,820.06 16,793.48 901.00 67,231.68

features altogether make this dataset conducive for studying the causal impact

of the change to the News Feed algorithm at Facebook.

3.3 Research Design and Methodology

In this section, we describe the framework we adopted to study the impact of

the algorithmic change in Facebooks’ News Feed on both user and publisher

behavior during our observation period.

3.3.1 Patterns in the Data and Descriptive Statistics

To begin with, in Figures 3.2 to 3.5 we show without employing any model

how user and publisher behavior change over time, especially before and after

the policy change by Facebook. A clear pattern emerges from the figures: the

weekly number of tests, headlines per test increased throughout the observation
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period, whereas the number of impressions per headline remained stable and

clickthrough rates decreased.

Figure 3.2: Number of Tests by Week

To test in a model-free manner whether the changes on our measures of in-

terests were statistically and economically meaningful, we compared the means

of the outcome measures before and after the algorithm change went into ef-

fect in week 47 of our observation period. Table 3.2 shows the results, which

clearly suggest that the changes are significant both economically and statisti-

cally. Compared to the before period, in the period after the change went into

effect, the publisher on average performed 65 more experiments per week and

tested on average 0.73 more headline per experiment. The publisher also in-

creased the number of impressions it assigned per test by 2000. On the user
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Figure 3.3: Number of Packages per Test by Week

side, we also see a significant change in behavior. The average clickthrough

rate per experiment, in particular, decreased by about 0.8 percentage points.

Considering that the average clickthrough rate was 2.1% before the change, this

corresponds to almost a 40% decline in clickthrough rate.

The model-free analysis is a simple comparison of our measures of interest

before and after the change went into effect. As such, it does not take into ac-

count differences that might result from editorial decisions. For example, head-

lines might have different features in some parts of the data period, which might

play a role in users’ decision clicking on them. Also, the data structure is nested,

which implies that headlines within nests are not independent. Headlines were

tested within different experiments, and experiments were conducted at dif-
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Figure 3.4: Number of Impressions per Test by Week

Table 3.2: Pre and Post Mean Differences

Pre Post Difference

No. of tests 96.71 161.75 65.04

No. of headlines per test 3.76 4.49 0.73

No. of impressions per test 13135.34 15136.26 2000.92

Clickthrough rate per test 2.10% 1.30% -0.80%

119



Figure 3.5: Clickthrough Rate per Test by Week

ferent weeks, which together cause dependencies that could be a factor in the

changes we observe. Therefore, we need to build an empirical model that ac-

counts for these factors and allows us to estimate the impact of the algorithm

change net of all other factors. To do so, we first employ deep-learning to clas-

sify headlines into clickbait or non-clickbait classes.

3.3.2 Clickbait Classification

It is critical that our analysis differentiates between clickbait and non-clickbait

headlines for several reasons. First, clickbaits are designed to lure users into

clicking by stimulating their curiosity, therefore we expect them to generate
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higher clickthrough rates. Second, the algorithmic change might increase users’

awareness towards clickbaits, thus it might impact their attitude towards them

differently after the change went into effect compared to non-clickbaits.

We also know from our descriptive analysis that the number of headlines per

week increased at a faster pace in the post period. Since, clickbaits are expected

to generate higher clicks, not controlling for them in our analysis will cause

our estimates to be under or overestimated depending on whether the number

of clickbait headlines followed a similar or different path then the number of

headlines per week.

To create a supervised classification model we employed deep-learning that

does not require feature engineering. Using deep-learning rather than feature

engineering eliminates the need to manually specify the features in headlines

that might play a role in the classification task and delegates this process to

an automated deep-learning architecture. Furthermore, we used pre-trained

word embeddings to transform the words in the corpus to embeddings. The

embeddings have 300 dimensions and were trained using a distributed sub-

word embedding technique on 1.67 million Facebook posts that were shared by

a set of mainstream and unreliable media within January 1st, 2014 – December

31st, 2016. The technique was introduced by Rony, Hassan, and Yousuf (2017),

uses an extension of the continuous skip-gram model which takes into account

subword (substring of a word) information and is called as Skip-Gram. The

hallmark of the method is that it breaks down words into subwords, rather than

treating each word as a unit, and aims to correctly predict the context subwords

of a given subword. This extension allows sharing the representations across

words, thus allowing to learn reliable representations for rare words. Using
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neural network, the method learns the mapping between the output and the

input. The weights to the hidden layer in the neural network form the vector

representations of the subwords.

