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ABSTRACT

ESSAYS ON REFERRAL PROGRAMS AND PREFERENCE ESTIMATION

Yupeng Chen

Raghuram Iyengar

In this dissertation, we study referral programs and preference estimation in two essays.

In the first essay, we propose that a firm can enhance the effectiveness of its referral pro-

gram by promoting better matching between referred customers and the firm. We develop

three treatments aimed at promoting better matching, including (1) offering current cus-

tomers a gift before inviting them to refer friends, (2) notifying current customers about

the value that they have received from the firm before inviting them to refer friends, and

(3) rewarding referring customers based on the value of their referred customers. We test

these three treatments by conducting two field experiments in collaboration with a Chinese

online financial services firm. We find that all three treatments substantially enhanced the

effectiveness of the focal referral program, measured for each current customer as the total

value of his referred customers. We also find that the enhancement was primarily driven by

the acquisition of higher-value new customers rather than the acquisition of more new cus-

tomers. In addition, we investigate customer heterogeneity in treatment effects and explore

the mechanisms through which these treatments impacted customer referrals. In the second

essay, we develop a new model for effective modeling of consumer heterogeneity in choice-

based conjoint estimation. Assuming that most variations in consumers’ partworth vectors

are along a small number of orthogonal directions, we propose that shrinking the individual-

level partworth vectors toward a low-dimensional affine subspace that is also inferred from

data can be an effective approach to pooling information across consumers and modeling

consumer heterogeneity. We develop a low-dimension learning model to implement this

information pooling mechanism that builds on recent advances in rank minimization and

machine learning. We evaluate the empirical performance of the low-dimension learning
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model using both simulation experiments and field choice-based conjoint data sets. We find

that the low-dimension learning model overall outperforms multiple benchmark models in

terms of both parameter recovery and predictive accuracy. While addressing two different

marketing topics, both essays share a common theme - careful modeling of consumer het-

erogeneity plays a key role in understanding consumer behavior and developing effective

marketing strategies.
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CHAPTER 1 : Introduction

Customer referral programs have been widely adopted by firms for new customer acquisition

and have fueled the phenomenal growth of many companies, including Dropbox, Uber, and

Airbnb. In the case of Dropbox, for instance, its referral program was largely responsible

for the growth of its user base from 100,000 registered users in September 2008 to more

than 4 million in January 2010. Referral programs provide firms an attractive method to

acquire new customers, as they are cost-effective to run and provide access to prospective

customers whom traditional marketing programs may not effectively reach (Berman, 2016),

and are able to acquire higher-value new customers compared to other channels (Schmitt

et al., 2011). Given the prominent role of referral programs in firms’ customer acquisition

practice, both researchers and managers are keen on answering the following question: How

can firms enhance the effectiveness of their referral programs?

Conjoint analysis, and choice-based conjoint (CBC) in particular, has been the most popular

method used by both researchers and practitioners to assess how consumers with heteroge-

neous preferences value different product or service attributes (Wittink and Cattin, 1989;

Green and Srinivasan, 1990; Huber, 2004). The understanding of consumers’ heterogeneous

preferences plays a central role in a variety of marketing decisions, such as pricing, targeted

promotions, differentiated product offerings, and market segmentation (Allenby and Rossi,

1998). One significant challenge facing conjoint researchers is that in most applications

the amount of information elicited from each consumer is limited. To address the scarcity

of information from each consumer and obtain accurate estimation of consumers’ hetero-

geneous preferences, we need to answer the following question: How to pool information

across consumers and model consumer heterogeneity?

In this dissertation, we aim to answer these two questions with substantial marketing im-

plications in two essays. In the first essay (Chapter 2), we propose that a firm can increase

the total value of new customers acquired through its referral program by promoting better
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matching between these new customers and the firm. Better matching can be promoted by

two different processes: Motivating active matching, in which the firm motivates current

customers to exert greater effort to screen their friends and refer good matches, or facilitat-

ing passive matching, in which the firm induces a higher proportion of high-value current

customers to refer their friends who, by homophily, are more likely to be good matches than

friends of low-value current customers. We propose three treatments aimed at promoting

better matching: (1) offering current customers a gift before inviting them to refer friends,

(2) notifying current customers about the value that they have received from the firm before

inviting them to refer friends, and (3) rewarding referring customers based on the value of

their referred customers.

We empirically test the three proposed treatments by conducting two field experiments in

collaboration with a Chinese online financial services firm. Using data from the experiments,

we find that all three treatments substantially increased the total value of referred customers,

which validates their capacity in enhancing the effectiveness of the referral program. We

also find that the effects of the three treatments were primarily driven by the acquisition

of higher-value referred customers rather than the acquisition of more referred customers,

indicating that these treatments promoted better matching as we expected. Moreover,

we conduct a series of analyses to investigate the workings of these treatments, and find

evidence suggesting that the value-based reward facilitated passive matching and had a

larger impact on current customers of higher value.

Effective information pooling across consumers is critical for accurate conjoint estimation.

In the marketing literature, researchers have primarily investigated three information pool-

ing mechanisms: (1) shrinking the individual-level partworths toward the population mean

(Lenk et al., 1996; Rossi et al., 1996; Evgeniou et al., 2007), (2) recovering segments in the

population and shrinking the individual-level partworths toward their respective segment

means (Allenby et al., 1998; Chen et al., 2017), and (3) approximating the individual-level

partworths using discrete points (Kamakura and Russell, 1989; Ansari and Mela, 2003; Kim
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et al., 2004). In the second essay (Chapter 3), we propose an information pooling mechanism

distinct from the three well-established mechanisms and develop a low-dimension learning

model to operationalize such a mechanism. In our approach, we assume that most varia-

tions in consumers’ heterogeneous partworths, viewed as vectors in an Euclidean space, are

along a small number of orthogonal directions; consequently, consumers’ partworth vectors

all reside near some low-dimensional affine subspace of the Euclidean space (James et al.,

2017). In this case, a natural mechanism for pooling information across consumers is to

shrink the individual-level partworths toward this low-dimensional affine subspace, which is

also inferred from the data. Our model implements such a low-dimension information pool-

ing mechanism using a convex optimization framework in which both the distance between

each partworth vector and the affine subspace as well as the dimension of the affine subspace

are penalized. We further enhance our model by incorporating the convex regularization of

Evgeniou et al. (2007) that shrinks the individual-level partworths toward the population

mean.

We compare our low-dimension learning model and a restricted version of the model in

which only the low-dimension information pooling mechanism is implemented to multiple

benchmark models using simulation experiments and two field data sets. We find that the

low-dimension learning model and its restricted version overall outperform the benchmark

models both in terms of parameter recovery and predictive accuracy, and they demon-

strate strong performance irrespective of whether the underlying assumption - the true

individual-level partworths have a good low-dimensional affine subspace approximation -

seems to hold or not. Therefore, the effectiveness of our low-dimension learning model

(and the low-dimension information pooling mechanism) in recovering consumers’ hetero-

geneous preferences is empirically validated. We also find that the performance of the

low-dimension learning model is very close to that of its restricted version, suggesting that

the incremental value of shrinking the individual-level partworths toward the population

mean can be very limited when we are already shrinking the individual-level partworths

toward a low-dimensional affine subspace.
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CHAPTER 2 : Enhancing Effectiveness of Referral Programs by Promoting Better

Matching: Evidence from Field Experiments

2.1. Introduction

Customer referral programs, in which a firm’s current customers are rewarded for bringing

in new customers, have been widely used by firms for customer acquisition and have fueled

the phenomenal growth of many companies, including Dropbox, Uber, and Airbnb. In

the case of Dropbox, for instance, a current user receives 500MB of free storage space

for each friend invited to sign up for and install Dropbox. According to Drew Houston,

Co-Founder and CEO of Dropbox, this referral program was largely responsible for the

growth of Dropbox’s user base from 100,000 registered users in September 2008 to more

than 4 million in January 2010. Referral programs provide firms an attractive method to

acquire new customers, as they are cost-effective to run and provide access to prospective

customers whom traditional marketing programs may not effectively reach (Berman, 2016),

and customers acquired through referral programs (i.e., referred customers) can be more

valuable than customers acquired through other methods (Schmitt et al., 2011).

Given the prominent role of referral programs in firms’ customer acquisition practice, both

researchers and managers are keen on understanding factors driving customer referrals and

ways to leverage such factors to enhance the effectiveness of referral programs. In general,

customers make referrals because (1) they want to earn an economic reward, (2) they

want to help their friends make better choices and/or manage their friends’ impressions

of them, and (3) they like the firm and want to help its business.1 In the marketing and

information systems literatures, researchers have empirically investigated the roles of the

first two factors in customer referrals. For instance, Ryu and Feick (2007) find that the

impact of the referral reward on a lab participant’s stated referral likelihood is moderated

by the relationship between the participant and the targeted prospective customer as well

1https://rewardstream.com/blog/social-referrals-psychology-why-do-people-share/
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as brand strength. Bapna et al. (2016) vary the allocation of the referral reward between

the referring customer and the referred customer in a field experiment, and find that both

equally splitting the reward and allocating all the reward to the referred customer lead to

more successful referrals than allocating all the reward to the referring customer. Jung

et al. (2017) compare different framings of a call-to-action message encouraging customer

referrals in a field experiment, and find that the altruistic framing leads to a higher referral

likelihood, more referrals, and more purchases from referred customers compared to the

egoistic and equitable framings. This stream of research has two limitations. First, it has

not examined the role of customers’ intention to help the firm in making referrals, and

the referral rewards being studied are all contingent only on the acquisition of the referred

customer - the possibility of rewarding the referring customer based on the value of his

referred customers has not been explored. Second, when assessing the impact of the design

and communication of referral programs on their effectiveness, this stream of research has

focused on measures corresponding to the number of referred customers and has not taken

into account the value of each referred customer. While the number of referred customers

is an important aspect of the effectiveness of referral programs, firms also care about the

value of referred customers (Schmitt et al., 2011) and information about the value of referred

customers is critical to our theoretical understanding of customer referrals (Van den Bulte

et al., 2018).

In this essay, we operationalize the effectiveness of referral programs using the total value

of all referred customers, which takes into account both the number and value of referred

customers, and explore how firms can increase the total value of referred customers.2 Specif-

ically, we aim to answer the following question: Given a referral program that rewards a

referring customer contingent on the acquisition of the referred customer (as is the case for

most existing referral programs), can we develop treatments that can be applied to the re-

2Conceptually, we assess the value of a referred customer using her customer lifetime value (CLV).
Empirically, however, since we do not have access to the margin information in our application setting (a
Chinese online financial services firm), we will use a referred customer’s investment amount as a proxy for
her value.
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ferral program to increase the total value of referred customers? Clearly, an important lever

for increasing the total value of referred customers is making the referral program acquire

higher-value new customers.3 To shed light on how this lever can be used, we draw on the

recent work in marketing on referral programs and customer value, which has proposed and

identified better matching as a critical mechanism through which referral programs are able

to acquire high-value new customers (Schmitt et al., 2011; Van den Bulte et al., 2018).4 Bet-

ter matching refers to the phenomenon that referred customers match with the firm better

than customers acquired through other methods do, and there are two distinct matching

processes that can be at work: active matching and passive matching. Active matching

involves current customers’ deliberate screening of their friends and diligent matching of

those friends who they think may be a good fit to the firm. Specifically, active matching

relies on that current customers, by knowing both the needs of their friends and the offerings

of the firm, are likely to be better informed to assess the match between their friends and

the firm than the two parties themselves. When current customers are properly motivated,

they will screen their friends based on their match with the firm and refer good matches to

the firm; moreover, when referring those friends, they may also exert effort to facilitate the

matching by educating their friends about the offerings of the firm. Eventually, the firm is

able to acquire high-value new customers from the social networks of its current customers.

Passive matching, on the other hand, operates through homophily: As current customers

have an above-average chance of being a good match and they tend to refer people who

are similar to themselves, referred customers are more likely to match well with the firm

compared to nonreferred customers. For our research question, in order to make the re-

ferral program acquire higher-value new customers, the firm may consider designing and

implementing treatments aimed at promoting better matching between referred customers

and the firm. Promoting better matching can be achieved by motivating active matching,

3Another lever is making the referral program acquire more new customers, which has been investigated
in the literature (Ryu and Feick, 2007; Bapna et al., 2016; Jung et al., 2017).

4In the economics and sociology literatures, better matching has also been established as a key mechanism
through which firms derive value from employee referral programs, a recruiting device that rewards current
employees for referring job candidates for hire (Montgomery, 1991; Fernandez et al., 2000; Castilla, 2005;
Beaman and Magruder, 2012; Brown et al., 2016; Pallais and Sands, 2016).
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in which the firm motivates current customers to exert greater effort to screen their friends

and refer good matches, or by facilitating passive matching, in which the firm induces a

higher proportion of high-value current customers to refer their friends who, by homophily,

are more likely to be good matches than friends of low-value current customers.

We propose three treatments aimed at promoting better matching. The first two treatments,

which we term as the gift treatment and the notification treatment, are designed to induce

reciprocity from current customers toward the firm which could motivate them to help the

firm’s business by referring friends.5 In the gift treatment, the firm offers current customers

a gift before inviting them to refer friends. The gift treatment is motivated by the field

evidence that people reciprocate a gift from others by providing goods desired by the latter

(Gneezy and List, 2006; Falk, 2007; Alpizar et al., 2008; Kube et al., 2012; Gilchrist et al.,

2016; Chung and Narayandas, 2017), as well as the established merchandising practice in

which salespeople offer customers a free sample or service to trigger reciprocity which leads

to increased sales (Cialdini, 1993). We expect that the gift treatment will make current

customers feel that they are treated well by the firm, and they will, out of reciprocity, return

the favor to the firm by exerting more effort to carefully screen their friends and match

those who they think may be valuable to the firm (i.e., by engaging in active matching).6

Moreover, if the gift is designed in such a way that it is more valuable to high-value current

customers than to low-value current customers, it will be more likely to elicit reciprocity

from the former than from the latter and hence may induce a higher proportion of high-value

current customers to refer their friends, which facilitates passive matching.

5Reciprocity refers to “the behavioral phenomenon of people responding toward (un)kind treatment
likewise, even in the absence of reputational concerns” (Kube et al., 2012), and it has long been argued to be
deeply embedded in and have substantial implications for social and economic interactions (Gouldner, 1960;
Cialdini, 1993; Fehr and Gachter, 2000). Similar definitions of reciprocity have also been proposed in the
literature. For instance, Gouldner (1960) suggests that “a norm of reciprocity, in its universal form, makes
two interrelated, minimal demands: (1) people should help those who have helped them, and (2) people
should not injure those who have helped them”. Cialdini (1992) describes reciprocity as the norm that “we
are obligated to the future repayment of favors, gifts, invitations, and the like”. Referring to reciprocity,
Fehr and Gachter (2000) state that “People repay gifts and take revenge even in interactions with complete
strangers and even if it is costly for them and yields neither present nor future material rewards”.

6Schmitt et al. (2011) have also suggested that reciprocity from current customers toward the firm may
lead to active matching.
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In the notification treatment, the firm notifies current customers about the value that they

have received from the firm before inviting them to refer friends. Possible applications of

this notification treatment include notifications about customers’ investment return from a

financial services firm, and notifications about customers’ money saved from a daily deals

website. We expect that such a notification will make it salient to current customers that

they have received great value from the firm, which may trigger their intention to reciprocate

to the firm by engaging in active matching. In addition, since the value that customers

receive from the firm is likely to be positively correlated with the value that customers

generate for the firm, high-value customers are more likely to have received great value

from the firm and therefore more likely to refer friends after receiving the notification. In

such cases, passive matching is facilitated.7

The third treatment, which we term as the value-based reward treatment, explores the po-

tential of rewarding the referring customer on the basis of the value of his referred customers.

In most existing referral programs, since the referring customer is rewarded contingent only

on the acquisition of the referred customer, current customers have little economic incen-

tive to engage in active matching and bring in high-value new customers. Such an incentive

structure has raised concerns among managers that referral programs could end up reward-

ing current customers for referring low-value new customers (Schmitt et al., 2011). In order

to address this issue, we propose that the firm rewards the referring customer based on

the value of his referred customers on top of the regular referral reward contingent on the

acquisition of the referred customers. We expect that the value-based reward treatment,

by providing current customers a direct economic incentive to engage in active matching,

will motivate them to refer high-value new customers.8 At the same time, since high-value

current customers are more likely to have friends who could become high-value new cus-

7For instance, in the case of Certificate of Deposit, as the amount of the deposit increases, the customer
receives more value from the financial institution through more interest return and the financial institution
derives more value from the customer through more assets under management.

8In the context of employee referrals, Beaman and Magruder (2012) show that providing a contingent
bonus based on the referred employee’s performance can make a fraction of current employees select highly
skilled new employees to refer to the firm.
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tomers and generate value-based rewards for them based on homophily, they are likely to

be better incentivized than low-value current customers in the presence of a value-based

reward, implying that passive matching is facilitated.

While we expect the three proposed treatments to promote better matching and enhance

the effectiveness of referral programs, their prospects are actually far from certain. For the

gift and notification treatments, it is ex ante unclear how many current customers would

reciprocate to the firm, especially given the possibility that the gift and the notification are

perceived as deliberate marketing devices, in which case reciprocity can hardly be triggered

(Gouldner, 1960; Cialdini, 1993). As to the value-based reward treatment, since it explicitly

links the size of the reward to the value of referred customers, it could impose considerable

psychological cost on referring customers as they may perceive that they are exploiting

their social connections to seek economic rewards, in which case the value-based reward

may backfire by making current customers less likely to refer friends (Ryu and Feick, 2007;

Gneezy et al., 2011). Moreover, the value-based reward may make referring customers less

persuasive when advocating for the firm (Barasch et al., 2016). Consequently, whether and

to what extent each of these three treatments can promote better matching and ultimately

increase the total value of referred customers need to be empirically investigated.9

We collaborated with a leading Chinese online financial services firm to test these three

treatments. The firm offers customers financial deposit services including a flexible deposit

and an assortment of fixed deposits in which they can invest money and earn interest. The

flexible deposit has a floating interest rate and allows customers to make investments for

any duration and withdraw part or all of the investments at any time, whereas each fixed

deposit has a fixed interest rate and a fixed investment duration. As part of its customer

acquisition strategy, the firm runs a referral program that rewards current customers with an

investment coupon that can be used to reimburse a small proportion of their next investment

9In this essay, we focus on understanding the impact of each of the three treatments (i.e., gift, notifica-
tion, and value-based reward) on the effectiveness of referral programs rather than comparing among the
three treatments. This is because these treatments take distinct forms and may operate through different
mechanisms, and hence are not directly comparable ex ante.
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for bringing in a friend to open an account at the firm. We conducted two randomized field

experiments at the firm, testing the gift and notification treatments in the first experiment

and the value-based reward treatment in the second experiment.10

In the first experiment, we included 93,288 current customers in a two-week campaign,

and randomly assigned them to a control condition and two treatment conditions that

implemented the gift treatment and the notification treatment, respectively. The regular

referral program was implemented in all three conditions, and the only difference across

conditions was the way by which customers were approached for the campaign. Specifically,

at the beginning of the campaign, customers in the control condition received a text message

inviting them to refer friends; customers in the gift condition received a gift - an investment

coupon that could be used to raise the interest rate of their next investment and was valid

during the campaign - and a text message inviting them to refer friends; and customers in the

notification condition received a text message notifying them about their total investment

return and inviting them to refer friends.

