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Abstract. Firms commonly undertake philanthropic campaigns as a means of attracting
and retaining customers. Such campaigns often take the form of charity-linked promo-
tions, whereby a firm donates a specific amount to a charitable cause when a customer
takes up the promotion through a related purchase.We carried out three field experiments
to study such promotions in the context of an online taxi-booking platform. Customers
were randomly assigned to different treatment groups, which received either a charity-
linked or a discount-based promotion from a range of monetary amounts. Take-up rates
for charity-linked promotions were not only much smaller than for discount-based pro-
motions but also less sensitive to the exact amount involved, consistent with a view that
the decision to take up a charity-linked promotion was driven in part by a “warm glow”
from mere association with giving. We also find a selection effect in promotion take-up:
charity-linked promotions were disproportionately taken up by people who had already
been more active customers. Although a promotion take-up does seem to represent new
demand rather than mere substitution of a booking that would have occurred anyway,
longitudinal data analysis reveals little evidence of a lasting treatment effect on long-term
demand beyond the promotion period for either kind of promotion. Given the high cost
relative to benefit for the promotional bookings themselves, this finding raises concerns
regarding the prevalent practice of firms devoting significant funds for short-term promo-
tions without rigorously examining their exact impact.
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1. Introduction
The issue of how much corporate social responsibil-
ity (CSR) activities contribute to firm performance
remains unresolved despite much academic debate
(Margolis et al. 2009). Nevertheless, firms continue to
devote significant resources to CSR, often driven by an
expectation of commercial returns and not just altru-
ism (Eccles et al. 2014, Servaes and Tamayo 2013).
One common manifestation of CSR initiatives is phil-
anthropic campaigns intended to increase customer
demand and loyalty (Du et al. 2011, Lev et al. 2010,
Sheikh and Beise-Zee 2011). Our study examines one
such initiative in the context of a taxi-booking com-
pany. We employ field experiments to enable a causal
interpretation of our data and analysis, which would
not have been possible if relying just on correlations
among different variables based only on archival data.
Classic examples of firms relying on philanthropic

campaigns include the 1976 launch ofMarriott’s “Great
America” entertainment center while supporting the

March of Dimes, and a 1983 American Express effort
to engage its customers by donating a certain amount
toward renovation of the Statue of Liberty on every
usage of its cards (Advertising Age 2003). More re-
cent examples include Hanes supporting the Salva-
tion Army, Dunkin’ Donuts supporting the Special
Olympics, and Kmart supporting St. Jude Children’s
Research Hospital. In North America alone, the over-
all size of charitable giving involving such initiatives
has grown from just $100 million in 1990 to almost
$2.0 billion in 2015,with the recent growth rate of about
4% per annum indicating a continued upward trend
(IEG 2015).
The “business case” for philanthropic campaigns

relies on an assumption that customers are attracted
to firms engaging in societal issues. Empirical research
in behavioral economics has established that peo-
ple do generally demonstrate some prosocial prefer-
ences (Andreoni and Payne 2013, Erat and Gneezy
2011, Gneezy et al. 2014, Meier 2007). On the specific
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issue of how this affects consumer behavior, at least
some customer segments might exhibit preference for
engaging in societal issues through their purchasing
choices (Hainmueller and Hiscox 2012a, b). However,
disentangling such effects from other drivers of con-
sumer behavior is empirically challenging. For exam-
ple, although studies in the context of online markets
find a price premium for products associated with a
positive impact (e.g., through Fair Trade certification),
this is driven not just by prosocial preferences but also
other factors like signaling related to quality (Elfenbein
and McManus 2010, Hiscox et al. 2011).1

Many surveys claim that customers appreciate the
opportunity to contribute to social causes through
their buying choices (Cone Communications 2015,
MSLGROUP 2014). However, business scholars have
questioned whether one-off philanthropic campaigns
unrelated to a firm’s core business are an effective way
of corporate social engagement (Porter and Kramer
2002, 2011). Nevertheless, use of such campaigns con-
tinues to be widespread, even though rigorous aca-
demic evidence regarding their effects is still limited.
To fill this gap, our study combines a field experiment
approach and longitudinal analysis of individual-level
customer data to examine whether and how philan-
thropic campaigns affect commercial outcomes.
Our study is based on three field experiments exe-