Rony, Hassan, and Yousuf (2017) used headlines and bodies from 1.67 mil-

lion Facebook posts to learn 300 dimensional word embeddings using this

model. It allows having richer word embeddings which capture the details of

semantic, conceptual and contextual information. Compared to Google News

dataset’s 100 billion embeddings the corpus has 477,236 unique embeddings.

The authors demonstrate that even though the size of their corpus is signifi-

cantly smaller than the Google News dataset, it contributes significantly more

to the clickbait classification task. According to the authors, this observation

can be explained through the fact that the embeddings learned from their cor-

pus having more domain specific knowledge than the Google News dataset.

In light of this, we decided to use these pre-trained word embeddings in our

clickbait classification task.

We use these embeddings to map headlines to a vector space and then em-

ploy a deep recurrent neural network (RNN) architecture with a gated recur-

rent unit layer (GRU). In the last few years, there have been incredible success

applying RNNs to a variety of problems: speech recognition, language mod-

eling, translation, and image captioning. They have also proven to be very

effective in text classification problems (Anand, T. Chakraborty, and N. Park

2017). Compared to mainstream ML methods, deep-learning based methods,

especially RNNs, can capture the dependencies between the beginning and end

of a sentence, hence classify texts more accurately. For example, traditional ML

methods would incorrectly classify: ”This place lacks good food, good service,
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good hygiene.” as possessing positive sentiment because the prevalence of the

word ”good”.

The deep network takes the sequence of embedding vectors as input and

converts them to a compressed representation. The compressed representation

effectively captures all the information in the sequence of words in the text. A

very common problem with RNN based networks is the tendency to overfit. To

overcome this problem we added a dropout feature to the network. The fully

connected layer takes the deep representation from the RNN/GRU and trans-

forms it into the final output class scores. This component is comprised of fully

connected layers along with batch normalization for regularization. Finally in

the ouput layer the softmax function is applied as a classifier. Figure 3.6 con-

cisely shows the architecture of our deep-learning classifier.

We trained this classifier on a dataset with pre-labeled headlines. This

dataset has been utilized by researchers in computer science, It was curated

by A. Chakraborty et al. (2016) and was also used by Rony, Hassan, and

Yousuf (2017). It contains 32, 000 headlines of news articles which appeared

in ‘WikiNews’, ‘New York Times’, ‘The Guardian’, ‘The Hindu’, ‘BuzzFeed’,

‘Upworthy’, ‘ViralNova’, ‘Thatscoop’, ‘Scoopwhoop’, and ‘ViralStories’. Each

of these headlines were manually labeled either as a clickbait or a non-clickbait

by at least three researchers. There are 15,999 clickbait headlines and 16,001

non-clickbait headlines in this dataset. We used this labeled dataset to develop

and train our automatic clickbait classification model.

Our best performing model achieved 98% accuracy on a labeled validation

set after being trained on a labeled training set. We used this model to classify

the 72,787 headlines in our Upworthy archive. The model classified 92% of the
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Figure 3.6: Deep Learning Architecture for Headline Classification

headlines as clickbait. Figure 3.7 shows how the number of clickbait headlines

per test changed on a weekly basis. Similar to the number of headlines, the

number of clickbait headlines per test increased throughout the data period.

3.3.3 Empirical Model

Our model-free analysis has revealed that clickthrough rates declined signifi-

cantly in the weeks after Facebook announced its change to its News Feed algo-

rithm. Now, we aim to construct a model that can allow us statistically measure

and answer several questions: First, we seek to find whether the policy change
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Figure 3.7: Number of Cliclbait and Packages per Test by Week

had any impact on clickthrough rates. Second, we want to understand the ef-

fect of clickbait on clicks. Finally, we seek to explore whether the policy change

impacted clicks differently for clickbait and non-clickbait headlines.