In the second experiment, we included 120,258 current customers in a 30-day campaign,

and randomly assigned them to a control condition and two treatment conditions that

operationalized the value-based reward treatment differently. During the campaign, the

regular referral program was implemented in the control condition, while each of the two

treatment conditions augmented the regular referral program with a value-based reward.

In particular, a customer in the first treatment condition would receive a cash reward based

on the number of his referred customers whose total investments in fixed deposits made

during the campaign were above a pre-determined threshold, and a customer in the second

treatment condition would receive a cash reward based on the total investments in fixed

deposits made by his referred customers during the campaign. By testing two different

value-based rewards, we intended to obtain a more thorough understanding of the impact

of the value-based reward treatment on customer referrals.

10For logistical reasons, we were unable to test all three treatments in a single field experiment.
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Analyzing data from the two experiments, we find that all three proposed treatments had

an economically substantial and statistically significant impact on the effectiveness of the

focal referral program. In particular, the gift and notification treatments increased the

total value of referred customers by more than 200% in the first experiment, while both

operationalizations of the value-based reward treatment increased the total value of referred

customers by more than 100% in the second experiment.11 We also find that the effects of

all three treatments on the total value of referred customers were primarily driven by the

positive value differential between referred customers acquired in the treatment conditions

and those acquired in the control conditions, i.e., the three treatments helped the referral

program acquire higher-value new customers as expected, but their impact on the number

of referred customers turns out to be modest in magnitude and largely insignificant. One

interesting implication of the latter finding is that, if we were to assess the effectiveness of

the focal referral program using the number of successful referrals as has been done in the

literature, we would erroneously conclude that these treatments are ineffective.

To derive deeper insights on the workings of the three proposed treatments, we use data

from the experiments to explore the mechanisms underlying these treatments. For the

gift and notification treatments, while they are designed to elicit reciprocity from current

customers toward the firm which could in turn promote better matching, they may also

motivate customer referrals by serving as a value signal to current customers: The gift and

notification treatments may signal to current customers that the firm is able to create great

value for its customers, which could enhance their perception about the value that their

friends would receive once referred to the firm; since customers tend to use referrals to help

friends make better choices or manage friends’ impressions of them (Ryu and Feick, 2007;

Kornish and Li, 2010), such an enhanced value perception is likely to motivate customer

referrals. Moreover, with either reciprocity or value signaling being at work, both the

gift and notification treatments could make the referral program acquire higher-value new

11We note that the findings are not directly comparable between experiments since the two experiments
were conducted at different times and on different samples of customers.
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customers as observed in the data by motivating active matching or facilitating passive

matching. We conduct a series of analyses to investigate the mechanisms underlying the gift

and notification treatments; the findings, however, are not encouraging. Specifically, the lack

of power in most analyses prevents us from obtaining sufficient statistical evidence to draw

conclusions regarding the workings of the gift and notification treatments. Similar to the

gift and notification treatments, the value-based reward treatment could make the referral

program acquire higher-value new customers as observed in the data by motivating active

matching or facilitating passive matching. We find evidence suggesting that the second

operationalization facilitated passive matching, but we do not have sufficient statistical

evidence to reach a conclusion regarding the first operationalization.

Drawing on these findings, this essay contributes to the literature on customer referral pro-

grams. As we mentioned earlier, extant work empirically investigating the impact of the

design and communication of referral programs has not taken into account the value of

referred customers when assessing the effectiveness of referral programs (Ryu and Feick,

2007; Bapna et al., 2016; Jung et al., 2017), which is a significant limitation from both the

theoretical and managerial perspectives.12 On the other hand, while research on referral

programs and customer value has proposed and identified better matching as a key mecha-

nism through which referral programs are able to acquire high-value new customers (Schmitt

et al., 2011; Van den Bulte et al., 2018), whether firms can proactively leverage this mech-

anism to further enhance the effectiveness of referral programs has not been investigated.

We contribute to the literature by proposing three distinct treatments aimed at promoting

better matching and conducting field experiments to test whether these treatments can

increase the total value of referred customers, which we use to measure the effectiveness of

referral programs. We find that all three treatments substantially increased the total value

of referred customers, and the effects of the treatments were primarily driven by the acqui-

12Kumar et al. (2010) measure the effectiveness of referral programs using customer referral value (CRV)
which takes into account the value of referred customers. However, their focus is on studying optimal
customer targeting for a given referral marketing campaign instead of investigating the impact of the design
and communication of referral programs on their effectiveness.
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sition of higher-value new customers rather than the acquisition of more new customers.

Therefore, our work answers the call by Godes et al. (2005) and Godes (2011) to investigate

how firms can proactively leverage peer influence to enhance business performance by doc-

umenting evidence suggesting that firms can increase the total value of referred customers

by promoting better matching.

The remainder of the essay is organized as follows. In Section 2.2, we describe the research

setting for our study, including the design and implementation of the two experiments. We

analyze data from the first experiment in Section 2.3 and data from the second experiment

in Section 2.4, respectively, to investigate the effects of the three treatments and explore the

mechanisms through which they operate. We discuss limitations of our work and suggest a

few directions for future research in Section 2.5.

2.2. Empirical Setting

For our study, we conducted two randomized field experiments in collaboration with a

leading Chinese online financial services firm. The firm offers customers financial deposit

services accessible via both a website and a mobile application, in which they can invest

money and earn interest. There are two types of financial deposits: a flexible deposit and

an assortment of fixed deposits. In the flexible deposit, customers can make investments for

any duration and withdraw part or all of the investments at any time. The flexible deposit

has a floating interest rate (i.e., the interest rate varies daily) that is always lower than the

interest rates of the fixed deposits. Each fixed deposit has a fixed interest rate and a fixed

investment duration. In fixed deposits, customers receive both the principal and the interest

of an investment at maturity, and, if they decide to withdraw the investment prior to its

maturity, a transaction fee is incurred. Fixed deposits vary in terms of duration (from 3

months to 24 months) and interest rate (from 7% to 10.5% annually), with a longer-duration

deposit having a higher interest rate. Both durations and interest rates are comparable to

those offered by competing firms.

13



The firm runs a referral program as part of its customer acquisition strategy. Similar to

referral programs of many competing firms, this referral program rewards current customers

an investment coupon for referring a friend to open an account at the firm. Specifically, a

current customer can share a referral link to a friend via either WeChat (a popular Chinese

mobile messaging application), social media, or email, and, if the friend opens an account

using the referral link, the referring customer receives a one-time coupon. When applied

to an investment in a fixed deposit, this reward coupon reimburses a customer for 0.5% of

the investment for up to 20 RMB.13 For example, if a customer applies the reward coupon

to a fixed-deposit investment of 3,000 RMB, he will receive a reimbursement of 15 RMB at

the time of investing and the coupon becomes nullified. A customer can neither apply more

than one reward coupon nor apply a reward coupon together with any other coupons to

the same investment. On the other hand, any new customer, irrespective of the acquisition

method, receives a welcome coupon that reimburses 0.5% of her fixed-deposit investments

for up to 50 RMB and can be applied to multiple investments until the total reimbursements

reach 50 RMB. Both the reward coupon for referring customers and the welcome coupon

for new customers expire in 30 days.

We chose to collaborate with this firm for two main reasons. First, since financial investment

decisions are relatively private and can be risky, customers tend to be cautious when it comes

to referring friends to a firm providing financial investment services. Hence, conducting

experiments at the focal Chinese online financial services firm could provide a stringent test

for the proposed treatments. Second, the Chinese online financial services industry is highly

competitive and new customer acquisition is challenging. Given that online advertising, the

primary customer acquisition channel, has become increasingly expensive, the more cost-

effective referral programs have started to gain prominence in firms’ customer acquisition

strategy. Testing the proposed treatments at the focal firm could serve as a first step

in generating much-needed insights that firms in this industry can use to enhance the

effectiveness of referral programs.

13RMB is the Chinese currency. 1 U.S. dollar approximately equals 7 RMB.
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2.2.1. The First Experiment

The first experiment was conducted in December, 2016. Right before the start of the exper-

iment, we selected a random sample of 93,288 customers from the firm’s current customers

who satisfied two criteria: (1) had at least 500 RMB invested in all deposits combined at

the time of sampling and (2) had earned between 100 RMB and 10,000 RMB in interest

since account opening. These two criteria were imposed to ensure that customers included

in the experiment were in an active relationship with the firm and had received a nontrivial

return on their investments. We randomly assigned these customers to a control condition

and two treatment conditions, with the control condition including 30,977 customers, the

first treatment condition including 31,241 customers, and the second treatment condition

including 31,070 customers.

The experiment involved a two-week campaign inviting customers to participate in the

referral program. The regular referral program was implemented in all three conditions,

and the conditions only differed in how customers were approached for the campaign. In

the control condition, customers received a text message encouraging them to refer friends

at the beginning of the campaign. Specifically, the text message stated “Dear customer,

please invite your friends to invest with us, who provide reliable and high-return financial

deposit services!”, and included a link to the referral program page in the mobile app.14

Customers received the same text message again one week later as a reminder.

In the first treatment condition, customers received a one-time 1% interest-raising coupon

for their future investment in fixed deposits as a gift and a text message explaining the

coupon and encouraging them to refer friends at the beginning of the campaign. The gift

coupon was valid for two weeks, i.e., it would expire at the end of the campaign. The text

message stated “Dear customer, you have received a 1% interest-raising coupon as a gift for

being a valued customer. Please feel free to use it. Also please invite your friends to invest

with us, who provide reliable and high-return financial deposit services!”, and included a

14The text quoted here and those quoted in the following are translated from Chinese.
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link to the referral program page in the mobile app. One week later, customers received a

text message reminding them about the gift coupon and the invitation to refer friends. In

the following, we refer to this treatment condition as the gift condition.

We make several observations regarding the 1% interest-raising coupon. First, as the name

suggests, this coupon could be used to raise the annual interest rate of a future fixed-deposit

investment by 1 percentage point. Since the economic value of this coupon was proportional

to the amount of the investment, it was likely to be more valuable to high-value customers

who, compared to low-value customers, were likely to make larger investments during the

campaign. Second, this coupon was familiar to customers, as interest-raising coupons with

comparable raise in interest rate are sent to all customers multiple times a year. This coupon

differed from other interest-raising coupons in that it was framed as a gift as opposed to a

promotion. Third, since this coupon and the referral reward coupon could not be applied

together to the same investment, there was a substitution between the two.15 In particular,

if a customer found the 1% interest-raising coupon more valuable, it would effectively void

the value of the referral reward coupon and consequently remove the economic incentive of

referring friends.

In the second treatment condition, customers received a text message notifying them about

their total investment return and encouraging them to refer friends at the beginning of

the campaign. Specifically, customers in this condition were divided into four subgroups

based on their total investment return: Those whose total investment return was at least

100 RMB and less than 500 RMB were included in the first subgroup; those whose total

investment return was at least 500 RMB and less than 1,000 RMB were included in the

second subgroup; those whose total investment return was at least 1,000 RMB and less

15Which coupon was more valuable to a customer depended on the customer’s time preferences and
the amount and duration of his investment. The economic value of the 1% interest-raising coupon was
proportional to the investment duration and would be received by the customer at maturity, whereas the
economic value of the referral reward coupon was not contingent on the investment duration and would be
received by the customer at the time of investing. In addition, there was no upper limit on the economic
value that the 1% interest-raising coupon could generate as the investment amount increased, in contrast to
the upper limit of 20 RMB for the referral reward coupon.
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than 5,000 RMB were included in the third subgroup; and those whose total investment

return was at least 5,000 RMB and no greater than 10,000 RMB were included in the fourth

subgroup. At the beginning of the campaign, customers in the first subgroup received a

text message that stated “Dear customer, do you notice that we have helped you earn at

least 100 RMB on your investments? Please invite your friends to invest with us, who

provide reliable and high-return financial deposit services!”, and included a link to the

referral program page in the mobile app. Customers in the three other subgroups received

the same text message except that 100 RMB was replaced by 500 RMB, 1,000 RMB, and

5,000 RMB, respectively.16 Customers in each subgroup received the same text message

again one week later as a reminder. In the following, we refer to this treatment condition

as the notification condition.

2.2.2. The Second Experiment

The second experiment was conducted in April and May, 2017. Right before the start of

the experiment, we selected a random sample of 120,258 customers from the firm’s cur-

rent customers who had at least 500 RMB invested in all deposits combined at the time

of sampling. We randomly assigned these customers to a control condition and two treat-

ment conditions, with the control condition including 40,076 customers, the first treatment

condition including 40,145 customers, and the second treatment condition including 40,037

customers.

The experiment involved a 30-day campaign inviting customers to participate in the referral

program. In the control condition, the regular referral program was implemented and

customers received a text message encouraging them to refer friends each week. The text

message stated “Invite friends to invest with us and earn investment coupons!”, and included

a link to the referral program page in the mobile app.

16We chose to divide customers into subgroups and send a unified notification to customers in each
subgroup instead of sending each customer a personalized notification about his total investment return
given managers’ concern that the latter approach might be perceived as intrusive by customers. If a customer
would like to access the exact value of his total investment return, he could log into his account anytime via
either the website or the mobile app in which such information is prominently displayed.
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In the first treatment condition, a value-based reward was added to the referral program.

For each customer, the value-based reward was specified as follows: (1) new customers who

used his referral link to open an account during the campaign (i.e., referred customers) were

identified, (2) the total investments in fixed deposits made by each referred customer during

the campaign were calculated, and (3) for each referred customer whose total investments

were at least 10,000 RMB, the referring customer would receive 50 RMB in cash at the end

of the campaign. For example, if a referring customer had three referred customers, the first

one investing 30,000 RMB in fixed deposits, the second one investing 10,000 RMB in fixed

deposits, and the third one investing 5,000 RMB in fixed deposits, the referring customer

would receive a cash reward of 100 RMB. A detailed description of this reward was shown

on the referral program page. Customers also received a text message encouraging them

to refer friends each week. The text message stated “Invite friends to invest with us and

earn investment coupons and cash rewards!”, and included a link to the referral program

page in the mobile app. In the following, we refer to this treatment condition as the first

value-based reward condition.

In the second treatment condition, a different value-based reward was added to the referral

program. For each customer, the value-based reward was specified as follows: (1) referred

customers were identified, (2) the total investments in fixed deposits made by all referred

customers during the campaign were calculated, and (3) for every 10,000 RMB in the

total investments, the referring customer would receive 50 RMB in cash at the end of the

campaign. For example, if the referred customers invested a total of 45,000 RMB in fixed

deposits, their referring customer would receive a cash reward of 200 RMB. Other than

the reward, the second treatment condition was identical to the first value-based reward

condition, including the text message. In the following, we refer to this treatment condition

as the second value-based reward condition.17

17We note that the second value-based reward was more generous than the first value-based reward in
the sense that, for any profile of referred customers, the referring customer would receive the same or more
cash reward under the second reward compared to the first reward. One main difference between these two
rewards was that, a referred customer’s contribution to the reward for the referring customer was capped at 50
RMB under the first reward, whereas her contribution would keep increasing as her fixed-deposit investment
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2.2.3. Data

For each current customer in the two field experiments, we observe the following variables

that were collected right before the experiments: total investment return since account

opening, investment amount in all financial deposits combined, tenure since account open-

ing, recency of the last investment, and whether the customer had successfully referred any

friend to open an account. For each referral made by a customer, it is recorded in the data

if and only if it is used by the receiving friend to open an account at the firm. Ideally, it

would be helpful if we can observe each referral irrespective of whether it is accepted by its

receiver or not. However, since a customer can use a variety of channels including WeChat,

various social media platforms, and email that the firm cannot track to share referral links

to friends, his sharing of a referral link is not recorded in the data; it is only when the

receiver of the referral link uses it to open an account that we can observe this referral and

map the referred new customer to the referring customer. Once a new customer opens an

account, we observe her investment behavior in all financial deposits.

2.3. Empirical Findings: The First Experiment

In this section, we analyze data from the first experiment to investigate the effects of the

gift and notification treatments. First, we verify that the random assignment of customers

was valid. Then, we estimate the aggregate effects of the gift and notification treatments on

the effectiveness of the referral program. Finally, we derive deeper insights on the workings

of these two treatments by exploring the mechanisms through which they operate.

2.3.1. Randomization Check

We assess the validity of the randomization by comparing customers across conditions with

respect to their behaviors prior to the experiment. With a valid random assignment, we

should observe little or no systematic differences in customers’ pre-experiment variables

increased under the second reward. In this experiment, we tested two different value-based rewards in order
to obtain a more thorough understanding of the impact of the value-based reward treatment. The optimal
design of value-based reward is an interesting question that we leave for future research.
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across conditions. The details of the randomization check are reported in Table 1.

Insert Table 1 here.

For each pair of experimental conditions and each pre-experiment variable, we test whether

the two conditions have the same population mean on this variable using a two-sided Welch’s

t-test. To apply Welch’s t-test, we assume that the sample in each condition consists of i.i.d.

draws from an underlying population; on the other hand, Welch’s t-test does not require

the variances of the two populations to be equal, and given the large sample size in each

condition the populations do not have to follow a normal distribution (Lumley et al., 2002).

From Table 1, it is evident that customers’ pre-experiment variables are well balanced across

conditions, confirming the validity of the random assignment in the first experiment.

2.3.2. Aggregate Effects of the Treatments

We measure the effectiveness of the referral program for each current customer by assessing

the total value of his referred customers, which is operationalized as follows. First, we

identify new customers who opened an account at the firm using his referral link during the

two-week campaign period (i.e., his referred customers). Second, we assess the value of each

referred customer; since we do not have access to the margin information of the financial

deposits, we proxy for the value of a referred customer using the amount of investments

she made in all financial deposits combined during the 90-day observational period starting

from the beginning of the experiment. Finally, the total value of a current customer’s

referred customers is calculated as the sum of the value of his referred customers, i.e., we

proxy for the total value of a current customer’s referred customers using the total amount

of investments made by all his referred customers during the 90-day observational period.18

While the total value of referred customers is our key outcome variable, we also consider

three other outcome variables in order to obtain a more thorough understanding of the

impact of the gift and notification treatments on customer referrals: (1) whether a current

18In the following, we use the terms “value” and “investments” interchangeably when referring to the
value of a referred customer and the total value of a current customer’s referred customers.
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customer has acquired any referred customers during the experiment (Yes/No), (2) the

number of a current customer’s referred customers, and (3) the value of a referred customer

assessed by the amount of investments she made during the 90-day observational period.

We note that all outcome variables except the value of a referred customer are defined on

each current customer, and for these outcome variables the sample size in each condition is

the number of current customers in that condition: 30,977 in the control condition, 31,241

in the gift condition, and 31,070 in the notification condition. On the other hand, the value

of a referred customer is defined on each referred customer, and the sample size in each

condition for this outcome variable is the number of referred customers acquired in that

condition: 83 in the control condition, 101 in the gift condition, and 93 in the notification

condition.

Given the randomization, the average treatment effect of either the provision of the gift

coupon or the notification on the total value of referred customers can be identified via

a direct mean comparison between the control condition and the corresponding treatment

condition. We report the result of the mean comparisons based on two-sided Welch’s t-tests

in the first row of Table 2.

Insert Table 2 here.