cuted with the help of a leading online taxi-booking
company in Asia. We used text messages (SMS) to
send different promotion codes to randomly selected
groups of existing customers from the company’s
database. The experiments allowed an examination
of charity-linked promotions involving different dona-
tion amounts and were replicated using two differ-
ent charitable causes. While many studies have exam-
ined charity-linked campaigns (Karlan and List 2007,
Andreoni and Payne 2013, Gneezy et al. 2014), our
study contributes to the relatively nascent literature
considering these specifically in a business setting. We
build on a study by Elfenbein et al. (2012), who exam-
ine the effect of links to charity on sale of products on
eBay. We extend their line of investigation to consider
not just immediate take-up, but also whether the asso-
ciation with charity affects subsequent demand. This
is a particularly important consideration for contexts
(like ours) where a one-time take-up by the customer
might not be enough to justify the cost of a campaign.
Our research also has close links to the literature

on cause-related marketing, which takes philanthropic
initiatives as a complement to traditional advertising
and brand-building efforts (Bronn and Vrioni 2001,
Sheikh and Beise-Zee 2011, Varadarajan and Menon
1988). Our key distinction is examining not just take-
up of promotions, but also associated longitudinal pat-
terns of overall purchases, while comparing selection
and treatment effects across a range of charity-linked

promotions and discount-based promotions offering
customers a price rebate instead (Acquisti and Varian
2005, Barone and Roy 2010). Online marketplaces
comprise an interesting empirical context for us since
such platforms have grown to be a significant part
of the economy and continue to aggressively employ
promotions in the hope of building customer loyalty
and market share. For example, a recent report put
Uber’s marketing expenses at $246million for 2014 and
$295 million for the first half of 2015, with promotions
and rebates alone costing $57.3million and $72million,
respectively, during these periods (Solomon 2016).
Methodologically, our paper adds to research em-

ploying experimental approaches to examine different
aspects of corporate social engagement (Burbano 2016,
Hossain and Li 2014). This approach derives conclu-
sions based on preferences as revealed through actual
decisions, which are more accurate than self-reported
preferences (Lazear et al. 2012). The reliability of our
conclusions is further enhanced through the use of
field experiments embedded in a real firm’s operations
(Harrison and List 2004, Chatterji et al. 2016): not hav-
ing to rely on stylized tasks or special subject pools
helps overcome many challenges laboratory experi-
ments face (Charness et al. 2013, Levitt and List 2007).
Nevertheless, since mechanisms can be harder to iso-
late in the field and some findingsmight be specific to a
context, we view field studies like ours as complemen-
tary to rather than a substitute for other approaches
used in the cumulative body of research (Charness and
Fehr 2015).
We find take-up for charity-linked promotions to be

much smaller than for discount-based promotions, and
more likely to come from customers that are already
frequent users of the company’s services. Although
take-up rates do go up with the monetary amount
involved in both kinds of promotions, this sensitiv-
ity is smaller for charity-linked promotions than for
discount-based promotions. In subsequent longitudi-
nal analysis, we examine whether there is an increase
in a customer’s daily taxi booking frequency in the days
following a promotion, an effect we might expect to
be particularly strong for charity-linked promotions if
they do enhance a firm’s reputation or brand as often
claimed. Although we find a promotional booking to
generally represent new purchase rather than mere
substitution of a booking that would have occurred
anyway, we find little evidence of an overall increase in
subsequent bookings or of charity-linked promotions
being more effective than discount-based promotions.
Given the absence of a multiplier effect beyond the

promotional booking and the high cost of executing
each promotion, the cost–benefit equation does not
stack up favorably for any of the promotions in our
study. To address a possible concern that our inter-
ventions might have been weak, we repeat our analy-
ses just for customers that received promotions twice
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across experiments, andourfindings remain essentially
unchanged. At a minimum, our study therefore pro-
vides a reason to be skeptical and cautious regarding
any business case that is just taken for granted in the
often indiscriminate spending on promotions.

2. Hypotheses Regarding Charity-Linked
Promotions

Promotion take-up rates can serve as a short-termmea-
sure for how a campaign is received, possibly being
a leading indicator of longer-term benefits it might
bring. Therefore, our first two hypotheses consider
take-up rates of charity-linked promotions of varying
amounts, and how these compare against discount-
based promotions. For two additional hypotheses, we
focus on longitudinal patterns in the customers’ pur-
chase behavior, comparing daily purchase frequency
before, during, and after the promotion period.