Because Facebook’s purpose in changing the algorithm was aimed at reduc-

ing the presence of low-quality posts and eliminating clickbaits on Facebook, we

might expect that clicks on clickbait headlines suffered more than non-clickbait

ones in the period after the change. This would be the case if the change to the

algorithm increased awareness towards clickbait and caused a change in users’

preferences. Alternatively, users might not have distinguished between head-

lines and both types might have suffered at similar amounts. This would apply

to the case in which the change in the algorithm did not drive users’ preferences.
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As such, the question is subject to competing hypotheses and ultimately is an

empirical one.

To answer our questions we build a statistical model that exploits the nested

structure of the data. We take each experiment as the unit of analysis, which

allows us to model the dependency of the headlines within experiments. Our

identification strategy leverages the fact that Facebook’s decision to change the

News Feed algorithm is an exogenous event that occurred at a specific date,

and is independent from the experiments being employed at Upworthy.com.

We therefore, employ pre-post estimation to identify the causal impact of the

algorithm change. Our model has the following structure:

yi = α + β1Posti + β2Clickbaiti + β3Posti ×Clickbaiti + ϵi (3.1)

where yi is the average clickthrough rate for packages in test i, defined as the

ratio of the total number of number clicks to the total of impressions that all

the headlines in experiment i received. The indicator variable Posti is 1 if test i

occurred after the algorithm change and 0 otherwise. Clickbaiti represents the

fraction of clickbait headlines in test i, and ϵi is the error term. We cluster the

error term at the week level to account for clustering effects that might arise

from specific weekly trends.

By allowing the coefficients of Clickbaiti to vary in the periods before and

after the policy change, we are able to investigate whether the policy change

impacted headlines differently using this model. Specifically, if β3 is estimated

to be signifcantly different than 0, then we can conclude that clickbaits are im-

pacted differently than non-clickbait headlines due to the policy change. If,
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however, β3 is estimated to be not signifcantly different than 0, we would con-

clude that users did not differentiate between clickbaits and non-clickbaits, and

that clicks decreased similarly in both types.

3.4 Findings

Before we discuss our findings regarding the impact of the News Feed algo-

rithm change on users’ behavior at Upworthy.com from our empirical models,

we reiterate what our analysis has revealed about the impact on the publisher.

As we have shown in table 3.2, compared to the pre-change period the publisher

performed on average 65 more experiments and tested 0.73 more headline per

experiment in the post-change period. The publisher also increased the number

of impressions it assigned to the experiments in the post-period by 2000. Re-

garding the classification of the headlines, our analysis has also revealed that

the publisher produced clickbaits at a higher rate after the change went into

effect.

Moving to user behavior, we start with discussing the findings from our

model, which we estimate using maximum likelihood without headline class

first and then include clickbait to evaluate the sensitivity of our estimates. We

show our estimation results in table 3.3. Columns (1) and (2) in the table show

the results without and with headline classification, respectively. Across both

specifications the impact of the algorithm change is both economically and sta-

tistically significant. Specifically, we find that compared to the period before

the change, clickthrough rates in the post-period declined on average by about

1 percentage points. Recall from table 3.2 that the average clickthrough rate
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before the change was 2.1%. In light of this, the impact of the change on click-

through rates is about a 50% decline, which is quite substantial.

Table 3.3: Estimation Results

Post -0.0098*** -0.0099*** -0.0074***

(0.0010) (0.0010) (0.0020)

Clickbait 0.0066*** 0.0085***

(0.0010) (0.0020)

Clickbait × Post -0.0028

(0.0020)

No. of observations 16,645 16,645 16,645

Notes:∗ ∗ ∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05. Standard errors are clustered

at the week level and shown in parentheses.