Similar to Section 2.3.1, we assume that the sample in each condition consists of i.i.d.

draws from an underlying population in order to apply Welch’s t-test; on the other hand,

the validity of the test does not require the populations to have equal variances or be

normally distributed given the large sample sizes. We find that both the gift and notification

treatments had a substantial impact on the total investments of referred customers. In

particular, the gift treatment and the notification treatment on average increased the total

investments of a current customer’s referred customers by 26.58 RMB and 25.23 RMB,

respectively. Both treatment effects amount to more than 200% lift over the baseline value

of 12.47 RMB, and are statistically significant with p < 0.01 for the gift treatment and

p < 0.05 for the notification treatment.
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So what drove the positive effects of these two treatments on the total investments of

referred customers? Were they driven by the acquisition of more referred customers or by

the acquisition of higher-value referred customers? To answer the question, we examine the

mean comparisons with respect to the three other outcome variables, which are also based

on two-sided Welch’s t-tests and are reported in Table 2. From the second and third rows

of Table 2, we find that both the gift and notification treatments increased the incidence

of having acquired referred customers and the number of referred customers by less than

30% and 25% relative to the control condition, respectively, and none of these effects is

significant at the p < 0.05 level. On the other hand, the last row of Table 2 shows that

referred customers acquired in both treatment conditions on average invested at least 150%

more than those acquired in the control condition did, and both differences are significant

(ps < 0.05).19 Therefore, the data suggest that both the gift and notification treatments

enhanced the effectiveness of the referral program primarily through the acquisition of

higher-investment (and hence higher-value) referred customers rather than the acquisition

of more referred customers.20

One caveat for the mean comparisons with respect to the investments of each referred

customer is that it is unclear whether the sample sizes in the three experimental conditions

19Unlike the three other outcome variables, investments of a referred customer is defined on referred
customers who were not observational units being randomized in the experiment. Therefore, the mean
comparisons with respect to investments of each referred customer are purely descriptive and do not have a
causal interpretation.

20Since we simultaneously conduct multiple mean comparisons, multiple testing is a concern. We con-
sider two approaches to address this concern, including the Holm procedure and the Benjamini-Hochberg
procedure. The Holm procedure controls the family-wise error rate (FWER), and it does not impose any as-
sumption on the dependency among tests and is more powerful than the Bonferroni correction (Holm, 1979).
In the Holm procedure, when we set FWER at 0.05, none of the 8 comparisons is significant; on the other
hand, when we set FWER at 0.1, the comparisons between the control and gift conditions with respect
to the total investments of referred customers and investments of each referred customer are significant.
The Benjamini-Hochberg procedure controls the false discovery rate (FDR) under a positive dependence
assumption among tests called PRDS that is likely to hold in our setting; compared to procedures con-
trolling FWER, the Benjamini-Hochberg procedure provides less stringent control of Type-I errors but has
greater power (Benjamini and Hochberg, 1995; Benjamini and Yekutieli, 2001). When we set FDR at 0.05,
the comparisons between the control and gift conditions with respect to the total investments of referred
customers and investments of each referred customer are significant; on the other hand, when we set FDR
at 0.1, in addition to the two comparisons that are significant when FDR is set at 0.05, the comparisons
between the control and notification conditions with respect to the total investments of referred customers
and investments of each referred customer are also significant.
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(83, 101, and 93) are sufficient to warrant the relaxation of the normality assumption on

the underlying populations when we apply Welch’s t-test. Given that the majority of

referred customers did not make any investment, we consider the following alternative test

procedure to compare the investments of each referred customer across conditions: Between

the control condition and a treatment condition, we first test whether there is a difference

between the proportions of referred customers with a positive investment amount (i.e.,

positive observations), and then test whether there is a difference between the two positive

subsamples. We report the findings based on this alternative test procedure in Table 3.

Insert Table 3 here.

We compare the proportions of positive observations across conditions using the test for

equal proportions, and find that the proportions are not significantly different between the

control condition and either of the gift and notification conditions (ps > 0.1). On the other

hand, as the Shapiro-Wilk tests indicate that the positive subsamples in all three conditions

are not normally distributed (ps < 0.001), we compare the positive subsamples across

conditions using the Wilcoxon-Mann-Whitney test. We find that the positive subsamples

in both the gift and notification conditions have a higher average investment amount than

that in the control condition, and the difference between the control and gift conditions is

significant (p < 0.05) whereas the difference between the control and notification conditions

is marginally significant (p < 0.1). Taken together, the comparisons with respect to the

value of each referred customer based on this alternative test procedure are consistent with

our earlier findings based on Welch’s t-tests.21

2.3.3. Regression Analyses of Aggregate Effects

In this section, we estimate the aggregate effects of the gift and notification treatments using

regression models. When the outcome variable is total investments of a current customer’s

21In Appendix, we report comparisons with respect to the total investments and number of a current
customer’s referred customers based on a similar alternative test procedure, and comparisons with respect
to the incidence of having acquired referred customers based on the test for equal proportions.
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referred customers, we consider the following linear model:

Yi = α+ βgTg,i + βnTn,i + θ>Xi + εi, (2.1)

where i refers to the i-th current customer, Yi denotes the total investments of the i-

th current customer’s referred customers (in RMB), Tg,i is the dummy variable for the

gift treatment, Tn,i is the dummy variable for the notification treatment, Xi is a vector

containing pre-experiment variables, and εi is the idiosyncratic term. We estimate this

model using ordinary least squares (OLS) and report the results in the first column of

Table 4.

Insert Table 4 here.

The OLS estimation of Model (2.1) suggests that both the gift and notification treatments

significantly increased the total investments of referred customers, and the estimated effect

sizes are very close to those obtained from mean comparisons. As a robustness check, we

consider multiple alternative regression specifications. First, since the total investments

of referred customers are right-skewed, we estimate Model (2.1) with a log-transformed

dependent variable using OLS; given that a positive constant needs to be added to total in-

vestments of referred customers before taking the logarithm and there is no single “optimal”

choice of such a constant, we estimate the log-linear model with four different choices of the

additive constant: 1, 10, 100, and 1,000. Second, we estimate a tobit specification of Model

(2.1) as the total investments of referred customers are zero for most current customers.

We report results from the alternative specifications in Table 4. The findings from these

specifications are not encouraging: While the coefficients of both treatments are positive

in all specifications, most of them are not significant at the p < 0.05 level. Therefore,

the positive effects of the gift and notification treatments on total investments of referred

customers are not robust under the alternative specifications being considered.

When the outcome variable is the incidence of having acquired referred customers, we es-
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timate a linear probability model (i.e., Model (2.1) with Yi denoting the dummy variable

for whether the i-th current customer has acquired referred customers) and a probit spec-

ification of Model (2.1). On the other hand, when the outcome variable is the number of

referred customers, we estimate Model (2.1) with Yi denoting the number of the i-th cur-

rent customer’s referred customers and a negative binomial model with a quadratic variance

function (i.e., an NB2 model).22 Results are summarized in Table 5.

Insert Table 5 here.

From Table 5, we find that the effect sizes of both treatments on the incidence and number

of referred customers from the OLS estimations are very close to those obtained from mean

comparisons. In terms of statistical significance, the linear probability and probit models

indicate that neither treatment had an impact on the incidence of having acquired referred

customers that is significant at the p < 0.05 level, and the linear and NB2 models show that

neither treatment effect on the number of referred customers is significant at the p < 0.05

level; both findings are consistent with those from mean comparisons.

Finally, for investments of each referred customer, the outcome variable defined on referred

customers, we consider the following linear model:

Zj = α̃+ β̃gTg,j + β̃nTn,j + εj , (2.2)

where j refers to the j-th referred customer, Zj denotes the j-th referred customer’s total

investments (in RMB), Tg,j is the dummy variable for whether the j-th referred customer

was acquired in the gift condition, Tn,j is the dummy variable for whether the j-th referred

customer was acquired in the notification condition, and εj is the idiosyncratic term. We

note that since referred customers were not randomly assigned to the experimental condi-

tions, we do not intend to give a causal interpretation for the parameters β̃g and β̃n; instead,

these parameters merely serve to capture the differences between the average investment

22Given that an overdispersion test rejects the null hypothesis of equidispersion in favor of the alternative
hypothesis of overdispersion (p < 0.01), we choose to estimate an NB2 model instead of a Poisson model.
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amount of referred customers acquired in the control condition and that of referred cus-

tomers acquired in the gift and notification conditions. We estimate this model using OLS

and report the results in the first column of Table 6.

Insert Table 6 here.

Confirming our previous finding based on mean comparisons, the OLS estimation of Model

(2.2) suggests that referred customers acquired in both treatment conditions on average

invested at least 7,000 RMB more than those acquired in the control condition did, and

both differences are significant (ps < 0.05). Similar to the case of total investments of

referred customers, we assess the robustness of this finding using alternative regression

specifications, including Model (2.2) with a log-transformed dependent variable with four

different choices of the additive constant: 1, 10, 100, and 1,000, and a tobit specification

of Model (2.2). We report results from these alternative specifications in Table 6. We

find that, while the coefficients for both treatment condition dummy variables are always

positive, only one turns out to be marginally significant at the p < 0.1 level and none is

significant at the p < 0.05 level. Consequently, the positive differences between the two

treatment conditions and the control condition in terms of investments of each referred

customer are not robust under the alternative specifications being considered.

2.3.4. Exploring How Treatments Promoted Better Matching

In the previous sections, we find that both the gift and notification treatments enhanced the

effectiveness of the referral program primarily through the acquisition of higher-investment

referred customers, or, in other words, by promoting better matching between referred

customers and the firm.23 Research on referral programs and customer value has proposed

active matching and passive matching as two distinct matching processes through which

better matching operates (Schmitt et al., 2011; Van den Bulte et al., 2018); correspondingly,

23We emphasize that the finding that referred customers acquired in the gift and notification conditions
on average invested more than those acquired in the control condition did is statistically significant under
Welch’s t-test, the two-stage alternative test, and the OLS estimation of the linear model; on the other hand,
it is insignificant under the log-linear and tobit models.
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there are two potential channels through which a treatment could promote better matching:

(1) by motivating active matching, in which the treatment motivates current customers to

exert greater effort to screen their friends and refer good matches to the firm, and (2) by

facilitating passive matching, in which the treatment induces a higher proportion of high-

value current customers to refer their friends who, by homophily, are more likely to be good

matches than friends of low-value current customers.

In our setting, both the gift and notification treatments could impact customer referrals

by eliciting reciprocity from and/or serving as a value signal to current customers, both

of which could motivate active matching. Specifically, offering current customers a gift

coupon before inviting them to refer friends may elicit reciprocity from current customers

toward the firm (Gneezy and List, 2006; Falk, 2007; Alpizar et al., 2008; Kube et al., 2012;

Gilchrist et al., 2016; Chung and Narayandas, 2017), which could in turn make them feel

obliged to exert effort to screen their friends carefully and match those who they think may

be valuable to the firm (Schmitt et al., 2011). The provision of the gift interest-raising

coupon may also signal to current customers that the actual interest rates of the financial

deposits could be higher than the listed interest rates, which may enhance their perception

about the value that their friends would receive once referred to the firm; since customers

tend to use referrals to help friends make better choices or manage friends’ impressions of

them (Ryu and Feick, 2007; Kornish and Li, 2010), such an enhanced value perception is

likely to motivate current customers to engage in active matching. As to the notification

treatment, a text message notifying current customers about their total investment return

may make it salient to them that they have received great value from the firm, which could

also trigger reciprocity from and/or serve as a value signal to them, and in turn motivate

active matching.

In addition to motivating active matching, both the gift and notification treatments could

also facilitate passive matching. Given that high-value current customers are likely to have a

better match with the firm and hence invest more in the fixed deposits during the campaign
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period compared to low-value current customers, the gift coupon is likely to be more valuable

to high-value current customers because its value is proportional to the amount of the fixed-

deposit investment to which it is applied.24 As a result, the gift treatment is more likely to

elicit reciprocity from high-value current customers assuming reciprocity is the mechanism

through which it impacts customer referrals, and it is likely to serve as a stronger signal

to high-value current customers assuming value signaling is the underlying mechanism. In

either case, the gift treatment is likely to motivate a higher proportion of high-value current

customers to refer their friends and facilitate passive matching. On the other hand, since

higher-value current customers are likely to have received more investment return from

the firm, notifying current customers about their total investment return is more likely

to induce reciprocity from and/or serves as a stronger value signal to high-value current

customers. Consequently, high-value current customers are more likely to refer friends after

receiving the notification compared to low-value current customers and passive matching is

facilitated.

In this section, we seek to shed light on how the gift and notification treatments promoted

better matching by investigating whether the data are consistent with the treatments moti-

vating active matching and/or facilitating passive matching. We start with the implication

of a treatment motivating active matching. Assuming there are two identical current cus-

tomers, A and B, and A is assigned to the control condition while B is assigned to a

treatment condition. If the treatment indeed motivates active matching and both A and

B have acquired referred customers, we expect that the average value of B’s referred cus-

tomers is higher than the average value of A’s referred customers. To examine whether data

from the experiment are consistent with such an implication, we estimate Model (2.1) on

the sample of current customers who have acquired referred customers during the experi-

ment.25 Here, the dependent variable Yi denotes the average investment amount of the i-th

24In Appendix, we show that customers of higher value, operationalized as those with a higher total
investment return and those with a larger current investment amount, invested more in the fixed deposits
during the experiment when offered the gift coupon.

25For simplicity, we refer to current customers who have acquired referred customers during the experiment
as referrers hereafter.
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referrer’s referred customers. Since referrers are likely to be different across conditions, we

try to partially address this selection issue by controlling for their observable characteris-

tics Xi, including log total investment return, log investment amount, tenure, time since

last investment, and whether had successful referrals before the experiment. We report the

results of the OLS estimation in the first column of the upper section of Table 7.

Insert Table 7 here.

We find that both treatments are estimated to have increased the average investments of

a referrer’s referred customers by at least 7,000 RMB and both effects are significant (ps

< 0.05), which is consistent with both treatments motivating active matching. One caveat

of this regression analysis is that controlling for the five referrers’ observable characteristics

is unlikely to fully address the selection issue. As a robustness check, we include a richer

set of controls by adding the interaction of each pair of the five characteristics (i.e., a total

of ten interactions) to the model and redo the analysis. We report the results of the OLS

estimation in the first column of the lower section of Table 7. It is evident that the inclusion

of the interactions only has a limited impact on the estimated effect sizes of both treatments

and both effects remain significant (ps < 0.05). Therefore, our finding is still consistent with

both treatments motivating active matching after adopting a richer set of controls.

Similar to Section 2.3.3, we also assess the robustness of this finding using multiple alter-

native regression specifications, including log-linear models with four different choices of

the additive constant (1, 10, 100, and 1,000) and a tobit model. All models are estimated

both with and without controlling for the pairwise interactions of the five referrers’ char-

acteristics. We report results from these alternative specifications in Table 7. Clearly, the

functional form assumption has a considerable impact on our finding: While the coefficients

of both treatments are positive in all specifications, only one turns out to be marginally

significant at the p < 0.1 level and none is significant at the p < 0.05 level. Consequently,

results from the log-linear and tobit models suggest that our earlier finding based on the

linear models is not robust; under the alternative regression specifications, we do not have
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sufficient statistical evidence suggesting that the average investments of referred customers

are higher for referrers in the two treatment conditions than for those in the control condi-

tion.

Now we consider the implication of a treatment facilitating passive matching. If a treatment

indeed facilitates passive matching, we expect that, compared to the control condition, it

induces a higher proportion of high-value current customers to refer friends and hence leads

to a higher average value of referrers. To investigate whether data from the experiment are

consistent with such an implication, we operationalize the value of a current customer using

two observable characteristics, total investment return and current investment amount, and

compare referrers in the two treatment conditions and those in the control condition with

respect to these two characteristics. We report the results of the comparisons in Table 8.

Insert Table 8 here.

Using Welch’s t-test, we find that referrers in the gift and notification conditions are not

significantly different from those in the control condition both in terms of total investment

return and current investment amount (ps > 0.1). One caveat of applying Welch’s t-test

in the current setting is that, as the Shapiro-Wilk tests indicate that all samples are non-

normal (ps < 0.001), it is unclear whether the sample sizes (76, 99, and 83) are sufficient to

warrant the relaxation of the normality assumption on the underlying populations when we

apply Welch’s t-test. As a robustness check, we compare referrers across conditions using the

Wilcoxon-Mann-Whitney test which does not impose the normality assumption. Again, we

find that the differences between the control condition and the two treatment conditions are

insignificant (ps > 0.1).26 While we do not find significant differences between the control

26We note that, by operationalizing the value of a current customer using his total investment return and
current investment amount, we implicitly assume that referrers with a higher total investment return and
those with a larger current investment amount are likely to acquire referred customers of higher value. To
assess the validity of this assumption, we calculate the correlation between each of these two characteristics
and the average investments of referred customers on the sample of all referrers. Between total investment
return and average investments of referred customers, Pearson’s r = 0.15 (p < 0.05) and Spearman’s
ρ = 0.10 (p = 0.10); between current investment amount and average investments of referred customers,
Pearson’s r = 0.15 (p < 0.05) and Spearman’s ρ = 0.05 (p > 0.1). We interpret this finding as suggestive
evidence supporting our assumption, with the caveat that when using Spearman’s ρ we cannot reject the
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condition and the two treatment conditions in terms of referrers’ total investment return and

current investment amount, we emphasize that referrers in the control condition and those in

the two treatment conditions could differ with respect to some unobservable characteristics

that are correlated with the value of referred customers through homophily. As a result,

we cannot rule out the possibility of the gift and notification treatments facilitating passive

matching based on the data we have.

2.3.5. Heterogeneous Effects of the Treatments

In this section, we investigate how the effects of the gift and notification treatments vary

across current customers. By exploring customer heterogeneity in treatment effects, we

aim to shed light on the mechanisms through which the two treatments impacted customer

referrals. Specifically, we are interested in answering the following question: Did the gift

and notification treatments enhance the effectiveness of the referral program by eliciting

reciprocity from current customers or serving as a value signal to current customers? Un-

derstanding customer heterogeneity in treatment effects is also managerially relevant, as it

could provide firms guidance on identifying current customers on whom the treatments are

likely to be most effective and hence may serve as good targets for future implementations

of these treatments. In the following, we consider customer characteristics that may mod-

erate the effects of the gift and notification treatments on the total investments of referred

customers (our key outcome variable), the incidence of having acquired referred customers,

and the number of referred customers.

Customer Value

As discussed in Section 2.3.4, the gift and notification treatments are likely to elicit stronger

reciprocity from higher-value current customers if they work by inducing reciprocity from

current customers toward the firm, and they are likely to serve as a stronger signal to

higher-value current customers if value signaling is the underlying mechanism. With either

null hypothesis of zero association.
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mechanism being at work, high-value current customers are likely to be better motivated by

the treatments to refer friends, especially those who are good matches, to the firm compared

to low-value current customers. Therefore, we propose the following hypotheses regarding

the moderating role of customer value:

H1: The treatments have a larger impact on current customers of higher value in terms of

the total investments of referred customers.

H2: The treatments have a larger impact on current customers of higher value in terms of

the incidence of having acquired referred customers.

H3: The treatments have a larger impact on current customers of higher value in terms of

the number of referred customers.