2.1. Customer Take-up Rates for

Different Promotions
Customers taking up charity-linked promotions effec-
tively incur some form of cost even if the amount to
be paid to the charity comes from the firm’s budget.
This might, for example, involve an economic cost (e.g.,
paying for the taxi ride rather than taking public trans-
port or walking) or a psychological cost (e.g., switching
from a competing service that the customer is used
to). Even if the customer were going to make the pur-
chase from the firm anyway, there is at least the mental
effort of recalling the specific promotion code (sent, for
example, via an SMS-based text message) and using it
accurately at the time of purchase even if it is slightly
time-consuming (e.g., typing it in a mobile app when
making a booking).
If the promotion take-up process is standardized

across amounts and the firm is the one donating to
the cause (conditions met in our empirical context), the
cost to a customer of taking up a promotion is indepen-
dent of the amount. Yet, the altruistic customer should
perceive an unambiguous increase in his or her utility
as themonetary amount goes up, since a larger amount
donated to the cause represents a bigger social impact
that should lead to a prosocial customer’s feeling better
about the purchase. While the threshold at which it is
worthwhile to make the effort to take up a promotion
will vary from one customer to another, the fraction of
people for which this threshold will be crossed should
monotonically increase as the amount involved goes
up. This leads to our first (relatively straightforward)
hypothesis:

Hypothesis 1. The take-up rate for a charity-linked promo-
tion will go up with the monetary amount that the firm gives
to the charity when the customer makes a purchase.

Even if take-up rates increase with the amount,
their absolute level need not be large. In interpreting

prior research, Devinney et al. (2010) conclude that
the common image of customers caring a lot about
social impact is exaggerated: such effects are promi-
nent either in niche segments or in scenarios involv-
ing comparable product offerings. A recent study by
Hainmueller et al. (2015) similarly finds customer will-
ingness to pay a premium for social impact to vary by
customer segment as well as other product attributes.
Newman et al. (2014) argue that overemphasizing
social impact as a core feature can even hurt business
if customers perceive this as compromising quality.
We expect customers to generally value private ben-

efit for themselves (as a discount) more than an equiv-
alent amount going to charity. The theory of “warm
glow” nuances our expectation regarding the relative
extent to which the amount involved ought to mat-
ter by recognizing that there is a qualitative difference
in intangible benefits generated when prosocial behav-
ior is involved: an individual derives significant util-
ity from the mere act of helping others, independent
of the benefit achieved for society (Andreoni 1990,
Carson 2012, Meier 2007). Survey-based research on
how much people care for nonmarket goods, such as a
widely cited study by Desvousges et al. (1993) asking
for their willingness to pay for an initiative for pro-
tecting wildlife, has found limited correlation between
the financial sacrifice people accept and their scale of
impact. Kahneman et al. (1999) argue that this human
tendency toward “scope neglect” might be explained
in terms of the psychological process of “affective val-
uation,” where the quantitative aspect of the impact
might not be as salient. Hsee and Rottenstreich (2004)
make a similar argument in distinguishing between
“valuation by calculation” and “valuation by feeling,”
with decisions involving societal impact often falling
into the latter category.
Recent experimental studies have provided further

evidence consistent with a view that the extent of
help provided is only a part of the equation explain-
ing prosocial behavior: the mere act of having helped
drives much of the utility (Null 2011, Karlan and
Wood 2017, Tonin and Vlassopoulos 2010). Thus, we
should expect that the ratio of the marginal utility
from facilitating a benefit for others (through char-
ity) to the marginal utility from a comparable bene-
fit to oneself should decrease as the amount involved
increases. Consistent with this argument, Imas (2014)
finds the use of donation to charity (in return for an
agent putting in extra work) to be effective as an incen-
tive when the monetary amount involved is small, but
direct payment to the agent becomes a more effec-
tive incentive for a larger amount involved. Applied to
our setting, similar reasoning implies that, even if cus-
tomers care about a charitable cause, their sensitivity
to the amount going to charity should matter less than
it would be if they received a discount instead. In other
words, increasing the amount would have a weaker
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effect on increase in take-up of charity-linked promo-
tions than of discount-based promotions. We state this
formally as our second hypothesis:

Hypothesis 2. The promotion take-up rate will be less sen-
sitive to the monetary amount for charity-linked promotions
than for discount-based promotions.