Consistent with our intuition and the publisher’s publication strategy, we

find that clickbaits in general generate larger clickthrough rates. Our results

in column (2) of the table reveal that tests that contain only clickbait headlines

increase clickthrough rates on average by 0.66 percentage points compared to

tests that have only non-clickbaits. In column (3) we show the results for the

full model, which includes time-varying coefficients of clickbaits. We see that

the estimate of β3 is not statistically significant. This suggests that clickthrough

rates did not decrease differently for clickbaits after the change to the News Feed

algorithm went into effect. The results in column (3) also suggest that, adding

time-varying coefficients into the model does not change the sign of Posti and

has a minmial effect on its size. This shows that clickthrough rates on average

still decreased in the post-change period even after allowing headline features

to have time-varying effects on clickthrough rates.
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3.5 Discussion and Suggested Mechanism

What is the possible explanation for the significant decrease in clickthrough

rates for the headlines Upworthy tested on its website after the change in the

News Feed algorithm? One potential explanation deals with the possibility that

Upworthy made an editorial decision to change the features of its headlines

after the algorithmic change at Facebook, which in turn might have caused a

shift in user behavior. In particular, Upworthy might have chosen to produce

fewer clickbait and more real headlines. However, as we have shown in figure

3.7, clickbait proportions in experiments became even more prevalent at Up-

worthy after the update to the News Feed algorithm. Essentially, Upworhty

continued to produce more and not fewer clickbaits and headlines after the al-

gorithm change went into effect. In the absence of a deliberate editorial change

on the feature of the headlines, we have little reason to expect a change in users’

choices.

Another potential explanation deals with the possibility that the update to

the News Feed algorithm caused a change in user preference through increased

awareness to clickbait headlines. If this was a likely mechanism then we would

possibly observe a differential impact on clickthrough rates for clickbait and

non-clickbait headlines. Recall, however, that the results from our time-varying

analysis does not support this explanation. We found that the changes in click-

through rates were not statistically different between clickbait and non-clickbait

headlines. This fails to provide evidence that the change in the News Feed algo-

rithm impacted clickthrough rates by changing customers’ preferences, instead

it must have impacted them by changing their behavior.
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In light of this, we turn our attention to another potential explanation, which

suggests a selection mechanism. As we have discussed earlier, soon after its in-

ception, online traffic to Upworthy.com went on an upward trajectory and it

peaked in December 2013. This peak in traffic was so high that it was accom-

panied by attention of the media, which resulted in Upworthy being awarded

numerous awards including the recognition of the fastest-growing media com-

pany in the world (Matias and Munger 2019).

Arguably, the main reason Upworthy.com gained substantial traffic was be-

cause of the referral traffic it had been receiving from Facebook. Upworthy had

been meticulously creating appealing shareable content for the social platform

since it began to publish. In fact, before the algorithmic change to News Feed,

Upworhty content was being shared on Facebook nearly eight times the rate of

the next comparable site (Abebe 2014). With shares came traffic, because every

click on a shared post from Upworthy was taking customers to the website.

We suggest that the act of clicking on Upworthy posts at Facebook was serv-

ing as a selection process for identifying people who had a higher preference

for Upworthy content. After clicking on Upworthy content at Facebook, users

would arrive at the website and it is unlikely that they would return to Face-

book quickly once they consumed the content they clicked on. Instead, it is

more likely that they would spend time on looking and possibly clicking on at

least several other headlines at the website.

However, the change to Facebook’s News Feed algorithm, caused a disrup-

tion in this selection mechanism. The News Feed algorithm started to demote

Upworthy content, which resulted in less visibility for Upworthy content shared

by Facebook users. As shown in previous research, the order in which a post is
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presented to users in their News Feed significantly changes the probability of

it being clicked by them (Bakshy, Messing, and Adamic 2015). As such, demot-

ing Upworthy content in the News Feed resulted in less visibility, which in turn

resulted in fewer clicks and referral traffic to Upworthy.com.

In figures 3.8 to 3.10 we show how number of weekly users, pageviews and

average seesion duration at Upworthy.com changed. Consistent with our ex-

planation, we see all metrics had been on an upward trend before the algorithm

change, but started to steeply decline after the algorithm change went into ef-

fect.