Investment Recency

If the gift and notification treatments work by inducing reciprocity from current customers

toward the firm, we predict that both treatments have a larger impact on customers whose

last investment was more recent. This is because customers whose last investment was more

recent are likely to have a stronger relationship with the firm at the time of the experiment

compared to those whose last investment was less recent (Netzer et al., 2008; Kumar et al.,

2010), and hence are more likely to feel the obligation to reciprocate to the firm by refer-

ring friends (especially those who are good matches) after receiving either the gift or the

notification. On the other hand, if value signaling is at work, we predict that both treat-

ments have a smaller impact on customers whose last investment was more recent based

on two institutional details. First, the real-time information about total investment return

is prominently displayed in a customer’s account. Second, the firm sends all customers

interest-raising coupons as a promotion multiple times a year, and information about cur-

rent and past interest-raising coupons is available in the coupon section of a customer’s

account. Since before making an investment, a customer needs to log into his account and

is likely to browse the coupon section to check if any coupon can be applied to the in-
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vestment, these two institutional details imply that a customer who makes an investment

is likely to have accessed information about his total investment return and information

about promotional interest-raising coupons, which, similar to the gift coupon, may remind

him that the actual interest rates of the financial deposits could be higher than the listed

interest rates. Compared to customers whose last investment was less recent, those whose

last investment was more recent are likely to have accessed a more up-to-date version of

such information at a more recent time, in which case the signaling value of the gift coupon

and the notification is smaller and hence a smaller impact on customer referrals. In sum, we

propose the following hypotheses assuming that the gift and notification treatments work

by eliciting reciprocity from current customers:

H4a: The treatments have a larger impact on current customers whose last investment was

more recent in terms of the total investments of referred customers.

H5a: The treatments have a larger impact on current customers whose last investment was

more recent in terms of the incidence of having acquired referred customers.

H6a: The treatments have a larger impact on current customers whose last investment was

more recent in terms of the number of referred customers.

In contrast, we propose the following competing hypotheses assuming that the gift and

notification treatments work by serving as a value signal to current customers:

H4b: The treatments have a smaller impact on current customers whose last investment

was more recent in terms of the total investments of referred customers.

H5b: The treatments have a smaller impact on current customers whose last investment

was more recent in terms of the incidence of having acquired referred customers.

H6b: The treatments have a smaller impact on current customers whose last investment

was more recent in terms of the number of referred customers.
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Past Referral Behavior

Customers who had made successful referrals in the past are likely to have a more committed

relationship with the firm (Verhoef et al., 2002); if the gift and notification treatments work

by inducing reciprocity, these customers are more likely to feel the obligation to reciprocate

to the firm by referring friends (especially those who are good matches) after receiving

either the gift or the notification than those who had not made successful referrals in the

past. Therefore, we propose the following hypotheses regarding the moderating role of

past referral behavior assuming that the gift and notification treatments work by eliciting

reciprocity from current customers:

H7: The treatments have a larger impact on current customers who had made successful

referrals before the experiment in terms of the total investments of referred customers.

H8: The treatments have a larger impact on current customers who had made successful

referrals before the experiment in terms of the incidence of having acquired referred

customers.

H9: The treatments have a larger impact on current customers who had made successful

referrals before the experiment in terms of the number of referred customers.

Empirical Testing of the Hypotheses

In this section, we empirically test our proposed hypotheses using regression analyses. For

hypotheses pertaining to the total investments of referred customers, our key outcome

variable, we consider the following linear model:

Yi = α+ βgTg,i + βnTn,i + θ>Xi + γ>g Tg,iXi + γ>n Tn,iXi + εi, (2.3)

where i refers to the i-th current customer, Yi denotes the total investments of the i-

th current customer’s referred customers (in RMB), Tg,i is the dummy variable for the
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gift treatment, Tn,i is the dummy variable for the notification treatment, Xi is a vector

containing potential moderators that we are going to test, and εi is the idiosyncratic term.

In order to test H1 (i.e., the moderating role of customer value), we adopt three different

operationalizations of customer value, including log total investment return, log investment

amount, and a single factor between log total investment return and log investment amount

which we term as the value factor (Iyengar and Park, 2018).27 Corresponding to the three

operationalizations of customer value, we consider three specifications for Xi: In the first

specification, Xi includes the i-th current customer’s log total investment return, time since

last investment, and whether he had made successful referrals in the past; the second and

third specifications replace log total investment return with log investment amount and the

value factor, respectively. We estimate Model (2.3) with different specifications of Xi using

OLS and report the results in the first three columns of Table 9.

Insert Table 9 here.

Across different specifications of Xi, we find that the interactions between both treatments

and all three operationalizations of customer value are all positive. Specifically, a 10% in-

crease in total investment return increases the effect of the gift treatment by 0.94 RMB

and the effect of the notification treatment by 1.98 RMB; a 10% increase in current invest-

ment amount increases the effect of the gift treatment by 1.38 RMB and the effect of the

notification treatment by 1.75 RMB; and increasing the value factor by 0.1 increases the

effect of the gift treatment by 1.35 RMB and the effect of the notification treatment by

2.19 RMB. We also find negative interactions between both treatments and time since last

investment, where making the last investment one day less recent decreases the effect of the

gift treatment by 0.01-0.07 RMB and the effect of the notification treatment by 0.02-0.09

RMB. Finally, the interactions between both treatments and the dummy variable of having

made referrals before the experiment (i.e., the past referrals dummy) are all positive; we find

27We obtain the factor scores by conducting a factor analysis on log total investment return and log
investment amount, which reveals a single factor accounting for 77.45% of the total variance in the two
variables.
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that the effect of the gift treatment is between 119.41 to 121.20 RMB larger and the effect

of the notification treatment is between 18.78 to 23.43 RMB larger for current customers

who had made successful referrals compared to those who had not. An inspection of the

statistical significance of these interactions, however, indicates that the lack of power is an

issue: Few interactions are significant at the p < 0.05 level, which include the interaction of

the notification and log total investment return in the first specification, the interaction of

the gift and log investment amount in the second specification, and the interaction of the

gift and the past referrals dummy in all three specifications.

To assess the robustness of the findings from the linear models, we estimate log-linear and

tobit variants of Model (2.3) and report results in Tables 9, 10, and 11.

Insert Tables 10 and 11 here.

In all log-linear and tobit models, we find that the interactions between both treatments

and all three operationalizations of customer value are positive but none is significant at the

p < 0.05 level. This finding, together with the one from the linear models, suggests that we

do not have sufficient statistical evidence to reach a conclusion regarding H1. We also find

that the signs of the interactions between both treatments and time since last investment are

not consistent across models; most of these interactions are not significant at the p < 0.05

level, with the exception of the interaction between the gift and time since last investment

in the tobit models, which is positive and significant (ps < 0.05). Hence, we are unable

to make claims regarding H4a and H4b given these largely insignificant interactions with

inconsistent signs across models. Finally, the interaction between the gift (notification)

treatment and the past referrals dummy is positive (negative) in all log-linear and tobit

models, but none is significant at the p < 0.05 level. Taken together, these insignificant

results and our earlier finding from the linear models do not provide us sufficient statistical

evidence to draw conclusions regarding H7.

For hypotheses pertaining to the incidence of having acquired referred customers, we es-
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timate linear probability models (i.e., Model (2.3) with Yi denoting the dummy variable

for whether the i-th current customer has acquired referred customers) and probit models.

Results are summarized in Table 12.

Insert Table 12 here.

From Table 12, we find that the interactions between both treatments and all three oper-

ationalizations of customer value are positive but none is significant at the p < 0.05 level

based on both the linear probability and probit models; as a result, we are unable to make

claims regarding H2. In the probit models, the interaction between the gift and time since

last investment is positive and significant (ps < 0.05), which is consistent with H5b and

inconsistent with H5a for the gift treatment; however, this finding is not robust under the

linear probability models as the interaction becomes insignificant. On the other hand, the

interaction between the notification and time since last investment is not significant at the

p < 0.05 level in both the linear probability and probit models, indicating that we do not

have sufficient statistical evidence to reach a conclusion regarding H5a and H5b for the no-

tification treatment. Finally, while the interaction of the gift and the past referrals dummy

changes sign across models and is never significant at the p < 0.05 level, the interaction of

the notification and the past referrals dummy is negative and significant in both the linear

probability and probit models (ps < 0.05). Therefore, our finding is inconsistent with H8

for the notification treatment.

For hypotheses pertaining to the number of referred customers, we estimate Model (2.3)

with Yi denoting the number of the i-th current customer’s referred customers and NB2

models.28 Results are summarized in Table 13.

Insert Table 13 here.

We make the following observations from Table 13. First, the interactions between both

28Given that an overdispersion test rejects the null hypothesis of equidispersion in favor of the alternative
hypothesis of overdispersion for all specifications of Xi (ps < 0.01), we choose to estimate NB2 models
instead of Poisson models.
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treatments and all three operationalizations of customer value are positive in both the

linear and NB2 models, but only one - the interaction between the notification and log total

investment return in the NB2 model - is significant at the p < 0.05 level. Therefore, we

do not have sufficient statistical evidence to reach a conclusion regarding H3. Second, the

interaction between the gift and time since last investment is positive and significant (ps

< 0.05) in the NB2 models, which is consistent with H6b and inconsistent with H6a for the

gift treatment, but this finding is not robust under the linear models. On the other hand,

the interaction between the notification and time since last investment is not significant

at the p < 0.05 level in both the linear and NB2 models. Finally, while the interaction

of the gift and the past referrals dummy is negative but not significant at the p < 0.05

level in both the linear and NB2 models, the interaction of the notification and the past

referrals dummy is negative and significant in the NB2 models (ps < 0.05). This finding

is inconsistent with H9 for the notification treatment, but it is not robust under the linear

models as the interaction becomes not significant at the p < 0.05 level.

To summarize, the lack of statistical power is a serious issue in the empirical testing of our

proposed hypotheses. Among all hypotheses, we only have sufficient statistical evidence

to reach a conclusion regarding H8 for the notification treatment, where the data are in-

consistent with H8 for the notification treatment. We fail to obtain statistically significant

interactions consistent across different models that would allow us to draw sharp conclusions

regarding all other hypotheses, and hence are largely unable to shed light on the mechanisms

through which the gift and notification treatments impacted customer referrals.

2.4. Empirical Findings: The Second Experiment

In this section, we analyze data from the second experiment to investigate the effects of

the two operationalizations of the value-based reward treatment. Similar to Section 2.3,

we first verify that the random assignment of customers was valid. We then estimate the

aggregate effects of the two value-based rewards on the effectiveness of the referral program.

Finally, we shed light on the workings of these two value-based rewards by exploring the
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mechanisms through which they operate.

2.4.1. Randomization Check

We assess the validity of the randomization by comparing customers across conditions with

respect to their behaviors prior to the experiment. Again, with a valid random assignment,

we should observe little or no systematic differences in customers’ pre-experiment variables

across conditions. The details of the randomization check are reported in Table 14.

Insert Table 14 here.

Similar to Section 2.3.1, we use a two-sided Welch’s t-test to examine whether two exper-

imental conditions have the same population mean on a pre-experiment variable. From

Table 14, it is evident that customers’ pre-experiment variables are well balanced across

conditions, confirming the validity of the random assignment in the second experiment.

2.4.2. Aggregate Effects of the Treatments

We measure the effectiveness of the referral program for each current customer using the

total value of his referred customers, which is operationalized similarly as in Section 2.3.2.

Specifically, we identify new customers who opened an account at the firm using a current

customer’s referral link during the 30-day campaign period (i.e., his referred customers), and

proxy for the total value of a current customer’s referred customers using the total amount

of investments made by all his referred customers in all financial deposits combined during

the 90-day observational period starting from the beginning of the experiment. In addition

to the total value of referred customers, we also consider three other outcome variables in

order to obtain a more thorough understanding of the impact of the value-based rewards

on customer referrals: (1) whether a current customer has acquired any referred customers

during the experiment (Yes/No), (2) the number of a current customer’s referred customers,

and (3) the value of a referred customer assessed by the amount of investments she made

during the 90-day observational period. We note that all outcome variables except the
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value of a referred customer are defined on each current customer, and for these outcome

variables the sample size in each condition is the number of current customers in that

condition: 40,076 in the control condition, 40,145 in the first value-based reward condition,

and 40,037 in the second value-based reward condition. On the other hand, the value of a

referred customer is defined on each referred customer, and the sample size in each condition

for this outcome variable is the number of referred customers acquired in that condition:

263 in the control condition, 300 in the first value-based reward condition, and 328 in the

second value-based reward condition.

The randomization allows us to identify the average treatment effect of each value-based

reward on the total value of a current customer’s referred customers via a direct mean

comparison between the control condition and the corresponding treatment condition. We

report the result of the mean comparisons based on two-sided Welch’s t-tests in the first

row of Table 15.

Insert Table 15 here.

Again, we assume that the sample in each condition consists of i.i.d. draws from an under-

lying population in order to apply Welch’s t-test; on the other hand, the validity of the test

does not require the populations to have equal variances or be normally distributed given

the large sample sizes. It is clear that both value-based rewards had a substantial impact

on the total investments of referred customers. In particular, the first and second value-

based rewards on average increased the total investments of a current customer’s referred

customers by 127.84 RMB and 99.93 RMB, respectively. Both treatment effects amount to

more than 100% lift over the baseline value of 92.97 RMB and are statistically significant

(ps < 0.01).

We also examine the mean comparisons with respect to the three other outcome variables

using two-sided Welch’s t-test in order to understand which of the two, the acquisition of

more referred customers or the acquisition of higher-value referred customers, was the main
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driver of the positive effects of the two value-based rewards on the total investments of

referred customers. From the second and third rows of Table 15, we find that only the

second value-based reward had a positive effect on the incidence of having acquired referred

customers that is close to being significant (p = 0.053) and a positive and significant effect

on the number of referred customers (p < 0.05), whereas the effects of the first value-

based reward on these two outcome variables are insignificant. The effect sizes of the

second value-based reward, however, are modest: It only increased the incidence of having

acquired referred customers and the number of referred customers by less than 25% relative

to the control condition. On the other hand, the last row of Table 15 shows that referred

customers acquired in the first value-based reward condition and those acquired in the

second value-based reward condition on average invested at least 100% and 65% more than

those acquired in the control condition did, respectively, and both differences are significant

(ps < 0.05). Therefore, similar to the findings in the first experiment, the data suggest

that both value-based rewards enhanced the effectiveness of the referral program primarily

through the acquisition of higher-investment (and hence higher-value) referred customers

rather than the acquisition of more referred customers.29

Similar to Section 2.3.2, one caveat for the mean comparisons with respect to the invest-

ments of each referred customer is that it is unclear whether the sample sizes in the three

experimental conditions (263, 300, and 328) are sufficient to warrant the relaxation of the

normality assumption on the underlying populations when we apply Welch’s t-test. We

29Similar to Section 2.3.2, we adopt the Holm procedure and the Benjamini-Hochberg procedure to address
the issue of multiple testing. In the Holm procedure, when we set the family-wise error rate (FWER) at
0.05, the comparisons between the control and both value-based reward conditions with respect to the
total investments of referred customers are significant; on the other hand, when we set FWER at 0.1, in
addition to the two comparisons that are significant when FWER is set at 0.05, the comparison between
the control and first value-based reward conditions with respect to investments of each referred customer
and the comparison between the control and second value-based reward conditions with respect to the
number of referred customers are also significant. In the Benjamini-Hochberg procedure, when we set
FDR at 0.05, the comparisons between the control and first value-based reward conditions with respect
to the total investments of referred customers and investments of each referred customer are significant,
and the comparisons between the control and second value-based reward conditions with respect to the
total investments of referred customers, the number of referred customers, and investments of each referred
customer are significant as well; on the other hand, when we set FDR at 0.1, in addition to the 5 comparisons
that are significant when FDR is set at 0.05, the comparison between the control and second value-based
reward conditions with respect to the incidence of having acquired referred customers is also significant.
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adopt a similar alternative test procedure to compare the investments of each referred cus-

tomer across conditions in which, between the control condition and a treatment condition,

we first test whether there is a difference between the proportions of referred customers

with a positive investment amount (i.e., positive observations), and then test whether there

is a difference between the two positive subsamples. We report the findings based on this

alternative test procedure in Table 16.

Insert Table 16 here.

We compare the proportions of positive observations across conditions using the test for

equal proportions, and find that the proportions are not significantly different between the

control condition and either value-based reward condition (ps > 0.1). On the other hand, as

the Shapiro-Wilk tests indicate that the positive subsamples in all three conditions are not

normally distributed (ps < 0.001), we compare the positive subsamples across conditions

using the Wilcoxon-Mann-Whitney test. We find that the positive subsamples in both value-

based reward conditions have a higher average investment amount than that in the control

condition, and the difference between the control and first value-based reward conditions

is marginally significant (p < 0.1) whereas the difference between the control and second

value-based reward conditions is significant (p < 0.05). Taken together, the comparisons

with respect to the value of each referred customer based on this alternative test procedure

are consistent with our earlier findings based on Welch’s t-tests.30

2.4.3. Regression Analyses of Aggregate Effects

In this section, we estimate the aggregate effects of both value-based reward treatments

using regression models. When the outcome variable is total investments of a current

customer’s referred customers, we consider the following linear model:

Yi = α+ βfrTfr,i + βsrTsr,i + θ>Xi + εi, (2.4)

30In Appendix, we report comparisons with respect to the total investments and number of a current
customer’s referred customers based on a similar alternative test procedure, and comparisons with respect
to the incidence of having acquired referred customers based on the test for equal proportions.
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where i refers to the i-th current customer, Yi denotes the total investments of the i-th

current customer’s referred customers, Tfr,i is the dummy variable for the first value-based

reward treatment, Tsr,i is the dummy variable for the second value-based reward treatment,

Xi is a vector containing pre-experiment variables, and εi is the idiosyncratic term. We

estimate this model using OLS and report the results in the first column of Table 17.

Insert Table 17 here.

The OLS estimation of Model (2.4) suggests that both value-based rewards significantly

increased the total investments of referred customers (ps < 0.01), and the estimated effect

sizes are very close to those obtained from mean comparisons. Similar to Section 2.3.3,

we assess the robustness of this finding using multiple alternative regression specifications,

including Model (2.4) with a log-transformed dependent variable with four different choices

of the additive constant: 1, 10, 100, and 1,000, and a tobit specification of Model (2.4).

Results from these alternative specifications are reported in Table 17. We find that the

coefficients of both value-based reward treatments are positive and significant (ps < 0.05)

in all alternative specifications being considered, indicating that the finding of the positive

effects of both value-based reward treatments on total investments of referred customers is

robust across different regression specifications.

When the outcome variable is the incidence of having acquired referred customers, we es-

timate a linear probability model (i.e., Model (2.4) with Yi denoting the dummy variable

for whether the i-th current customer has acquired referred customers) and a probit spec-

ification of Model (2.4). On the other hand, when the outcome variable is the number of

referred customers, we estimate Model (2.4) with Yi denoting the number of the i-th cur-

rent customer’s referred customers and an NB2 specification of Model (2.4).31 Results are

summarized in Table 18.

Insert Table 18 here.

31Given that an overdispersion test rejects the null hypothesis of equidispersion in favor of the alternative
hypothesis of overdispersion (p < 0.01), we choose to estimate an NB2 model instead of a Poisson model.
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From Table 18, we find that the effect sizes of both treatments on the incidence and number

of referred customers based on the OLS estimations are very close to those obtained from

mean comparisons. In terms of statistical significance, the linear probability and probit

models indicate that neither treatment had an impact on the incidence of having acquired

referred customers that is significant at the p < 0.05 level, and the linear and NB2 models

show that only the second value-based reward treatment had a significant impact on the

number of referred customers (ps < 0.05); both findings are consistent with those from

mean comparisons.