2.2. Customer Demand Patterns Associated with

Different Promotions
A critical issue beyond promotion take-up is how sub-
sequent demand is affected by the intervention. Hence,
we next turn to examining how charity-linked promo-
tions might affect customer purchases in the period fol-
lowing the promotion, and how any such effects com-
pare with those for discount-based promotions. From a
commercial point of view, the take-up of a promotion—
whether charity-linked or discount-based—is not the
ultimate goal (even if it serves as a leading indicator
of a campaign’s likely impact). For example, if promo-
tion take-up only represents purchases substituting for
nonpromotion purchases that would have taken place
anyway, their demand-generation rationale is not met.
The real expectation of commercial value of charity-

linked promotions, even if their take-up rates are low,
lies in a potential multiplier effect in terms of increased
purchasing frequency beyond the promotion itself.
A study by Arora and Henderson (2007) finds evi-
dence supporting a view that such cause-related mar-
keting can indeed serve as an effective sales promotion
strategy. Similarly, Krishna and Rajan (2009) find that
charity-linked promotions boost profitability even in
a competitive setting, and that a customer’s willing-
ness to pay for the firm’s products can in fact increase
even for products beyond those directly involved in
the promotions. Such findings are consistent with
broader research demonstrating how social engage-
ment activities in general can be a means of improv-
ing a firm’s image and brand equity with customers
(Brown and Dacin 1997, Hoeffler and Keller 2002, Sen
and Bhattacharya 2001).
The desire to contribute to a social cause may only

be one aspect of the mechanism driving customer
participation in charity-linked promotions. A related
aspect—in fact, one that might be more critical from
the point of view of long-term business outcomes—
is a reinforcing of the identification of customers with
the firm running such social initiatives (Lichtenstein
et al. 2004, Luo and Bhattacharya 2006, Sen and
Bhattacharya 2001). Associating itself with a cause
can serve as a way for a firm to raise its reputation
with diverse stakeholders, including customers who
are able to identify with the firm and the cause it
supports (Arnett et al. 2003, Shang et al. 2008). This
identification is central to the logic of using charity-
linked promotions as a marketing tool analogous to
traditional advertising and other brand-building tools
(Bronn and Vrioni 2001, Sheikh and Beise-Zee 2011,

Varadarajan and Menon 1988). These arguments lead
us to our next hypothesis, which pertains to the long-
term and lasting effect of the promotional intervention
(beyond just the promotion take-up itself):

Hypothesis 3. A charity-linked promotion will lead to a
net increase in a customer’s overall demand (i.e., total pur-
chase during and after the promotional period) for the firm’s
services.

Although charity-linked promotions are used often,
discount-basedpromotions remainmore prevalent and
on average constitute more than half of a firm’s overall
marketing budget (Ailawadi et al. 2006). Such promo-
tions rely on adoption being boosted as the customer
finds a product worthwhile on use, and are credited
with indeed having helped improve important market-
ing metrics like sales volume and store traffic in many
instances (Aribarg andArora 2008). However, an exces-
sive focus on discounts also carries the risk of accen-
tuating price sensitivity and leading to brand erosion,
especially if multiple rivals start to compete through
aggressive discounts (Blattberg andNeslin 1990).
In contrast to discount-based promotions, charity-

linked promotions are believed to help a firm better dif-
ferentiate through a perception of societal engagement
(Bronn and Vrioni 2001, Hull and Rothenberg 2008,
Sheikh and Beise-Zee 2011, Varadarajan and Menon
1988). The psychological processes underlying take-up
of charity-linked promotions are therefore expected to
involve greater loyalty in subsequent customer behav-
ior (White and Peloza 2009, Winterich and Barone
2011), hence increasing customer demandwithout hav-
ing the risk of negative side effects that price discounts
carry (Arora and Henderson 2007, Henderson and
Arora 2010, Krishna and Rajan 2009). If the underlying
product is significantly more expensive than alterna-
tives, such effectsmight be further boosted if customers
taking up a charity-linked promotion feel so good
about having helped others that they subsequently
splurge more on themselves (Mazar and Zhong 2010).
For example, in the context of taxi booking, they might
be more willing to spend money on another taxi ride
rather than going back to using public transport.
Integrating the above arguments, we might form an

expectation that customers attracted through charity-
linked promotions are more loyal than those taking
up discount-based promotions. In other words, even if
the fraction of customers that take up a promotion is
smaller for a charity-linked promotion than a discount-
based promotion of a comparable amount, the charity-
linked promotion might still be on the whole more
effective as a loyalty-building tool in terms of having a
larger and more lasting effect on the long-run demand
(beyond just the promotion take-up itself). This leads
to our final hypothesis:

Hypothesis 4. For relatively altruistic customers, the net
increase in overall demand (i.e., total purchase during and
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after the promotional period) associated with a charity-linked
promotion will be greater than that for a discount-based pro-
motion involving the same monetary amount.2

3. Empirical Approach
We carried out field experiments in collaboration with
a leading online taxi-booking company in Asia. The
company’s automated smartphone-based booking and
dispatch platform had attracted significant investor
funding, a large chunk of which was being spent
on enticing and retaining users. Although relatively
young, the company was already one of the lead-
ing taxi-booking platforms in Asia, with a network
of over 200,000 drivers and several million customers
across multiple countries. (The company’s identity
and detailed financial and operational data cannot be
revealed for confidentiality reasons.)

3.1. Design of the Field Experiments
We implemented three field experiments as a part of
the company’s Singapore operations. Among its loca-
tions of operation, Singapore was the most comparable
to major Western countries (for example, in terms of
per capita income and transport infrastructure). Our
experiments involved 260,504 customers drawn as a
random subset of the company’s Singapore-based cus-
tomers who had made at least one taxi booking during
the period from January 1 to May 22, 2015, and were
not on a “do not call” list uncontactable for marketing.3

In each experiment, customer groups were sent pri-
vate text messages (SMS) on their registered phone
numbers, and a promotion code received could be
redeemed just once and only through a taxi booking
within the next five days. The experiments involved
two different charitable causes: raising funds for vic-
tims of two major earthquakes in Nepal in 2015 (the
first two experiments, with promotion periods of May
27–31 and June 4–6, respectively) and giving to a local
charity called the Singapore Cancer Society (the third
experiment with a promotion period of October 6–10).4

Online Appendix Tables A-1a–A-1c reproduce the text
of all of the messages we sent to random groups of
customers in each experiment.
All promo codes were valid only for one-time re-

demption during the respective five-day promotion
period. The promotions were executed truthfully as
a part of the company’s operations: customers using
a discount-based promotion code for a taxi booking
got a price rebate as promised, and their use of a
charity-linked code triggered a real donation of the
stated amount to the supported cause. The SMS mes-
sages were private and gave no indication of whether
and how many other customers had received the
promotion. This anonymity was designed to get at
mechanisms beyond just peer pressure or social desir-
ability considerations (which can be effective for rais-
ing funds, too, but are not the focus here).5

We constructed customer groups for the first two
experiments through a single randomization process
involving all 260,504 customers. In the first experiment,
95,540 customers (randomly drawn and divided into
five equal groups with different codes) were sent an
SMS with a promo code and 19,107 (randomly drawn
to serve as the “No promo code” control group) were
sent one without any promo code. In the second exper-
iment, 64,000 customers (randomly drawn and divided
into three groups using stratified sampling) were sent
an SMS with a promo code and 28,000 (serving as
the “No SMS” control group) were sent one without
any promo code. The remaining 53,857 customers were
sent no SMS at all in either experiment 1 or experi-
ment 2, and serve as another control group for both
experiments.
Table 1(a) provides further details for the “All Cus-

tomers” sample described above. We also construct
an “Active Customers” sample comprised of a subset
of these individuals who had made at least one taxi
booking in the four weeks leading up to the respec-
tive intervention. As Table 1(a) shows, take-up rates
for the “Active Customers” sample are consistently
greater than for the “All Customers” sample—i.e., cus-
tomers that had been active users of the booking plat-
form recently were also more likely to take up our
promotions.
Since our first two experiments “used up” our initial

list of 260,504 customers, experiment 3 involved fresh
randomization to reallocate all of these customers into
new groups. As summarized in Table 1(b), 177,500 ran-
domly chosen customers from the overall list (divided
into six groups using stratified sampling) were sent an
SMS with a promo code, another random subset of
50,000were sent an SMSwithout a promo code (serving
as the “No promo code” group for experiment 3), and
the remaining33,004werenot sent anySMSat all (hence
serving as the “No SMS” group for experiment 3).
Having randomization redone for experiment 3