Figure 3.8: Number of Users by Week

Because referral traffic to Upworthy website dropped significantly after

the change to the News Feed algorithm, the composition of the visitors was
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Figure 3.9: Number of Pageviews by Week

changed. Although, the company continued to assign similar number of im-

pressions per headline in its weekly experiments, the visitors receiving the im-

pressions were more likely to be organic visitors who already had been follow-

ing the website and were coming directly to the website rather than being re-

ferred by Facebook. As a result of this change in visitor composition, Upworthy

received fewer clicks from similar number of impressions in their online exper-

iments.

To test this suggested mechanism, ideally we would have access to Upwor-

thy.com referral traffic data from Facebook. With this data we could compare the

changes in traffic to Upworthy website coming from Facebook before and after

the algorithm change. Unfortunately, we do not have access to this data, instead
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Figure 3.10: Average Session Duration by Week

we resort to Google trend data and leverage search data for keyword “Upwor-

thy” as a proxy for referral traffic from Facebook. If the algorithm change had

indeed impacted traffic to Upworthy website, we should observe a decline in

Google search trend for “Upworthy” around the time when the change took

effect.

Furthermore, we compare “Upworthy” search trend to that of “Buzffeed”,

another digital media company. Buzzfeed makes a good comparison because

its publishing strategy was similar to that of Upworthy during our observation

period. The company was well known for its visually appealing and share-

able content on social media platforms. Similar to Upworthy, the company had

gained popularity through its clickbait headlines. In fact, multiple studies in
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computer science leveraged Buzzfeed headlines for training their clickbait clas-

sification models (Eidnes 2015; Thakur 2016; A. Chakraborty et al. 2016; Rony,

Hassan, and Yousuf 2017).

However, Buzzfeed also differed from Upworthy on several fronts. First,

in addition to content aggregation, the company also created and published

original content on social platforms. Second, the company was reported to be a

close partner of Facebook, because it had been purchasing ads on the platform

(Carlson 2014). In light of this, it is likely in the eyes of Facebook executives,

Buzzfeed content had been flagged as high quality and therefore News Feed-

worthy compared to Upworthy content.

Figure 3.11 shows how search volume for “Upworthy” and “Buzzfeed” at

Google changed throughout January 2013 to April 2015. As the respective lines

on the figure shows, search volume increased steadily for both keywords un-

til December 2013 and started to decline sharply afterwards for “Upworthy”,

whereas it continued to increase for “Buzzfeed”. The declining trend for “Up-

worthy” was persistent after the change went into effect in December 2013 and

seems to have stabilized towards the end of our observation period.

To formally evaluate the impact of the algorithm change on the Google

search trend changes, we fit the following differences-in-differences model to

the search volume data:

yit = λ + θ1Postit + θ2U pworthyit + θ3Postit × U pworthyit + ηit (3.2)

where yit is the search volume for keyword i in week t at Google. The indicator

variable Postit is 1 if week t occurred after the algorithm change and 0 otherwise.
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Figure 3.11: Google Search Trends by Week

U pworthyit is an indicator that is 1 if the keyword i in week t was “Upworthy”

and 0 otherwise, and ηit is the error term. Our focus in this model is on θ3, which

captures the difference-in-differences in search volume. If θ3 is estimated to be

signifcantly different than 0, then search volume for “Upworthy” was impacted

differently than “Buzzfeed” due to the policy change.

The identification assumption behind this analysis is the parallel-trends as-

sumption (Angrist and Pischke 2008), which states that in the absence of the

algorithm change, search volume for both keywords would have changed sim-

ilarly from the period before the change to the post-period. Even though it is

impossible to verify this assumption, the trends in the period before the change

went into effect can be used to gauge whether it is plausible or not. As shown in
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3.11 the trends for both keywords follow a similar upward trend until the week

of the policy change, hence we can conclude that the parallel-trends assumption

is credible in our context.

Table 3.4 shows the estimation results. We find the impact of the algorithm

change on “Upworthy” search volume was significantly negative compared to

“Buzzfeed” search volume on Google. After the change went into effect, “Up-

worthy” search volume declined by 29 points compared to “Buzzfeed” search

volume. This is evidence that the algorithm change at News Feed had been

designed to demote content from specific publishers, such as Upworthy, which

is consistent with what was reported in the media (Kafka 2013). Moreover, it

provides support that our findings regarding the drop in clickthrough rates at

Upworthy.com after the algorithmic change was primarily driven by the de-

cline in referral traffic the website has been receiving from Facebook. In light

of this, we conclude that the change in News Feed algorithm decreased traffic

to the website by demoting Upworthy posts, thereby decreasing visibility and

likelihood of clicks.