For investments of each referred customer, the outcome variable defined on referred cus-

tomers, we consider the following linear model:

Zj = α̃+ β̃frTfr,j + β̃srTsr,j + εj , (2.5)

where j refers to the j-th referred customer, Zj denotes the j-th referred customer’s total

investments (in RMB), Tfr,j is the dummy variable for whether the j-th referred customer

was acquired in the first value-based reward condition, Tsr,j is the dummy variable for

whether the j-th referred customer was acquired in the second value-based reward condition,

and εj is the idiosyncratic term. Similar to Section 2.3.3, we do not intend to give a

causal interpretation for the parameters β̃fr and β̃sr, which merely serve to capture the

differences between the average investment amount of referred customers acquired in the

control condition and that of referred customers acquired in the two value-based reward

conditions. We estimate this model using OLS and report the results in the first column of

Table 19.

Insert Table 19 here.

Confirming our previous finding based on mean comparisons, the OLS estimation of Model

(2.5) suggests that referred customers acquired in both treatment conditions on average

invested at least 9,000 RMB more than those acquired in the control condition did, and
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both differences are significant (ps < 0.05). As a robustness check, we consider multiple al-

ternative regression specifications, including Model (2.5) with a log-transformed dependent

variable with four different choices of the additive constant: 1, 10, 100, and 1,000, and a

tobit specification of Model (2.5). We report results from these alternative specifications in

Table 19. While the coefficients for both treatment condition dummy variables are always

positive, most of them are not significant at the p < 0.1 level. The largely insignificant

coefficient estimates are likely due to a lack of power; since each of the two treatment condi-

tions implemented an operationalization of the value-based reward treatment, we can seek

to obtain greater statistical power by combining the two treatment conditions into a single

composite value-based reward condition. We redo all analyses in Table 19 after combining

the two treatment conditions, and report the results in Table 20.

Insert Table 20 here.

We find that the coefficient of the value-based reward condition dummy variable is significant

in the linear, tobit, and one log-linear specifications (ps < 0.05), marginally significant in two

log-linear specifications (ps < 0.1), and insignificant in one log-linear specification. Hence,

combining the two original treatment conditions into one composite value-based reward

condition indeed provides us more power, and the finding that referred customers acquired

by current customers who were offered a value-based reward on average invested more than

those acquired by current customers not offered one seems to be reasonably robust across

different specifications.

2.4.4. Exploring How Treatments Promoted Better Matching

In the previous sections, we find that both value-based reward treatments enhanced the

effectiveness of the referral program primarily through the acquisition of higher-investment

referred customers. Since the value-based rewards offer current customers an economic

incentive to bring in high-value referred customers, they could promote better matching

by motivating current customers to exert greater effort to screen their friends and refer
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good matches to the firm (i.e., motivating active matching). On the other hand, homophily

implies that, compared to low-value current customers, high-value current customers are

more likely to have friends who could become high-value new customers and whose referrals

could earn them value-based rewards; that is, high-value current customers are likely to be

better incentivized than low-value current customers when offered a value-based reward, in

which case passive matching is facilitated.

In this section, we seek to shed light on how the value-based reward treatments promoted

better matching by investigating whether the data are consistent with the treatments mo-

tivating active matching and/or facilitating passive matching. Similar to Section 2.3.4, we

first examine whether the average investments of referred customers are higher for referrers

in the two treatment conditions than for those in the control condition after controlling for

referrers’ observable characteristics. Specifically, we estimate Model (2.4) on the sample of

referrers. Here, the dependent variable Yi denotes the average investment amount of the

i-th referrer’s referred customers, and the vector Xi includes the i-th referrer’s log total

investment return, log investment amount, tenure, time since last investment, and whether

he had successful referrals before the experiment. We report results of the OLS estimation

in the first column of the upper section of Table 21.

Insert Table 21 here.

The first value-based reward treatment is estimated to have increased the average invest-

ments of a referrer’s referred customers by more than 12,000 RMB and the effect is significant

(p < 0.05), whereas the effect of the second value-based reward treatment is considerably

smaller and insignificant. After controlling for the pairwise interactions of the five charac-

teristics, the effect of the first value-based reward treatment becomes marginally significant

(p < 0.1) and the effect of the second value-based reward treatment remains insignificant,

as shown in the first column of the lower section of Table 21. We also assess the robustness

of the findings from linear models using multiple alternative regression specifications, in-

cluding log-linear models with four different choices of the additive constant (1, 10, 100, and
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1,000) and a tobit model; all models are estimated both with and without controlling for

the pairwise interactions of the five referrers’ characteristics. We report results from these

alternative specifications in Table 21. While the coefficients of both treatments are positive

in all specifications, all are insignificant (ps > 0.1) with the exception of the coefficient of

the first value-based reward treatment in the two tobit specifications. Therefore, across the

regression specifications being considered, we do not observe a consistent pattern that the

average investments of referred customers are significantly higher for referrers in the two

treatment conditions compared to those in the control condition, after controlling for refer-

rers’ observable characteristics. Finally, we redo all analyses in Table 21 after combining

the two value-based reward conditions into a single composite value-based reward condition

and report the results in Table 22.

Insert Table 22 here.

The coefficient of the composite value-based reward treatment is positive in all specifications;

however, only one turns out to be marginally significant at the p < 0.1 level and none is

significant at the p < 0.05 level. Hence, we still do not have sufficient statistical evidence

suggesting that the average investments of referred customers are higher for referrers who

were offered a value-based reward compared to those not offered one, after controlling for

referrers’ observable characteristics.

We now investigate whether referrers in the two value-based reward conditions on average

have a higher total investment return and a larger current investment amount than those

in the control condition. Results of the comparisons are summarized in Table 23.

Insert Table 23 here.

We find that referrers in both value-based reward conditions have a higher total investment

return and a larger current investment amount than those in the control condition, but only

the differences between the control and second value-based reward conditions are significant

based on Welch’s t-tests (ps < 0.05). Again, as the Shapiro-Wilk tests indicate that all
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samples are non-normal (ps < 0.001), it is unclear whether the sample sizes (241, 260, and

285) are sufficient to warrant the relaxation of the normality assumption on the underlying

populations when we use Welch’s t-test. As a robustness check, we compare referrers across

conditions using the Wilcoxon-Mann-Whitney test which does not impose the normality

assumption. Findings from the Wilcoxon-Mann-Whitney tests are largely consistent with

those based on Welch’s t-tests, with the exception that the difference between the control

and first value-based reward conditions in terms of referrers’ total investment return is

now marginally significant (p < 0.1). Taken together, our findings are consistent with the

second value-based reward treatment facilitating passive matching; on the other hand, we

do not observe a consistent pattern that referrers in the first value-based reward condition

on average have a significantly higher value than those in the control condition.32 Finally,

we redo all analyses in Table 23 after combining the two value-based reward conditions into

a single composite value-based reward condition, and report the results in Table 24.

Insert Table 24 here.

We find that referrers in the composite value-based reward condition on average have a

higher total investment return and a larger current investment amount than those in the

control condition; the difference in terms of total investment return is significant based

on both Welch’s t-test and the Wilcoxon-Mann-Whitney test (ps < 0.05), whereas the

difference in terms of current investment amount is marginally significant based on Welch’s

t-test (p < 0.1) and significant based on the Wilcoxon-Mann-Whitney test (p < 0.05).

Therefore, the data are consistent with the provision of a value-based reward facilitating

passive matching.

32Similar to Section 2.3.4, we implicitly assume that referrers with a higher total investment return and
those with a larger current investment amount are likely to acquire referred customers of higher value. To
assess the validity of this assumption, we calculate the correlation between each of these two characteristics
and the average investments of referred customers on the sample of all referrers. Between total investment
return and average investments of referred customers, Pearson’s r = 0.15 (p < 0.01) and Spearman’s ρ = 0.16
(p < 0.01); between current investment amount and average investments of referred customers, Pearson’s
r = 0.18 (p < 0.01) and Spearman’s ρ = 0.15 (p < 0.01). Hence, our assumption is supported by the data.
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2.4.5. Heterogeneous Effects of the Treatments

In this section, we investigate how the effects of the two value-based reward treatments vary

across current customers. Understanding customer heterogeneity in treatment effects could

shed light on the workings of value-based rewards and provide firms guidance on identifying

current customers on whom value-based rewards are likely to be most effective. In the

following, we consider customer characteristics that may moderate the effects of the value-

based reward treatments on the total investments of referred customers (our key outcome

variable), the incidence of having acquired referred customers, and the number of referred

customers.

Customer Value

As discussed in Section 2.4.4, high-value current customers are likely to be better incen-

tivized to refer friends (especially those who are good matches) when offered a value-based

reward than low-value current customers, because homophily implies that the former are

more likely to have friends who could become high-value new customers and generate value-

based rewards for them. Therefore, we propose the following hypotheses regarding the

moderating role of customer value:

H10: The treatments have a larger impact on current customers of higher value in terms

of the total investments of referred customers.

H11: The treatments have a larger impact on current customers of higher value in terms

of the incidence of having acquired referred customers.

H12: The treatments have a larger impact on current customers of higher value in terms

of the number of referred customers.
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Empirical Testing of the Hypotheses

In this section, we empirically test our proposed hypotheses using regression analyses. For

H10, we consider the following linear model:

Yi = α+ βfrTfr,i + βsrTsr,i + θXi + γfrTfr,iXi + γsrTsr,iXi + εi, (2.6)

where i refers to the i-th current customer, Yi denotes the total investments of the i-th

current customer’s referred customers (in RMB), Tfr,i is the dummy variable for the first

value-based reward treatment, Tsr,i is the dummy variable for the second value-based reward

treatment, Xi is a variable that operationalizes the value of the i-th current customer, and

εi is the idiosyncratic term. Similar to Section 2.3.5, we adopt three different operational-

izations of customer value, including log total investment return, log investment amount,

and a single factor between log total investment return and log investment amount which

we term as the value factor.33 We estimate Model (2.6) with different specifications of Xi

using OLS and report the results in the first three columns of Table 25.

Insert Table 25 here.

We find that the interactions between both treatments and all three operationalizations

of customer value are all positive. Specifically, a 10% increase in total investment return

increases the effects of the first and second value-based reward treatments by 4.14 and 4.78

RMB, respectively; a 10% increase in current investment amount increases the effects of

the two treatments by 3.67 and 7.02 RMB, respectively; and increasing the value factor

by 0.1 increases the effects of the two treatments by 5.77 and 8.54 RMB, respectively. An

inspection of the statistical significance of these interactions indicates that, while the inter-

actions between the first reward and the three operationalizations of customer value are not

significant at the p < 0.05 level, the interactions between the second reward and the three

33We obtain the factor scores by conducting a factor analysis on log total investment return and log
investment amount, which reveals a single factor accounting for 90.23% of the total variance in the two
variables.
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operationalizations of customer value are significant (ps < 0.05). We also estimate Model

(2.6) after combining the two value-based reward conditions into a single composite value-

based reward condition, and report the results in the last three columns of Table 25. We

find that the interactions between the composite reward and the three operationalizations

of customer value are positive, and two out of three are significant at the p < 0.05 level.

To assess the robustness of the findings from the linear models, we estimate log-linear and

tobit variants of Model (2.6) and report results in Tables 26, 27, 28, 29, and 30.

Insert Tables 26, 27, 28, 29, and 30 here.

Across all log-linear and tobit models, a consistent pattern of results emerges: The inter-

actions between the first reward and the three operationalizations of customer value are

always positive but never significant at the p < 0.05 level; on the other hand, the interac-

tions between the second reward and the three operationalizations of customer value are

always positive and significant (ps < 0.05). We also find that the interactions between the

composite reward and the three operationalizations of customer value are always positive

and mostly significant at the p < 0.05 level. These findings, together with the one from the

linear models, provide strong support for H10 for the second value-based reward treatment,

whereas we do not have sufficient statistical evidence to reach a conclusion regarding H10

for the first value-based reward treatment.34 In addition, when treating the two value-based

rewards as a single composite reward, the data also support H10.

To test H11, we estimate linear probability models (i.e., Model (2.6) with Yi denoting the

dummy variable for whether the i-th current customer has acquired referred customers) and

probit models. Results are summarized in Tables 31 and 32.

34The finding that the interactions between the second reward and operationalizations of customer value
have larger magnitudes and smaller p-values than the interactions between the first reward and operational-
izations of customer value is expected. This is because while a referred customer’s contribution to the reward
for the referring customer is capped at 50 RMB under the first reward, her contribution can go beyond 50
RMB as her fixed-deposit investments increase under the second reward; consequently, the second reward
could be more motivating for current customers to refer friends, especially those who are good matches.
The potential difference in motivation is likely to lead to a larger difference in total investments of referred
customers for current customers of higher value, who as homophily implies are more likely to have friends
who are good matches that they can refer to the firm.
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Insert Tables 31 and 32 here.

We find that, in both the linear probability and probit models, the interactions between

the first reward and the three operationalizations of customer value are always positive but

never significant at the p < 0.05 level, and the interactions between the second reward

and the three operationalizations of customer value are always positive and significant

(ps < 0.05). We also find that the interactions between the composite reward and the

three operationalizations of customer value are always positive and significant (ps < 0.05).

Therefore, the data provide strong support for H11 for the second value-based reward

treatment, whereas we do not have enough power to draw conclusions regarding H11 for the

first value-based reward treatment. Moreover, when treating the two value-based rewards

as a single composite reward, the data also support H11.

To test H12, we estimate Model (2.6) with Yi denoting the number of the i-th current

customer’s referred customers and NB2 models.35 Results are summarized in Tables 33 and

34.

Insert Tables 33 and 34 here.

We find that, in both the linear and NB2 models, the interactions between the first reward

and the three operationalizations of customer value are always positive but mostly not sig-

nificant at the p < 0.05 level, and the interactions between the second reward and the three

operationalizations of customer value are always positive and significant (ps < 0.05). We

also find that the interactions between the composite reward and the three operationaliza-

tions of customer value are always positive and significant (ps < 0.05). Therefore, the data

provide strong support for H12 for the second value-based reward treatment, whereas we do

not have enough power to draw conclusions regarding H12 for the first value-based reward

treatment. When treating the two value-based rewards as a single composite reward, the

data also support H12.

35Given that an overdispersion test rejects the null hypothesis of equidispersion in favor of the alternative
hypothesis of overdispersion for all specifications of Xi (ps < 0.01), we choose to estimate NB2 models
instead of Poisson models.
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2.5. Conclusions and Future Research

Enhancing the effectiveness of referral programs is a key challenge facing firms that use re-

ferral programs to acquire new customers. In this essay, we propose three treatments aimed

at enhancing the effectiveness of referral programs by promoting better matching, includ-

ing (1) offering current customers a gift before inviting them to refer friends, (2) notifying

current customers about the value that they have received from the firm before inviting

them to refer friends, and (3) rewarding referring customers based on the value of their

referred customers. We test the effectiveness of these three treatments by conducting two

field experiments in collaboration with a leading Chinese online financial services firm. We

find that all three treatments substantially enhanced the effectiveness of the focal referral

program, which is measured for each current customer as the total value of his referred

customers. We also find that the enhancement was primarily driven by the acquisition of

higher-value new customers rather than the acquisition of more new customers. Moreover,

we conduct a series of analyses to explore the mechanisms underlying these treatments.

From the analyses, we find evidence suggesting that the second operationalization of the

value-based reward treatment facilitated passive matching and had a larger impact on cur-

rent customers of higher value; on the other hand, we do not have sufficient evidence to

draw definitive conclusions regarding the workings of the other treatments.

Our research has several limitations. First, the lack of statistical power in many analyses

conducted for the first experiment limits our ability to draw conclusions regarding the

workings of the gift and notification treatments. There are a few options for alleviating

this power issue that future research may adopt. For instance, researchers could increase

the statistical power of a future experiment testing the gift and notification treatments by

having a larger sample size in the experiment. Researchers may also consider ways that

could potentially make the treatments more effective (i.e., increase their effect sizes), such

as making the gift coupon more generous, using gifts that are more valuable than interest-

raising coupons from customers’ perspective, and making the notification more salient to
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customers. Moreover, researchers may explore contexts other than online financial services

to test the gift and notification treatments. In our data, we find that only a very small

proportion of current customers have made successful referrals in the experiments, and a

likely explanation is that customers tend to be very cautious when referring friends in our

setting since financial investment decisions are private and can be risky. If researchers use

a context in which customers are more likely to make referrals, then there could be more

power to test the gift and notification treatments.

Second, we have only considered one operationalization of the gift treatment, which is

an interest-raising coupon. Other types of gifts may work better, and it is interesting

to understand the relationship between the features of a gift and its impact on customer

referrals. For instance, is a gift “closer” (i.e., more relevant) to the focal product/service

more likely to elicit reciprocity from current customers toward the firm than a gift “more

distant” (i.e., less relevant) to the focal product/service, or the other way around? A priori,

it can be the case that a “closer” gift is likely to be of higher value to current customers

and hence is more likely to induce reciprocity. On the other hand, it is also possible that a

“closer” gift is more likely to be perceived by current customers as a deliberate marketing

device instead of a genuine kind treatment, in which case reciprocity can hardly be triggered.

It will be interesting to test such predictions in future experiments.

Third, we have only considered two value-based rewards with simple structures in this essay.

As extensions, we can consider developing value-based rewards based on theoretical models

of customer referrals and testing these value-based rewards in diverse contexts. We can also

consider other reward structures that are likely to promote better matching. For example,

Schmitt et al. (2011) suggest that firms may want to make the referral reward a function

of the value of the referring customer. It is interesting to understand whether rewarding

a referring customer based on his own value is more or less effective than rewarding him

based on his referred customers’ value. More broadly, investigating the design of the referral

reward structure is likely to generate interesting insights on customer referrals and also prove
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useful for firms to enhance the effectiveness of their referral programs.

Finally, we are unable to conduct direct tests on the mechanisms underlying the treatments

based on our data. To address this issue, researchers may consider augmenting field ex-

perimental data on customers’ referral behaviors with post-experiment surveys and/or lab

experiments in which they could directly measure the mechanisms at work. For example,

researchers could test the gift and notification treatments in a lab experiment, and, after

the treatments are administered, ask subjects to state their intention to reciprocate to and

their value perception of the focal firm. Such information could shed additional light on

how the treatments impact customer referrals.
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CHAPTER 3 : A Low-Dimension Learning Approach to Modeling Consumer

Heterogeneity in Choice-Based Conjoint Estimation

3.1. Introduction

Conjoint analysis, and choice-based conjoint (CBC) in particular, has been widely used by

both researchers and practitioners to assess how consumers with heterogeneous preferences

value different product or service attributes (Wittink and Cattin, 1989; Green and Srini-

vasan, 1990; Huber, 2004). The understanding of consumers’ heterogeneous preferences

plays a central role in a variety of marketing decisions, such as pricing, targeted promo-

tions, differentiated product offerings, and market segmentation (Allenby and Rossi, 1998).

In most conjoint applications, researchers are faced with the challenge that short ques-

tionnaires are adopted due to concerns over response rates and response quality, and, as a

result, the amount of information elicited from each consumer is limited (Lenk et al., 1996).