implies that there is a partial overlap between each
group in experiment 3 and each group in experiments 1
or 2 (see Online Appendix Table A-2). This allows
us to construct a “Multi-Promo Customers” sample
for additional analysis on effects of receiving multi-
ple promo codes. Specifically, the treatment groups for
this sample (in light-gray shading in Online Appendix
Table A-2) are comprised of individuals who received
a charity promo in either experiment 1 or experiment 2
and received any promo code in experiment 3. The con-
trol groups (in dark-gray shading in Online Appendix
Table A-2) now include “No promo code” or “No SMS”
customers from experiment 3 that had not received any
SMS earlier (i.e., were also in the “No SMS” group
for the first two experiments). Comparison of these
treatment and control groups will form the basis for
identifying effects associatedwith receiving two promo
codes.6
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3.2. Longitudinal Data Sets

The company also provided us with data on all book-
ings made by the 260,504 customers during 2015. This
makes it feasible to carry out analyses of not just
promotion take-up rates but also longitudinal taxi-
booking patterns (taking customer-day as the unit of
analysis). To accomplish this, we merged promotion
take-up data into the overall data on daily bookings
to construct a longitudinal data set corresponding to
each experiment. Recall that each experiment includes
two control groups: “No promo code” customers sent
an SMS without any promo code, and “No SMS” cus-
tomers not sent any SMS at all.7

As detailed in Online Appendix Table A-3, each
of our three constructed data sets relies on a 61-day
window of coverage: the 28-day period just prior to
the promotion period, the actual five-day promotion
period, and the 28-day period right after the promo-
tion period.8 As Lewis and Reiley (2014) note in the
related context of online advertising, the effects from
a marketing campaign might be strongest right after
an intervention. In choosing a 28-day postintervention
window, we balance this consideration with the fact
that choosing too short a window might lead to loss
of statistical power. (In analysis not reported here, our
regression estimates are qualitatively similar but often
with lower p-values with a 14-day window).9

We take daily bookings (a count of a customer’s taxi
bookings in a day) as our first dependent variable,
as the relevant financial transaction from the point of
view of the taxi company in our context involves a
flat fee the driver pays the company for every booking
done through the mobile app. (This flat fee is under
SGD 1, the precise amount not being reported here
for confidentiality reasons.) Our analyses also employ
daily fare (the overall taxi money spent per day by a
customer) as an alternate dependent variable, as that
might be more directly comparable with other such
studies in different contexts.10

Although our randomization ensures that such un-
observed heterogeneity is not a concern in estimating
treatment effects, we create a few customer-level vari-
ables our data do allow: recent booking history (cumu-
lative number of bookings made in the 28 days lead-
ing up to the given intervention), customer tenure (how
long a person had been a customer, measured as a real
number in years as of the start of our respective exper-
iment), past promotion take-up (an indicator for whether
the customer had ever taken up a promotion code in
any past marketing campaign before our given inter-
vention), and apple device (whether the customer had
made his or her last booking prior to our given inter-
vention using a device from Apple).
As Online Appendix Table A-4 details, the average

values of the above observed variable are similar across
treatment and control groups within each experiment

(though they sometimes vary across experiments as
a definition might be time variant (e.g., for customer
tenure)). This serves as a check that randomization had
worked well. The statistics also provide insight into the
typical customer profile: considering those receiving a
charity promotion in experiment 1, the average person
had made 3.21 bookings in the 28 days prior to the
intervention, had been a customer with the company
for 0.53 years, had a 7% likelihood of having taken up
a past promotion, and had a 59% likelihood of having
made their last booking using an Apple device.

4. Analysis of Promotion Take-up Rates
4.1. Promotion Take-up: Experiments 1 and 2

As summarized in Table 1(a), the charity-linked
promotions employed in our first two experiments
involved supporting Nepal earthquake relief. Experi-
ment 1 employed five promotional codes (sent to 19,108
customers each), with a donation amount of SGD 1, 2,
3, 4, and 5, respectively. Experiment 2 used two pro-
motional codes (sent to 28,000 customers each), with a
donation amount of SGD 1 and 7, respectively, refin-
ing the experiment 1 design using better standardiza-
tion of the promo codes (as explained below). Exper-
iment 2 also included an additional treatment group
that received a discount promotion for SGD 1 (sent to a
smaller group of 8,000 customers, with an expectation
of a greater take-up rate than charity codes), allow-
ing a comparison of charity-linked promotions with
discount-based promotions.
The average take-up rates for experiment 1 are re-