3.6 Conclusions

As society becomes increasingly reliant to platforms for its daily interactions,

the algorithms employed in these platforms for facilitating them become more

powerful. Across many platforms their status have been elavated from simple

computational tools to gatekeepers. They determine what customers are being

exposed to, thus shape visibility, sharing and flow of information (Tufekci 2015).

Recent research in marketing and social sciences have documented the im-
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Table 3.4: Google Trends Difference-in-Differences Estimation Results

Post 38.34***

(1.86)

Upworthy -11.87***

(3.35)

Upworthy × Post -29.24***

(4.19)

No. of observations 242

Notes: ∗ ∗ ∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05. Robust standard errros

shown in parentheses.

pacts algorithms can have on customer behavior and feelings within a platform

or website (e.g., Hauser et al. 2009; Kramer, Guillory, and Hancock 2014; Bak-

shy, Messing, and Adamic 2015). However, the impacts of algorithms on cus-

tomer behavior can reach beyond the confines of the platform in which they are

employed, and research into this potential effect has been missing.

In this research we aim to fill this gap by studying the impact of a platform’s

decision to change its ranking algorithm by flagging content from certain pub-

lishers as low-quality and demoting them had on users’ beahvior towards con-

tent of a publisher that operates within the platform but also runs its own web-

site. We focus specifically on the largest online social media platform: Facebook,

and investigate how the first publicly announced major update to its News Feed

algorithm, which occurred on December 2, 2013, impacted users’ behavior at

Upworthy.com.

Utilizing the Upworthy research archive, an experimental dataset covering
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a period of 121 weeks (January 2013 - April 2015), we employ deep-learning

techniques to classify headlines and develop an empirical model that exploits

the nested structure of the data to estimate the causal effect of the change. Our

identification relies on the fact that the algorithm change was an exogenous

event with respect to the experiments performed at Upworthy.com.

Our findings show that the change to the News Feed algorithm caused a

significant decline in clickthrough rates for headlines Upworthy was testing on

its website. To uncover the underlying mechanism for the observed changes,

we leverage Google trend data as a proxy for referral traffic to the Upworhty

website. We analyze how search volume for the keywords “Upworthy” and

“Buzzfeed” varied throughout our observation period. Our analysis indicates

that traffic to the website declined significantly in the post-change period, sug-

gesting that changing the News Feed algorithm reduced referral traffic Upwor-

thy had been receiving from Facebook. We posit that this change disrupted the

selection mechanism of users who had a higher preference for Upworthy posts

shared by other users, which eventally led to to a sharp decline in clickthrough

rates at Upworthy.com.

Our results offer important managerial implications. First, this research

presents evidence that the impact algorithms have on users can reach beyond

the platform they are employed. As such, we recommend managers to closely

monitor the announcememts of the platforms they are operating in, and keep

abreast of the changes they make to their algorithms. Second, our findings sug-

gest that changes to platforms’ algorithms can alter the composition of the users

visiting the business’ website. Therefore, we emphasize the need for managers

to be cognizant of this phenomenon and establish proactive measures to hedge
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against sudden changes the platform can make to its algorithm. Doing business

in the same way as if nothing had changed is simply not effective and likely to

waste useful resources.

As with all empirical research our study has a number of limitations, which

should be acknowledged and perhaps addressed in future research. First, our

study focused on a single publisher in a specific platform. Therefore, replication

across other platforms would be needed to build empirical generalizations on

this topic. Second, our dataset does not allow us to conduct a more granular

analysis at the user level. Without data on individual user behavior we are

unable to rule out other possible mechanisms that might explain our findings.

Finally, our context does not allow us to study what would be the ideal response

of the publisher in response to the announced changes from the platform. We

believe this is a fruitful topic for future research.
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