Given the scarcity of information from each consumer, adequate modeling of consumer

heterogeneity becomes critical for conjoint estimation.

Modeling consumer heterogeneity entails pooling information across consumers; for each

consumer, her information is used to help estimating other consumers’ partworths while

other consumers’ information also contributes to the estimation of her own partworths.

Hence, identifying effective information pooling mechanisms is the key for accurate esti-

mation of the individual-level partworths. In the marketing literature, researchers have

primarily investigated three distinct information pooling mechanisms, each of which has

been implemented by multiple models for recovering consumer heterogeneity. First, in the

hierarchical Bayes (HB) model with a normal population distribution (Lenk et al., 1996;

Rossi et al., 1996) and the convex optimization model of Evgeniou et al. (2007), informa-

tion sharing is induced by shrinking the individual-level partworths toward the population

mean. Second, the HB normal component mixture model (Allenby et al., 1998) and the

sparse learning model of Chen et al. (2017) pool information across consumers by recover-
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ing segments in the population and shrinking the individual-level partworths toward their

respective segment means. Finally, the finite mixture model (Kamakura and Russell, 1989)

and the HB model with a Dirichlet process prior (Ansari and Mela, 2003; Kim et al., 2004)

approximate the individual-level partworths using discrete points. As these models have all

demonstrated strong empirical performance in modeling consumer heterogeneity, the effec-

tiveness of their underlying information pooling mechanisms in addressing the challenge of

limited individual-level information is evident.

In this essay, we propose an innovative low-dimension learning model for recovering con-

sumers’ heterogeneous partworths in CBC, built upon an information pooling mechanism

that is distinct from but also compatible with the three well-established mechanisms in the

marketing literature. We assume that most variations in consumers’ heterogeneous part-

worths, viewed as vectors in an Euclidean space, are along a small number of orthogonal

directions; consequently, consumers’ partworth vectors all reside near some low-dimensional

affine subspace of the Euclidean space (James et al., 2017).36 This assumption is likely to

hold when consumers have more substantial preference variations over a small number of

attributes compared to the other attributes. Since there is a good low-dimensional affine

subspace approximation for consumers’ heterogeneous partworths, a natural mechanism for

pooling information across consumers is to shrink the individual-level partworths toward

this low-dimensional affine subspace, which is also inferred from the data. Our model im-

plements such a low-dimension information pooling mechanism using a convex optimization

framework in which both the distance between each partworth vector and the affine subspace

as well as the dimension of the affine subspace are penalized.

We note that our low-dimension information pooling mechanism may lead to effective in-

formation sharing across consumers that cannot be induced by the three information pool-

ing mechanisms in the literature, and vice versa. Therefore, coupling the low-dimension

mechanism with any of the extant information pooling mechanisms could potentially give

36Examples of affine subspace of an Euclidean space include lines and planes that do not necessarily
contain the origin of the space. We will provide a formal definition of affine subspace in Section 3.2.
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rise to more effective information sharing across consumers than any single mechanism.

In other words, we view our low-dimension mechanism and the extant information pool-

ing mechanisms as complements rather than substitutes in addressing the challenge posed

by the scarcity of information from each consumer. To illustrate this perspective, in our

low-dimension learning model, we choose to also shrink the individual-level partworths to-

ward the population mean besides shrinking them toward a low-dimensional affine subspace

by incorporating the convex regularization of Evgeniou et al. (2007), which is straightfor-

ward within our convex optimization framework. Similar to extant machine learning-based

models for recovering consumer heterogeneity (Evgeniou et al., 2007; Chen et al., 2017),

we determine the amount of each type of shrinkage using cross-validation (Vapnik, 1998;

Hastie et al., 2016).

We compare our low-dimension learning model and a restricted version of the model in

which only the low-dimension information pooling mechanism is implemented to multiple

benchmark models using simulation experiments and two field data sets. In simulations, the

low-dimension learning model and its restricted version overall outperform the benchmark

models both in terms of parameter recovery and predictive accuracy. In particular, both

demonstrate strong performance irrespective of whether their underlying assumption - the

true individual-level partworths have a good low-dimensional affine subspace approximation

- seems to hold or not. In the two field data sets, these two models also emerge as the overall

best performing models. We also find that, across simulations and field data sets, the per-

formance of the low-dimension learning model is very close to that of its restricted version,

suggesting that the incremental value of shrinking the individual-level partworths toward

the population mean can be very limited when we are already shrinking the individual-level

partworths toward a low-dimensional affine subspace.

The remainder of this essay is organized as follows. In Section 3.2, we describe the setup of

CBC and develop our low-dimension learning model for recovering consumers’ heterogeneous

partworths in CBC. We compare our low-dimension learning model and the benchmark

92



models using simulation experiments in Section 3.3 and two field conjoint data sets in

Section 3.4. We conclude in Section 3.5.

3.2. The Low-Dimension Learning Model

3.2.1. Conjoint Setup

We consider a choice-based conjoint (CBC) experiment consisting of I respondents. In

the CBC experiment, respondent i makes choice decisions over J choice sets, each of which

includesH conjoint profiles with p attributes.37 We use the row vector xijh ∈ Rp to represent

the h-th profile in the j-th choice set of respondent i, and use the column vector βi ∈ Rp

to represent the partworth vector of respondent i. We assume that respondent i chooses

her most preferred profile xijh∗ from her j-th choice set
{
xijh

}H
h=1

using a standard logit

model with an additive specification of the utility function. Specifically, we assume that

Uijh = xijhβi + εijh, where
{
εijh
}
i,j,h

are independently and identically distributed type-

I extreme value random variables, and xijh∗ is chosen such that Uijh∗ = max
{
Uijh

}H
h=1

(Train, 2009).

3.2.2. Model Development

Given data from the CBC experiment, a natural starting point for conjoint estimation is

to separately estimate each respondent’s partworths using the logit maximum likelihood

estimator (MLE). The logit MLE of respondent i’s partworths is obtained by solving the

following optimization problem:

min −
J∑
j=1

log
exijh∗βi∑H
h=1 e

xijhβi
,

s.t. βi ∈ Rp.

37For ease of exposition, we assume that all respondents need to answer the same number of choice
questions and that all choice sets contain the same number of conjoint profiles. Our model, however, can be
straightforwardly extended to accommodate varying numbers of choice sets across respondents and varying
numbers of conjoint profiles across choice sets.
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Equivalently, we can obtain the logit MLE of all respondents’ partworths by solving the

following joint optimization problem:

min −
I∑
i=1

J∑
j=1

log
exijh∗βi∑H
h=1 e

xijhβi
,

s.t. βi ∈ Rp, for i = 1, 2, . . . , I.

(3.1)

In most conjoint studies, short questionnaires are adopted due to concerns over response

rates and response quality and the amount of information elicited from each respondent

is limited (Lenk et al., 1996). The scarcity of individual-level information poses a serious

challenge to the separate estimation of each respondent’s logit model: When the number of

choice sets J is small, the individual-level logit models become excessively flexible relative

to the amount of data available to estimate these models; consequently, the logit MLE tends

to overfit and yield poor estimates of respondents’ partworths, and can be unidentified for

many respondents (Rossi and Allenby, 1993; Allenby and Rossi, 1998; James et al., 2017).

In machine learning, a well-established approach to controlling the flexibility of a model

and improving its predictive accuracy and interpretability is to regularize the estimation

of the model (Hoerl and Kennard, 1970; Tibshirani, 1996; Zou and Hastie, 2005; Hastie

et al., 2016). In the regularization approach, instead of simply minimizing an empirical loss

function derived from the model that measures the fit between the model parameters and the

data (e.g., the minus log-likelihood function in Problem (3.1)), the researcher minimizes the

sum of the empirical loss function and a regularization function. The regularization function

is specified to reflect the researcher’s prior belief regarding which model parameters are more

appropriate for his research objectives, such as prediction and variable selection, and those

deemed as more appropriate are assigned lower values. Including the regularization function

in the optimization problem thus effectively limits the set of possible parameter estimates

and makes model parameters that are regarded as “better” based on the researcher’s prior

knowledge more likely to be chosen by the estimation procedure. Classical examples of the

regularization approach include ridge regression (Hoerl and Kennard, 1970) and the lasso
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(Tibshirani, 1996).

In the following, we develop our low-dimension learning model as an approach to regularizing

the estimation of the individual-level logit models. To motivate, let us imagine for now that

we can actually observe the set of true partworths
{
β̂i
}I
i=1

. We further assume that we

have conducted a principal component analysis on
{
β̂i
}I
i=1

and have found that the first few

principal components collectively account for most variance in the true partworths, which

is likely to be the case if respondents have more substantial preference variations over a

small number of attributes than over the other attributes. Under this assumption, we can

construct an affine subspace, obtained by appropriately shifting the linear subspace spanned

by these principal components, that is close to
{
β̂i
}I
i=1

(James et al., 2017); in other words,

there exists a good low-dimensional affine subspace approximation for
{
β̂i
}I
i=1

.38 This

observation suggests that, when estimating the individual-level logit models, we can consider

regularizing the estimated partworths
{
βi
}I
i=1

so that they reside in a low-dimensional affine

subspace. Such a regularization is likely to induce some bias, but the cost of the bias could

be well outweighed by the benefit of the reduction in the variance for the estimation, and as

a result the regularization could lead to a better bias-variance trade-off and more accurate

estimates (Hastie et al., 2016).

To operationalize this low-dimensional affine subspace regularization, we propose the fol-

lowing optimization problem:

min −
I∑
i=1

J∑
j=1

log
exijh∗βi∑H
h=1 e

xijhβi
+ λ · Φ

({
βi
}I
i=1

)
,

s.t. βi ∈ Rp, for i = 1, 2, . . . , I.

(3.2)

In Problem (3.2), the regularization function Φ
({
βi
}I
i=1

)
is defined as the minimum of

the dimension of any affine subspace of Rp that contains all βi’s, and its inclusion in the

objective function serves to encourage the partworths
{
βi
}I
i=1

to reside in a low-dimensional

38A subset W of Rp is an affine subspace of Rp if there exist a vector ρ ∈ Rp and a linear subspace V of
Rp such that W =

{
ρ+ v

∣∣v ∈ V }. Intuitively, W is obtained by shifting V by ρ.
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affine subspace. Moreover, the regularization parameter λ ≥ 0 controls the relative strength

of the two components of the objective function and hence the trade-off between fit and

regularization. To make Problem (3.2) more mathematically tractable, we reformulate the

regularization function Φ
({
βi
}I
i=1

)
through the following equations:

Φ
({
βi
}I
i=1

)
= min Dim(W ),

s.t. W is an affine subspace of Rp; βi ∈W, for i = 1, 2, . . . , I.

= min Dim(V ),

s.t. V is a linear subspace of Rp, ρ ∈ Rp; βi − ρ ∈ V, for i = 1, 2, . . . , I.

= min Dim
(

Span(β1 − ρ, β2 − ρ, . . . , βI − ρ)
)
,

s.t. ρ ∈ Rp.

= min Rank
([
β1 − ρ, β2 − ρ, . . . , βI − ρ

])
,

s.t. ρ ∈ Rp.

We briefly discuss the rationale behind each of these four equations. For simplicity, we refer

to the optimization problem to the right of the q-th equals sign as the q-th optimization

problem. The first equation simply reflects the mathematical definition of the regularization

function Φ
({
βi
}I
i=1

)
. As to the second equation, we note that W is an affine subspace of

Rp if and only if there exist a vector ρ ∈ Rp and a linear subspace V of Rp such that

W = ρ+ V ,
{
ρ+ v

∣∣v ∈ V }. It is straightforward to verify that, for any feasible W in the

first optimization problem, any (ρ, V )-pair satisfying W = ρ + V is feasible in the second

optimization problem, and Dim(V ) = Dim(W ); on the other hand, for any feasible (ρ, V )-

pair in the second optimization problem, W , ρ + V is feasible in the first optimization

problem, and Dim(W ) = Dim(V ). As a result, the optimal values of the first and second

optimization problems are equal and hence the second equation holds. Given that the second

optimization problem has two decision variables, ρ and V , a simple approach to solving this

problem is to first find the optimal V for any given ρ and then plug in the optimal V as a

function of ρ and optimize over ρ. It is clear that, any linear subspace V of Rp containing

βi − ρ for all i also contains the linear subspace spanned by
{
βi − ρ

}I
i=1

, which we denote
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as Span(β1 − ρ, β2 − ρ, . . . , βI − ρ), and therefore for any given ρ the associated optimal

V ∗(ρ) is Span(β1 − ρ, β2 − ρ, . . . , βI − ρ).39 The third optimization problem is obtained

once we plug V ∗(ρ) in the second optimization problem. Finally, a basic result in linear

algebra indicates that the dimension of the linear subspace spanned by a set of vectors in

Rp is equal to the rank of the matrix whose columns are composed of these vectors, which

immediately leads to the fourth equation.

Replacing Φ
({
βi
}I
i=1

)
with the fourth optimization problem in Problem (3.2), we arrive at

the following equivalent optimization problem:

min −
I∑
i=1

J∑
j=1

log
exijh∗βi∑H
h=1 e

xijhβi
+ λ · Rank

([
β1 − ρ, β2 − ρ, . . . , βI − ρ

])
,

s.t. βi ∈ Rp, for i = 1, 2, . . . , I; ρ ∈ Rp.

(3.3)

In the rest of this section, we make three modifications to Problem (3.3) to enhance its mod-

eling flexibility and computational tractability. First, while we assume that there exists a

good low-dimensional affine subspace approximation for the true partworths
{
β̂i
}I
i=1

, it is

unlikely that
{
β̂i
}I
i=1

will actually reside in a low-dimensional affine subspace. Therefore,

compared to the “hard” regularization in Problem (3.3) that encourages the partworths{
βi
}I
i=1

to reside in a low-dimensional affine subspace, a “soft” regularization only encour-

aging
{
βi
}I
i=1

to be close to a low-dimensional affine subspace is likely to better capture the

preferences of respondents. To implement such a “soft” regularization, we first reformulate

Problem (3.3) in the following equivalent form:

min −
I∑
i=1

J∑
j=1

log
exijh∗βi∑H
h=1 e

xijhβi
+ λ · Rank

([
θ1, θ2, . . . , θI

])
+∞ ·

I∑
i=1

∣∣∣∣βi − ρ− θi∣∣∣∣22,
s.t. βi, θi ∈ Rp, for i = 1, 2, . . . , I; ρ ∈ Rp.

(3.4)

Here
∣∣∣∣a∣∣∣∣2

2
,

p∑
t=1

a2
t for a = (a1, a2, . . . , ap) ∈ Rp, and θi’s are decision variables. The equiv-

39Formally, Span(β1 − ρ, β2 − ρ, . . . , βI − ρ) ,
{ I∑

i=1

ki(βi − ρ)|ki ∈ R, for i = 1, 2, . . . , I
}

.
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alence between Problems (3.3) and (3.4) can be seen by noting that the third component

of the objective function of Problem (3.4), ∞ ·
I∑
i=1

∣∣∣∣βi − ρ− θi∣∣∣∣22, enforces θi = βi − ρ for

all i in the optimal solution. To switch to the “soft” regularization, we replace ∞ by a

finite regularization parameter τ ≥ 0 in Problem (3.4), leading to the following modified

optimization problem:

min −
I∑
i=1

J∑
j=1

log
exijh∗βi∑H
h=1 e

xijhβi
+ λ · Rank

([
θ1, θ2, . . . , θI

])
+ τ ·

I∑
i=1

∣∣∣∣βi − ρ− θi∣∣∣∣22,
s.t. βi, θi ∈ Rp, for i = 1, 2, . . . , I; ρ ∈ Rp.

(3.5)

In Problem (3.5), while the second component of the objective function (i.e., the rank

function) encourages
{
θi
}I
i=1

to reside in a low-dimensional linear subspace and hence
{
ρ+

θi
}I
i=1

to reside in a low-dimensional affine subspace, the third component of the objective

function, by penalizing the discrepancy between βi and ρ+θi, encourages
{
βi
}I
i=1

to be close

to the low-dimensional affine subspace containing
{
ρ + θi

}I
i=1

but without being enforced

to reside in a low-dimensional affine subspace. As a result, Problem (3.5) implements the

“soft” regularization discussed above.

Second, we note that Problem (3.5) is computationally intractable since the rank function

is neither continuous nor convex. In the optimization and machine learning literatures, an

effective approach to dealing with the computational challenge posed by the rank function

that has seen many successful applications is to approximate the rank of a matrix using its

nuclear norm (Cai et al., 2010; Pong et al., 2010; Candès et al., 2011; Ma et al., 2011). The

nuclear norm of a matrix A, which we denote as
∣∣∣∣A∣∣∣∣∗, is defined as the sum of its singular

values, and a key property of the nuclear norm is that it is the tightest convex approximation

of the rank function (Fazel, 2002). We adopt such a convex relaxation approach and replace

the rank function by the nuclear norm in Problem (3.5), which gives rise to the following
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modified optimization problem:40

min −
I∑
i=1

J∑
j=1

log
exijh∗βi∑H
h=1 e

xijhβi
+ λ ·

∣∣∣∣[θ1, θ2, · · · , θI
]∣∣∣∣
∗ + τ ·

I∑
i=1

∣∣∣∣βi − ρ− θi∣∣∣∣22,
s.t. βi, θi ∈ Rp, for i = 1, 2, . . . , I; ρ ∈ Rp.

(3.6)

Effectively, our proposed low-dimension regularization pools information across respon-

dents by shrinking the individual-level partworths toward a low-dimensional affine sub-

space. Such an information pooling mechanism is distinct from but also compatible with

several well-established information pooling mechanisms in the marketing literature, includ-

ing (1) shrinking the individual-level partworths toward the population mean (Lenk et al.,

1996; Rossi et al., 1996; Evgeniou et al., 2007), (2) recovering segments and shrinking the

individual-level partworths toward their respective segment means (Allenby et al., 1998;

Chen et al., 2017), and (3) approximating the individual-level partworths using discrete

points (Kamakura and Russell, 1989; Ansari and Mela, 2003; Kim et al., 2004). Since these

mechanisms could lead to effective information sharing across respondents that cannot be

induced by the low-dimension regularization, we could potentially enhance the estimation

accuracy of our model by complementing the low-dimension regularization with any of

these information pooling mechanisms. In this essay, we choose to shrink the individual-

level partworths toward the population mean by incorporating the convex regularization

of Evgeniou et al. (2007) in our approach, which gives rise to the low-dimension learning

40One may attempt to solve Problem (3.5) by enumerating all possible values of the rank function.
That is, one finds

{
{βt

i , θ
t
i}Ii=1, ρ

t
}

that minimizes the objective function subject to the constraint that
Rank

([
θ1, θ2, . . . , θI

])
= t for t = 0, 1, 2, . . . ,min(p, I), and then compares the objective values among{

{βt
i , θ

t
i}Ii=1, ρ

t
}

’s and identifies the one with the lowest objective value. The problem of this solution
approach is that the constraint Rank

([
θ1, θ2, . . . , θI

])
= t is non-convex, i.e., the feasible set it implies

is non-convex, in which case a local optimal solution is not guaranteed to be a global optimal solution;
consequently, the optimization problem becomes computationally intractable.
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(LDL) optimization problem:41

min −
I∑
i=1

J∑
j=1

log
exijh∗βi∑H
h=1 e

xijhβi
+ λ ·

∣∣∣∣[θ1, θ2, · · · , θI
]∣∣∣∣
∗ + τ ·

I∑
i=1

∣∣∣∣βi − ρ− θi∣∣∣∣22
+ γ ·

I∑
i=1

(βi − β0)>D−1(βi − β0),

s.t. βi, θi ∈ Rp, for i = 1, 2, . . . , I; ρ, β0 ∈ Rp;

D ∈ Rp×p is a positive semidefinite matrix scaled to have trace 1.