ported in Table 1(a) and depicted graphically in Fig-
ure 1(a) (with a formal statistical comparison across
promotions postponed until our regressions later). For
both the “All Customers” sample and the “Active Cus-
tomers” sample, relative take-up rates for “1Nepal”
(SGD 1 to Nepal relief) versus “Nepal5sgd” (SGD 5 to
Nepal relief) are in line with Hypothesis 1 that take-
up rates ought to be larger for bigger charity amounts.
However, we do not see a strictly monotonic increase
across all amounts. For example, “Nepal3sgd” and
“4sgd” take-up rates deviate from what the trend from
“1Nepal” to “2sgd” suggests. We see two plausible rea-
sons for this anomaly. First, as the ethnic majority in
Singapore is Chinese, the attractiveness of the “4sgd”
promotion might be reduced by the fact that four is
considered an unlucky number (representing death)
in Chinese culture.11 Second, the code “Nepal3sgd” is
more complex than a code like “2sgd,” likely contribut-
ing to a downward bias in its take-up. To avoid a repe-
tition of this issue, we chose more standardized codes
ourselves in experiments 2 and 3, rather than again
leaving it up to the company’s marketing team to come
up with the codes.12
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Figure 1(a). Promotion Take-up Rates: Experiment 1
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Figure 1(b). Promotion Take-up Rates: Experiment 2
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Figure 1(c). Promotion Take-up Rates: Experiment 3
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Table 1(a) also reports the take-up rates for experi-
ment 2 promotions, and the results are shown graph-
ically as Figure 1(b). The take-up rate for the SGD 1
charity-linked promotion is now lower than in exper-
iment 1, possibly a reflection of the longer time
elapsed since the Nepal earthquakes.13 However, we
still find support for Hypothesis 1 as the charity-linked
promotion take-up rate is again larger for the bigger
amount. It is also reassuring that the ratio of take-up
rates for “7sms” and “1sms” in experiment 2 is just a bit

greater than the ratio for “Nepal5sgd” and “1Nepal”
in experiment 1.
Experiment 2 also allows for a comparison of our

discount promotion with charity-linked promotions.
Considering the “All Customers” sample, it is striking
that the take-up rates for SGD 1 as a price discount
are almost 12 times that for SGD 1 going to charity,
and six times that for even SGD 7 going to charity.
The difference remains stark (more than a factor of
five) even if we compare the “1off” results here with
the “1Nepal” result from the equivalent charity-linked
promotion from experiment 1 (temporally closer to the
Nepal earthquakes). The findings are similar even if we
consider the “Active Customers” sample instead.

4.2. Promotion Take-up: Experiment 3

One might wonder whether part of the differences
between charity-linked and discount-based promo-
tions above are driven by Nepal earthquake relief’s not
being an important cause in the minds of Singapore-
based customers. This consideration in part motivated
experiment 3, which relies instead on a local cause that
people in Singapore did seem to care a lot about (at
least as per local media coverage and a nationwide
campaign in 2015): cancer-associated giving to a local
charity called the Singapore Cancer Society.
Further, experiment 3 has a broader range of con-

ditions than experiment 2, with both charity-linked
promotions and discount-based promotions consid-
ered for three different amounts: SGD 1, 5, and 10.
This allows us to compute and compare the extent
of diminishing returns with amount increases for the
two kinds of promotions. As detailed in Table 1(b), we
employed stratified sampling wherein discount-based
promotions and larger amounts were assigned smaller
sample sizes during this random allocation.
The take-up rates by sample are reported in

Table 1(b) and shown graphically in Figure 1(c).14 The
take-up rate for a charity promotion for experiment 3
remains similar to that for a comparable amount in
experiment 1 (and greater than in experiment 2). In line
with Hypothesis 1, charity promotions take-up does
increase as the amount increases, butwe also see signif-
icant diminishing returns: across all samples, the take-
up rates less than double when the charity amount
goes up from SGD 1 to SGD 10.
Not surprisingly, the take-up rates show diminish-

ing returns for discount promotions as well. However,
in line with Hypothesis 2, the take-up rate increase
does not fall as rapidly as for charity promotions:
customers seem more sensitive to the exact amount
when it accrues to them in the form of a private dis-
count rather than going to charity. Considering the “All
Customers” sample, a tenfold increase in the charity
amount (from SGD 1 in “1give” to SGD 10 in “10give”)
leads to the take-up rate becoming 1.96 times as much
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Table 1(a). Customer Groups, Promotion Codes, and Take-up Rates: Experiments 1 and 2