(3.7)

The last component of the objective function, γ ·
I∑
i=1

(βi − β0)>D−1(βi − β0), is the convex

regularization function of Evgeniou et al. (2007). Using the first order condition, it can be

shown that in the optimal solution of the LDL optimization problem we have β0 =
1

I

I∑
i=1

βi,

and hence the last component indeed shrinks the individual-level partworths toward the

population mean (Evgeniou et al., 2007).42 We note that in the LDL optimization prob-

lem, the decision variables include
{
βi
}I
i=1

, β0, D, ρ, and
{
θi
}I
i=1

, and the regularization

parameters include λ > 0, τ > 0, and γ > 0.

3.2.3. The Full Model and the Solution Strategy

Using the LDL optimization problem to estimate the individual-level partworths involves

two tasks: (1) selecting the regularization parameters and (2) solving for the optimal solu-

tion of the LDL optimization problem given the regularization parameters. In this section,

we discuss our solution strategy for each task and present our full low-dimension learning

(LDL) model. Since our solution strategy for selecting the regularization parameters relies

on solving the LDL optimization problem, we first discuss the solution algorithm for the

LDL optimization problem and then the selection of the regularization parameters.

41Our choice of incorporating the convex regularization of Evgeniou et al. (2007) in our model is motivated
by its strong empirical performance in modeling consumer heterogeneity and the fact that its incorporation
in our model is straightforward, only requiring the addition of a new component in the objective function
and a new constraint.

42Readers are referred to Evgeniou et al. (2007) for more details on the convex regularization function
and the associated constraint on the matrix D.
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Solving the Low-Dimension Learning Optimization Problem

Given the regularization parameters λ > 0, τ > 0, and γ > 0, the LDL optimization

problem is a convex optimization problem. A fundamental property of convex optimization

problems is that any locally optimal solution is also a globally optimal solution, implying

that convex optimization problems are tractable in theory (Boyd and Vandenberghe, 2004).

To solve for the optimal solution of the LDL optimization problem, we exploit its special

structure and propose a block coordinate descent (BCD) algorithm (Tseng, 2001; Hong

et al., 2017). In the BCD algorithm, we partition the decision variables into several blocks,

and minimize the objective function with respect to the first block of decision variables

while holding the other blocks fixed, and then minimize the objective function with respect

to the second block of decision variables while holding the other blocks fixed, and so on;

once we have minimized the objective function with respect to the last block of decision

variables, we move to the first block and iterate the process. We formally state the BCD

algorithm in Table 35, where we refer to the objective function of the LDL optimization

problem as L
({
βi
}I
i=1
, β0, D, ρ,

{
θi
}I
i=1

)
for ease of exposition.

Insert Table 35 here.

From Table 35, we note that the implementation of the BCD algorithm entails solving five

subproblems, each corresponding to one block of decision variables. We discuss the solution

algorithm for each subproblem below.

Solving
{
βi
}I
i=1

-Subproblem. The
{
βi
}I
i=1

-subproblem is separable in βi’s, i.e., solving

this subproblem is equivalent to separately solving the following optimization problem for

each i:

min
βi∈Rp

−
J∑
j=1

log
exijh∗βi∑H
h=1 e

xijhβi
+ τ ·

∣∣∣∣βi − ρl − θli∣∣∣∣22 + γ · (βi − βl0)>(Dl)−1(βi − βl0).

(3.8)
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Since Problem (3.8) is both convex and smooth, we solve it using Newton’s method (Boyd

and Vandenberghe, 2004).

Solving β0-Subproblem. The β0-subproblem is equivalent to the following optimization

problem:

min
β0∈Rp

I∑
i=1

(β0 − βl+1
i )>(Dl)−1(β0 − βl+1

i ). (3.9)

Problem (3.9) is both convex and quadratic, and hence can be solved by simply taking the

first-order condition, which yields the optimal solution βl+1
0 =

1

I

I∑
i=1

βl+1
i .

Solving D-Subproblem. The D-subproblem is equivalent to the following optimization

problem:

min
I∑
i=1

(βl+1
i − βl+1

0 )>D−1(βl+1
i − βl+1

0 ),

s.t. D ∈ Rp×p is a positive semidefinite matrix scaled to have trace 1.

(3.10)

Problem (3.10) admits a closed-form solution, Dl+1 =
1

2v

( I∑
i=1

(βl+1
i − βl+1

0 )(βl+1
i − βl+1

0 )>
) 1

2 ,

where v is selected so that Dl+1 has trace 1 (Evgeniou et al., 2007).

Solving ρ-Subproblem. The ρ-subproblem is equivalent to the following optimization

problem:

min
ρ∈Rp

I∑
i=1

∣∣∣∣ρ− βl+1
i + θli

∣∣∣∣2
2
. (3.11)

Similar to Problem (3.9), Problem (3.11) is also both convex and quadratic. Taking the

first-order condition, we obtain the optimal solution ρl+1 =
1

I

I∑
i=1

(βl+1
i − θli).

102



Solving
{
θi
}I
i=1

-Subproblem. The
{
θi
}I
i=1

-subproblem is equivalent to the following

optimization problem:

min
θi∈Rp, for i=1,2,...,I

λ ·
∣∣∣∣[θ1, θ2, · · · , θI

]∣∣∣∣
∗ + τ ·

I∑
i=1

∣∣∣∣θi − βl+1
i + ρl+1

∣∣∣∣2
2
. (3.12)

Problem (3.12) admits a closed-form solution. To construct the optimal solution, we define

the matrix Bl+1 ,
[
βl+1

1 − ρl+1, βl+1
2 − ρl+1, . . . , βl+1

I − ρl+1
]
, and conduct a singular value

decomposition (SVD) on Bl+1. Let the SVD be Bl+1 = UB · diag(σ) · V >B , where diag(σ)

is a diagonal matrix of which the diagonal vector σ consists of the singular values of Bl+1.

The optimal solution of Problem (3.12), Θl+1 ,
[
θl+1

1 , θl+1
2 , . . . , θl+1

I

]
= UB · diag

(
max(σ−

λ
2τ , 0)

)
·V >B , where the max operator works element-wise (Cai et al., 2010; Ma et al., 2011).

The Stopping Criterion. We terminate the BCD algorithm when the gap between the

objective values of two consecutive iterations is small. Specifically, we end the algorithm

after the L-th iteration, where L is the smallest number satisfying the following condition:

L
({
βLi
}I
i=1
, βL0 , D

L, ρL,
{
θLi
}I
i=1

)
− L

({
βL+1
i

}I
i=1
, βL+1

0 , DL+1, ρL+1,
{
θL+1
i

}I
i=1

)
< η.

In the empirical applications, we set η = 0.01.43

Selecting the Regularization Parameters

Similar to extant machine learning-based models for recovering consumer heterogeneity

(Evgeniou et al., 2007; Chen et al., 2017), we select the regularization parameters (λ, τ, γ)

using cross-validation (Vapnik, 1998; Hastie et al., 2016). To this end, we specify a grid

Λ ⊂ R3 from which the triplet (λ, τ, γ) is chosen. For each (λ, τ, γ) ∈ Λ, we evaluate its

cross-validation error, CV E(λ, τ, γ), which is defined as follows:44

43While the choice of η = 0.01 works well in our empirical applications, we can also consider treating η as
an additional regularization parameter and selecting η endogenously using cross-validation.

44Our operationalization of the cross-validation error follows that adopted in Evgeniou et al. (2007) and
Chen et al. (2017). Other operationalizations, which differ in how the data are divided into “calibration”
and “holdout” sets, can also be used.
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(1) Set CV E(λ, τ, γ) = 0.

(2) For j = 1 to J :

(a) Divide the conjoint data into two disjoint subsets - a “calibration” set Calibj and

a “holdout” set Holdj . Calibj contains all conjoint data except the j-th choice set

of each respondent, and Holdj contains only the j-th choice set of each respondent.

(b) Obtain the individual-level partworth estimates
{
β

(−j)
i

}I
i=1

by solving the LDL

optimization problem on the “calibration” set Calibj given the regularization pa-

rameters (λ, τ, γ).

(c) For each respondent i, compute the logistic error of β
(−j)
i on her j-th choice set (i.e.,

her only choice set in the “holdout” set Holdj), − log
exijh∗β

(−j)
i∑H

h=1 e
xijhβ

(−j)
i

. Let ∆(j) be

the sum of the logistic errors over all I respondents.

(d) Set CV E(λ, τ, γ) = CV E(λ, τ, γ) + ∆(j).

For the individual-level partworth estimates obtained by solving the LDL optimization

problem on the full data set given the regularization parameters (λ, τ, γ), the cross-validation

error CV E(λ, τ, γ) provides an effective estimate of their out-of-sample predictive accuracy

using only in-sample data, i.e., the data available to the researcher for model calibration.

Therefore, we select (λ∗, τ∗, γ∗) as the minimizer of CV E(λ, τ, γ) over the grid Λ, which

is expected to lead to the individual-level partworth estimates with the optimal predictive

accuracy on out-of-sample data.

The Low-Dimension Learning Model: A Summary

By solving the LDL optimization problem using the BCD algorithm and selecting the reg-

ularization parameters using cross-validation, our LDL model obtains the individual-level

partworth estimates via the following two-step approach:
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Step 1. Select the optimal regularization parameters (λ∗, τ∗, γ∗) = argmin
(λ,τ,γ)∈Λ

CV E(λ, τ, γ).

Step 2. Solve for the optimal solution of the LDL optimization problem given (λ∗, τ∗, γ∗);

the
{
βi
}I
i=1

-component of the optimal solution is the individual-level partworth esti-

mates of the LDL model.

3.3. Simulation Experiments

In this section, we assess the empirical performance of our LDL model using simulation

experiments. We compared the LDL model to three extant models that have shown strong

performance in modeling consumer heterogeneity, including (1) the HB model with a normal

population distribution (Lenk et al., 1996; Rossi et al., 1996), (2) the HB normal component

mixture model (Allenby et al., 1998), and (3) the convex optimization model of Evgeniou

et al. (2007). We refer to these three models as the UHB (for unimodal HB), NCM, and

LOG-Het models, respectively. LOG-Het can be seen as a restricted version of the LDL

model, in which the information pooling mechanism of shrinking the individual-level part-

worths toward a low-dimensional affine subspace is shut down by setting the regularization

parameters λ and τ to 0. We also tested another restricted version of the LDL model, termed

as LDL-RV, in which we set γ = 0 and select λ and τ using cross-validation. Clearly, in

LDL-RV the individual-level partworths are not shrunk toward the population mean and

information pooling relies completely on shrinking the individual-level partworths toward a

low-dimensional affine subspace.45

3.3.1. Data

The setup of the simulation experiments, including the data-generating process and the

experimental design, largely followed the choice-based simulations in Evgeniou et al. (2007)

with one modification that we will highlight below.

45We provide the specifications of the grid of regularization parameters for the LDL, LDL-RV, and LOG-
Het models and discuss the setup and implementation of the UHB and NCM models in the appendix.
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Data-Generating Process

We assumed that there were 10 binary attributes and each choice set consisted of two con-

joint profiles. To generate the choice sets, we first derived a design matrix M ∈ R24×10

with 24 rows and the j-th row Mj providing the dummy coding of the j-th profile.46

We then applied the shifting method of Bunch et al. (1996) to the design matrix M

to obtain 24 choice sets, where the j-th choice set consisted of Mj and 1 − Mj . In

each data set, we generated choice data for 100 synthetic respondents. The true part-

worths of each respondent were drawn from a multivariate normal distribution with the

mean vector µ = [mag,mag, . . . ,mag] and the covariance matrix Σ = diag
(
{σ2

t }10
t=1

)
, where

σ2
t = het × mag for t = 1, 2, . . . , 5 and σ2

t = het × mag × ratio for t = 6, 7, . . . , 10. As

pointed out in Evgeniou et al. (2007), the parameter mag controls the amount of response

error and the parameter het controls the amount of heterogeneity. We differed from Ev-

geniou et al. (2007) in the introduction of the parameter ratio ∈ [0, 1], which controls the

proportion of preference variations allocated to the first 5 attributes as opposed to the last

5 attributes and hence how well the true individual-level partworths can be approximated

by a low-dimensional affine subspace. For example, when ratio = 0, all preference varia-

tions are restricted to the first 5 attributes and the true individual-level partworths actually

reside in a 5-dimensional affine subspace; on the other hand, when ratio = 1, the preference

variations are equally allocated to all 10 attributes and all directions see the same amount of

heterogeneity due to normality, and therefore the true individual-level partworths may not

have a good low-dimensional affine subspace approximation. Given the true individual-level

partworths, we simulated each respondent’s choices using the logit model. We randomly

selected J (out of the 24) choice sets for each respondent as the calibration data set, and

randomly selected another 8 choice sets for each respondent as the holdout data set.

46The design matrix M was generated using the SAS Macro %mktex(2 2 2 2 2 2 2 2 2 2, n = 24).
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Experimental Design

We experimentally manipulated four data characteristics: (1) the number of choice sets

per respondent for calibration via the parameter J , (2) the amount of response error via

the parameter mag, (3) the amount of heterogeneity via the parameter het, and (4) the

proportion of preference variations allocated to the first 5 attributes via the parameter

ratio. Specifically, we adopted the following 23 × 3 design:

Factor 1. J : 8 or 16;

Factor 2. mag: 0.2 or 1.2;

Factor 3. het: 1 or 3;

Factor 4. ratio: 0, 0.5, or 1.

The choices of levels for the first three factors were identical to those of the choice-based

simulations in Evgeniou et al. (2007). We considered three levels for ratio: ratio = 0 and

ratio = 1 led to boundary conditions in which the preference variations were either allocated

to the first 5 attributes only or equally allocated to all attributes, whereas ratio = 0.5 led to

intermediate conditions in which the preference variations allocated to the last 5 attributes

were half of those allocated to the first 5 attributes (in terms of variance). By varying ratio,

we were interested in understanding how critical the assumption that the true individual-

level partworths can be well approximated by a low-dimensional affine subspace is for the

LDL model to be effective in modeling consumer heterogeneity. In sum, we had a total

of 24 experimental conditions; for each condition, we randomly generated 5 data sets and

estimated all five models separately on each data set (Evgeniou et al., 2007; Chen et al.,

2017).47

47Estimating all five models on a single data set took around 7 hours when J = 8 and around 13 hours
when J = 16. As the next step, we plan to generate more data sets for each experimental condition.
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Performance Measures

We compared all five models in terms of parameter recovery and predictive accuracy. Param-

eter recovery was assessed using the root mean squared error between the true individual-

level partworths β̂i and the estimated individual-level partworths βi, which we denote as

RMSE (Andrews et al., 2002).48 RMSE for respondent i was defined as follows:

RMSE =

√
1

p
||β̂i − βi||22. (3.13)

Following Evgeniou et al. (2007) and Chen et al. (2017), for any given model, we computed

RMSE for each respondent in each data set and report the average RMSE across respondents

and data sets for each experimental condition.

Predictive accuracy was evaluated using two performance measures, the holdout sample

log-likelihood, which we denote as Holdout-LL, and the holdout sample hit rate, which we

denote as Holdout-HIT (Andrews et al., 2002; Evgeniou et al., 2007; Iyengar and Jedidi,

2012; Chen et al., 2017). For respondent i, Holdout-LL was defined as follows:

Holdout-LL =
1

J̃

J̃∑
j=1

log
ex̃ijh∗βi∑H
h=1 e

x̃ijhβi
, (3.14)

and Holdout-HIT was defined as follows:

Holdout-HIT =
1

J̃

J̃∑
j=1

1
(
x̃ijh∗βi = max

h

{
x̃ijhβi

})
, (3.15)

where J̃ denotes the number of holdout choice sets for each respondent, i.e., J̃ = 8 in

our study,
{
x̃ijh

}H
h=1

denotes the j-th holdout choice set for respondent i, and the indicator

function 1(·) takes value 1 when the argument is true, and 0 otherwise. Again, for any given

model, we computed Holdout-LL and Holdout-HIT for each respondent in each data set and

48The LDL, LDL-RV, and LOG-Het models generate the point estimates βi’s directly, whereas for the
UHB and NCM models we calculated βi’s using the means of the posterior distributions.
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report the averages across respondents and data sets for each experimental condition.

Between Holdout-LL and Holdout-HIT, the two measures assessing predictive accuracy,

the continuous Holdout-LL is more sensitive (Iyengar and Jedidi, 2012). One important

difference between the two measures stems from the ways in which they penalize a model

for assigning a low choice probability for the chosen profile of a choice set - the logarithmic

functional form of Holdout-LL imposes a heavy penalty on such a scenario whereas the

stepwise functional form of Holdout-HIT imposes a constant penalty as long as the chosen

profile is not assigned with the highest choice probability.

3.3.2. Results

We first compare the five models with respect to RMSE. The average RMSEs of the models

are reported in Tables 36 and 37.

Insert Tables 36 and 37 here.

We make several observations from Tables 36 and 37. First, the overall best performing

models are LDL and LDL-RV, followed by UHB: LDL and LDL-RV perform best or not sig-

nificantly different from best (p > 0.05) in 11 and 12 conditions, respectively, whereas UHB

performs best or not significantly different from best (p > 0.05) in 8 conditions. Specifically,

we find that LDL and LDL-RV show superior performance in conditions with high response

error (i.e., mag = 0.2) and conditions with low response error and low heterogeneity (i.e.,

mag = 1.2, het = 1); on the other hand, UHB performs very well in conditions with low

response error and high heterogeneity (i.e., mag = 1.2, het = 3). Here, the comparisons are

based on paired t-tests over the same 500 respondents in each experimental condition (i.e.,

100 respondents per data set × 5 data sets per condition).

Second, LDL-RV, the restricted version of LDL that only shrinks the individual-level part-

worths toward a low-dimensional affine subspace, outperforms LOG-Het, the restricted ver-

sion of LDL that only shrinks the individual-level partworths toward the population mean.
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This finding suggests that in our simulation experiments the former information pooling

mechanism is more effective in recovering heterogeneous preferences than the latter. On the

other hand, the average RMSEs of LDL and LDL-RV are very close, indicating that in our

simulation experiments the incremental value of shrinking the individual-level partworths

toward the population mean is limited when we are already shrinking the individual-level

partworths toward a low-dimensional affine subspace.

Third, both LDL and LDL-RV demonstrate strong performance in conditions with ratio =

1, in which the true individual-level partworths are unlikely to be well approximated by

a low-dimensional affine subspace. This finding is very encouraging, as it suggests that

the LDL and LDL-RV models as well as the information pooling mechanism of shrinking

the individual-level partworths toward a low-dimensional affine subspace can be effective in

modeling consumer heterogeneity even when their underlying assumption does not seem to

hold.

We conduct a regression analysis to further investigate the impact of the four data char-

acteristics on the relative performance between LDL and other models. To this end, we

consider the following regression specification:

∆t = α+ β1 × 1
(
J = 16

)
t
+ β2 × 1

(
mag = 1.2

)
t
+ β3 × 1

(
het = 3

)
t

+β4 × 1
(
ratio = 0.5

)
t
+ β5 × 1

(
ratio = 1

)
t
+ εt,

(3.16)

where the index t refers to the t-th experimental condition (t = 1, 2, . . . , 24). The dependent

variable ∆t denotes the difference between the average RMSEs of LDL and one of the other

four models (i.e., LDL-RV, LOG-Het, NCM, and UHB) in the t-th condition, and the

independent variables are appropriately defined dummy variables for the four experimental

factors.49 We estimate this linear model using ordinary least squares (OLS) and report

the results in Table 38. Note that a smaller dependent variable indicates a better relative

performance for LDL.

49For instance, when comparing LDL and UHB, ∆t is defined as the average RMSE of LDL less that of
UHB in the t-th condition.

110



Insert Table 38 here.

Table 38 shows that the experimental factors have no significant impact on the relative

performance between LDL and LDL-RV. Compared to LOG-Het, the relative performance

of LDL improves with lower response error (i.e., mag = 1.2) and lower heterogeneity (i.e.,

het = 1). The performance of LDL relative to NCM and UHB is more favorable in conditions

with fewer calibration choice sets (i.e., J = 8), higher response error (i.e., mag = 0.2), and

lower heterogeneity (i.e., het = 1); moreover, compared to UHB, the relative performance

of LDL improves when the preference variations are more concentrated on the first five

attributes (i.e., ratio = 0).

Now, we compare the predictive accuracy of the five models using Holdout-LL and Holdout-

HIT. Model comparisons in terms of Holdout-LL are reported in Tables 39 and 40.

Insert Tables 39 and 40 here.

We find that LDL and LDL-RV are again the overall best performing models, being either

the best model or indistinguishable from the best model (p > 0.05) in 24 and 19 condi-

tions, respectively. We also find that the observations regarding RMSE still hold when the

performance measure is Holdout-LL, including that LDL-RV outperforms LOG-Het and is

comparable to LDL, and that LDL and LDL-RV have strong performance in conditions with

ratio = 1. Similar to the case of RMSE, we conduct a regression analysis to understand

how the relative performance between LDL and other models with respect to Holdout-LL

varies across experimental conditions. We use the regression specification (3.16), with the

dependent variable ∆t denoting the difference between the average Holdout-LLs of LDL

and one of the other four models in the t-th condition. Results of the OLS estimation

are summarized in Table 41. Here, unlike the case of RMSE, a larger dependent variable

indicates a better relative performance for LDL.

Insert Table 41 here.
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For Holdout-LL, we find that the experimental factors have no significant impact on the

relative performance between LDL and LDL-RV. Compared to the other three models -

LOG-Het, NCM, and UHB - the relative performance of LDL is more favorable in conditions

with fewer calibration choice sets (i.e., J = 8). In addition, the performance of LDL relative

to LOG-Het and UHB improves with lower response error (i.e., mag = 1.2) and lower

heterogeneity (i.e., het = 1), respectively.

When the performance measure is Holdout-HIT, model comparisons are reported in Tables

42 and 43.

Insert Tables 42 and 43 here.

The performance gaps among the models in terms of Holdout-HIT are much smaller than

those in terms of Holdout-LL. Specifically, LDL, LDL-RV, LOG-Het, NCM, and UHB per-

form best or not significantly different from best (p > 0.05) in 24, 22, 19, 18, 18 conditions,

respectively. To investigate the impact of the experimental factors on the relative perfor-

mance between LDL and other models with respect to Holdout-HIT, we conduct a regression

analysis using the specification (3.16), with the dependent variable ∆t denoting the differ-

ence between the average Holdout-HITs of LDL and one of the other four models in the

t-th condition. Results of the OLS estimation are summarized in Table 44. Here, a larger

dependent variable indicates a better relative performance for LDL.

Insert Table 44 here.

From Table 44, we find that the performance of LDL relative to LDL-RV is less favor-

able when the preference variations are evenly allocated to all attributes (i.e., ratio = 1).

Compared to LOG-Het, the relative performance of LDL improves with fewer calibration

choice sets (i.e., J = 8) and more even allocation of preference variations to attributes (i.e.,

ratio = 0.5 or 1). On the other hand, the experimental factors have no significant impact

on the relative performance between LDL and the two HB models, NCM and UHB.

112



3.4. Field Data

In this section, we compare the predictive accuracy of the five models (i.e., LDL, LDL-RV,

LOG-Het, NCM, and UHB) using two field CBC data sets.

3.4.1. The Hospital Data

In the first data set, a total of 200 respondents participated in a CBC study on hospitals.50

Each respondent was shown 6 choice sets, and each choice set consisted of 4 profiles and

the no-choice option was not included. There were 3 attributes describing a profile, with

the first attribute having 6 levels, and the second and third attributes each having 4 levels,

respectively.51 We randomly selected 4 out of the 6 choice sets for each respondent for

model calibration, and used the remaining 2 choice sets for holdout validation.

We evaluate the predictive accuracy of the models using Holdout-LL and Holdout-HIT.

Similar to Section 3.3, for any given model, we computed Holdout-LL and Holdout-HIT for

each respondent and report the averages across all 200 respondents. Results are reported

in the upper section of Table 45.

Insert Table 45 here.

We find that LDL, LDL-RV, and UHB are the best performing models on the hospital data

set, each being either the best model or indistinguishable from the best model (p > 0.1)

both in terms of Holdout-LL and Holdout-HIT. NCM has an average Holdout-LL that is

significantly lower than the best model (p < 0.1), whereas LOG-Het performs significantly

worse than the best model for both Holdout-LL and Holdout-HIT (p < 0.1). Here, the

comparisons are based on paired t-tests over the sample of 200 respondents.52

50We thank Rajan Sambandam from TRC Market Research for sharing the hospital data set with us.
51We were agnostic about the specific attributes and levels used in this study.
52To be more specific, when comparing two models with respect to a performance measure (i.e., either

Holdout-LL or Holdout-HIT), we calculate the measure for each of the 200 respondents and obtain 200
individual-level measures for each model. We then conduct a paired t-test on the two sets of 200 individual-
level performance measures.
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3.4.2. The Soft Drink Data

In the second data set, 192 respondents took part in a CBC study on soft drinks.53 Each

respondent answered 22 choice questions, each of which included 8 profiles and there was no

no-choice option. Three attributes were used in the study, including brand (with 6 levels),

size (with 7 levels), and price (with 7 levels). We randomly selected 16 out of the 22 choice

sets for each respondent for model calibration, and used the remaining 6 choice sets for

holdout validation.

We again measure the predictive accuracy of the models using Holdout-LL and Holdout-

HIT. Results are reported in the lower section of Table 45. We find that this time the best

performing models include LDL, LDL-RV, and LOG-Het, each of which performs best or

not significantly different from best (p > 0.1) for both Holdout-LL and Holdout-HIT. On the

other hand, both UHB and NCM perform significantly worse than the best model in terms

of Holdout-LL (p < 0.1), and NCM also has an average Holdout-HIT that is significantly

lower than the best model (p < 0.1). We note that the comparisons are based on paired

t-tests over the sample of 192 respondents.

3.4.3. Summary

Across the two field CBC data sets, LDL and LDL-RV emerge as the overall best performing

models and the predictive accuracy of LDL and LDL-RV is very close, which are consistent

with our findings in the simulation experiments. As the next step, we plan to compare the

models using more field CBC data sets to assess the robustness of the findings based on the

hospital and soft drink data sets and explore settings in which LDL and LDL-RV are likely

to perform particularly well. We also plan to investigate whether and when the LDL and

LDL-RV models lead to more profitable pricing strategies.

53The soft drink data have been previously analyzed in Evgeniou et al. (2007). We thank Olivier Toubia
for sharing this data set with us.
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3.5. Conclusions and Future Research

Adequate modeling of consumer heterogeneity is critical for CBC estimation since the

amount of information elicited from each consumer is limited in most CBC studies. In this

essay, we propose an innovative LDL model for recovering consumers’ heterogeneous part-

worths in CBC, built upon an information pooling mechanism that shrinks the individual-

level partworths toward a low-dimensional affine subspace that is also inferred from the

data. Our model implements such a low-dimension information pooling mechanism us-

ing a convex optimization framework in which both the distance between each partworth

vector and the affine subspace as well as the dimension of the affine subspace are penal-

ized. In order to further enhance the effectiveness of the LDL model, we also incorporate

the information pooling mechanism of shrinking the individual-level partworths toward the

population mean in the LDL model.

We compare the LDL model and a restricted version of the model, LDL-RV, to benchmark

models including UHB, NCM, and LOG-Het using simulation experiments and two field

data sets. LDL and LDL-RV overall outperform the benchmark models both in terms of

parameter recovery and predictive accuracy. We find that LDL and LDL-RV demonstrate

strong performance even when their underlying assumption that the true individual-level

partworths have a good low-dimensional affine subspace approximation seems unlikely to

hold. We also find that the performance of LDL is very close to that of LDL-RV, sug-

gesting that the incremental value of shrinking the individual-level partworths toward the

population mean can be very limited when we are already shrinking the individual-level

partworths toward a low-dimensional affine subspace.

There are a few questions that have not been answered in this essay and could serve as

starting points for future research. First, why do we find in the simulation experiments

that LDL and LDL-RV perform well even in situations where their underlying assumption

seems unlikely to hold? Is this finding an artifact of the setup of our simulation experiments

or it actually speaks to a general property of the low-dimension information pooling mecha-

115



nism? Second, are there scenarios in which LDL outperforms LDL-RV? That is, when does

shrinking the individual-level partworths toward the population mean noticeably enhance

the low-dimension information pooling mechanism? Third, are the findings on model com-

parisons based on the two field CBC data sets robust? Comparing the models using more

field CBC data sets should enhance our understanding of the relative performance of LDL

and LDL-RV. Fourth, we have empirically demonstrated the superior performance of LDL

and LDL-RV in terms of parameter recovery and predictive accuracy. Do they (and when do

they) lead to more profitable targeting strategies? Finally, are there tractable ways to cou-

ple the low-dimension information pooling mechanism and information pooling mechanisms

other than shrinking the individual-level partworths toward the population mean?
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Table 35: The Block Coordinate Descent (BCD) Algorithm

The BCD Algorithm

1: Initialization: Choose
{
β0
i

}I
i=1

, β0
0 , D

0, ρ0,
{
θ0i
}I
i=1

2: for l = 0, 1, · · · until the stopping criterion is satisfied do

3:
{
βi
}I
i=1

-Subproblem:
{
βl+1
i

}I
i=1
← argmin

{βi}Ii=1

L
({
βi
}I
i=1

, βl0, D
l, ρl,

{
θli
}I
i=1

)

4: β0-Subproblem: βl+1
0 ← argmin

β0

L
({
βl+1
i

}I
i=1

, β0, D
l, ρl,

{
θli
}I
i=1

)

5: D-Subproblem: Dl+1 ← argmin
D

L
({
βl+1
i

}I
i=1

, βl+1
0 , D, ρl,

{
θli
}I
i=1

)

6: ρ-Subproblem: ρl+1 ← argmin
ρ

L
({
βl+1
i

}I
i=1

, βl+1
0 , Dl+1, ρ,

{
θli
}I
i=1

)

7:
{
θi
}I
i=1

-Subproblem:
{
θl+1
i

}I
i=1
← argmin

{θi}Ii=1

L
({
βl+1
i

}I
i=1

, βl+1
0 , Dl+1, ρl+1,

{
θi
}I
i=1

)

8: end for

9: return
({
βL+1
i

}I
i=1

, βL+1
0 , DL+1, ρL+1,

{
θL+1
i

}I
i=1

)
, where L is the last iteration
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APPENDIX

A.1. Alternative Tests Comparing Outcome Variables

In this section, we compare the three outcome variables defined on each current customer

- the total investments of referred customers, the number of referred customers, and the

incidence of having acquired referred customers - in both experiments using alternative

test procedures. Specifically, we use a test procedure similar to the one applied to com-

pare investments of each referred customer in the text to compare the total investments

and number of referred customers, and use the test for equal proportions to compare the

incidence of having acquired referred customers.

A.1.1. The First Experiment

We first conduct the comparisons with respect to the total investments of a current cus-

tomer’s referred customers. Between the control condition and a treatment condition, we

first test whether there is a difference between the proportions of current customers whose

referred customers have made positive investments (i.e., positive observations), and then

test whether there is a difference between the two positive subsamples. We report the

findings in Table A1.

Insert Table A1 here.

We compare the proportions of positive observations across conditions using the test for

equal proportions, and find that the proportions are not significantly different between the

control condition and either of the gift and notification conditions (ps > 0.1). On the other

hand, as the Shapiro-Wilk tests indicate that the positive subsamples in all three conditions

are not normally distributed (ps < 0.001), we compare the positive subsamples across

conditions using the Wilcoxon-Mann-Whitney test. We find that the positive subsamples

in both the gift and notification conditions have a higher average total investment amount

made by referred customers than that in the control condition, and both differences are
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significant (ps < 0.05).

We then compare the number of a current customer’s referred customers across conditions.

Between the control condition and a treatment condition, we first test whether there is a

difference between the proportions of current customers who have acquired referred cus-

tomers during the experiment (i.e., positive observations), and then test whether there is a

difference between the two positive subsamples. We report the findings in Table A2.

Insert Table A2 here.

Again, we compare the proportions of positive observations across conditions using the

test for equal proportions, and find that the proportions are not significantly different

between the control condition and either of the gift and notification conditions (ps > 0.1).

On the other hand, as the Shapiro-Wilk tests indicate that the positive subsamples in

all three conditions are not normally distributed (ps < 0.001), we compare the positive

subsamples across conditions using the Wilcoxon-Mann-Whitney test. We find that there is

no significant difference between the positive subsample of the control condition and those

of the gift and notification conditions (ps > 0.1).

Finally, we compare the incidence of a current customer having acquired referred customers

across conditions using the test for equal proportions. In fact, we have already conducted

the comparisons in Table A2, simply noting that current customers with a positive number

of referred customers are by definition those who have acquired referred customers. We find

that the proportions of current customers who have acquired referred customers are not

significantly different between the control condition and either of the gift and notification

conditions (ps > 0.1).

A.1.2. The Second Experiment

We first conduct the comparisons with respect to the total investments of a current cus-

tomer’s referred customers and report the findings in Table A3.
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Insert Table A3 here.

Using the test for equal proportions, we find that the proportions of positive observations are

not significantly different between the control and first value-based reward conditions (p >

0.1), whereas the second value-based reward condition has a significantly higher proportion

of positive observations than the control condition (p < 0.05). As the Shapiro-Wilk tests

indicate that the positive subsamples in all three conditions are not normally distributed (ps

< 0.001), we compare the positive subsamples across conditions using the Wilcoxon-Mann-

Whitney test. We find that the positive subsamples in both value-based reward conditions

have a higher average total investment amount made by referred customers than that in

the control condition, and the difference between the control and first value-based reward

conditions is marginally significant (p < 0.1) whereas the difference between the control and

second value-based reward conditions is significant (p < 0.05).

We then compare the number of a current customer’s referred customers across conditions

and report the findings in Table A4.

Insert Table A4 here.

We compare the proportions of positive observations across conditions using the test for

equal proportions, and find that the proportions of positive observations are not significantly

different between the control and first value-based reward conditions (p > 0.1), whereas the

second value-based reward condition has a higher proportion of positive observations than

the control condition that is marginally significant (p < 0.1). On the other hand, as the

Shapiro-Wilk tests indicate that the positive subsamples in all three conditions are not

normally distributed (ps < 0.001), we compare the positive subsamples across conditions

using the Wilcoxon-Mann-Whitney test. We find that there is no significant difference

between the positive subsample of the control condition and those of the two value-based

reward conditions (ps > 0.1).

Finally, we compare the incidence of a current customer having acquired referred customers
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across conditions using the test for equal proportions. Again, we have already conducted

the comparisons in Table A4, noting that current customers with a positive number of

referred customers are by definition those who have acquired referred customers. We find

that the proportions of current customers who have acquired referred customers are not

significantly different between the control and first value-based reward conditions (p > 0.1),

whereas the second value-based reward condition has a higher proportion than the control

condition that is marginally significant (p < 0.1).

A.2. Who Were Likely to Derive More Value from the Gift?

We empirically show in this section that, when offered the gift interest-raising coupon,

customers of higher value, operationalized as those with a higher total investment return

and those with a larger current investment amount, invested more in the fixed deposits

during the first experiment and hence were likely to derive more value from the gift coupon.

To this end, we estimate two linear models on customers in the gift condition: In the first

model, we regress customers’ fixed-deposit investments made during the experiment on

an intercept and their total investment return; in the second model, we regress the same

dependent variable on an intercept and customers’ current investment amount. We note

that this regression analysis is purely descriptive and not intended to establish a causal

relationship between the dependent and independent variables. We report the results of

the OLS estimation in Table A5. For completeness, we also estimate these two models on

customers in the control condition and those in the notification condition and report the

results in the same table.

Insert Table A5 here.

We find that in the gift condition both total investment return and current investment

amount are positively associated with fixed-deposit investments made during the experi-

ment, indicating that, when offered the gift coupon, customers with a higher total invest-

ment return and those with a larger current investment amount invested more in the fixed
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deposits during the experiment, and hence were likely to have derived more value from the

gift coupon. Similar results are also found in the control and notification conditions.

A.3. Grids of Regularization Parameters

In the LDL, LDL-RV, and LOG-Het models, the regularization parameters are selected

from a pre-specified finite grid. We present in the following the grid used for each model.

The LDL Model.

• λ ∈
{

10−2+ v
3

}12

v=0
, τ ∈

{
10−3+ v

3

}12

v=0
, γ ∈

{
10−3+ v

3

}12

v=0
.

The LDL-RV Model.

• λ ∈
{

10−2+ v
3

}12

v=0
, τ ∈

{
10−3+ v

3

}12

v=0
.

The LOG-Het Model.

• γ ∈
{

10−3+ v
3

}12

v=0
.

By choosing these grids, we aim to cover a wide range of values for the regularization pa-

rameters while keeping the total number of grid points moderate so that the computational

time remains reasonable.

A.4. The NCM and UHB Models

We focus on the setup and implementation of the NCM model as UHB is a special case of

NCM in which the number of normal components is set to 1. We adopted the following

specification of NCM:

Likelihood:

Prob
(
xijh∗ is chosen

)
=

exijh∗βi∑H
h=1 e

xijhβi
;
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First-stage prior:

βi ∼ N
(
µIndi

,ΣIndi

)
,

Indi ∼ Multinomial(pvec);

Second-stage prior:

pvec ∼ Dirichlet(α),

µk ∼ N
(
µ̄,Σk ⊗ a−1

µ

)
, k = 1, 2, . . . ,K,

Σk ∼ IW(v, V ).

We set αk = 2, for k = 1, 2, . . . ,K, µ̄ = 0, aµ = 1/8, v = p + 3, and V = vI. For any

fixed number of components K, we used the Gibbs sampler to generate draws from the

posterior distribution. We executed the Gibbs sampler for 30000 iterations, using the first

15000 iterations as the burn-in period and the last 15000 iterations to obtain parameter

estimates. We estimated the NCM model for K ∈
{

1, 2, . . . , 10
}

and selected K using the

deviance information criterion (Spiegelhalter et al., 2002).
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