Experiment 1 Experiment 2

All Customers Active Customers All Customers Active Customers

Promo code N Take-up N Take-up Promo code N Take-up N Take-up

Charity promotion:

SGD 1 to Nepal relief 1Nepal 19,108 92 (0.48%) 11,739 88 (0.75%) 1sms 28,000 62 (0.22%) 16,610 58 (0.35%)

SGD 2 to Nepal relief 2sgd 19,108 129 (0.68%) 11,706 119 (1.02%)

SGD 3 to Nepal relief Nepal3sgd 19,108 98 (0.51%) 11,615 89 (0.77%)

SGD 4 to Nepal relief 4sgd 19,108 128 (0.67%) 11,792 119 (1.01%)

SGD 5 to Nepal relief Nepal5sgd 19,108 166 (0.87%) 11,595 151 (1.30%)

SGD 7 to Nepal relief 7sms 28,000 126 (0.45%) 16,639 115 (0.69%)

Discount promotion:

SGD 1 discount 1off 8,000 204 (2.55%) 4,729 180 (3.81%)

Subtotal for promotions 95,540 613 (0.64%) 58,447 566 (0.97%) 64,000 392 (0.61%) 37,978 353 (0.93%)

No promotion (controls):

No promo code in SMS n/a 19,107 11,783 n/a 28,000 16,613

No SMS n/a 53,857 32,988 n/a 53,857 31,848

Total sample size 168,504 103,218 145,857 86,439

Table 1(b). Customer Groups, Promotion Codes, and Take-up Rates: Experiment 3

Experiment 3

All Customers Active Customers Multi-Promo Customers

Promo code N Take-up N Take-up N Take-up

Charity promotion:

SGD 1 to Singapore Cancer Society 1give 50,000 242 (0.48%) 24,746 224 (0.91%) 29,060 152 (0.52%)

SGD 5 to Singapore Cancer Society 5give 50,000 406 (0.81%) 24,473 367 (1.50%) 29,060 228 (0.78%)

SGD 10 to Singapore Cancer Society 10give 20,000 190 (0.95%) 9,923 168 (1.69%) 11,624 99 (0.85%)

Discount promotion:

SGD 1 discount 1off 50,000 1,734 (3.47%) 24,656 1,582 (6.42%) 29,060 1,026 (3.53%)

SGD 5 discount 5off 5,000 468 (9.36%) 2,457 403 (16.40%) 2,906 260 (8.95%)

SGD 10 discount 10off 2,500 311 (12.44%) 1,238 259 (20.92%) 1,453 180 (12.39%)

Subtotal for promotions 177,500 3,351 (1.89%) 87,493 3,003 (3.43%) 103,163 1,945 (1.89%)

No promotion (controls):

No promo code in SMS n/a 50,000 24,564 10,360

No SMS n/a 33,004 16,236 6,719

Total sample size 260,504 128,293 120,242

(up from 0.48% to 0.95%), while doing the same for dis-
count promotions (going from SGD 1 in “1off” to SGD
10 in “10off”) leads to the take-up rate becoming 3.59
times as much (up from 3.47% to 12.44%). These find-
ings remain very similar if we instead analyze either
the “Active Customers” sample (the two correspond-
ing ratios being 1.87 and 3.26 for the charity and dis-
count cases, respectively) or the “Multi-Promo Cus-
tomers” sample (the analogous ratios being 1.63 and
3.51, respectively).

4.3. Regression Analysis for Promotion Take-up

We now employ a logistic regression framework to
estimate the likelihood of customers taking up a pro-
motion, helping us examine our first two hypotheses
through statistical tests making more rigorous the

informal comparisons above. This regression analysis
is reported in Table 2, with the key independent vari-
ables being the indicator variables for different promo-
tion codes within each experiment (represented using
indicators for the respective promotion codes from
Tables 1(a) or 1(b), with one of the group indicators for
each experiment being omitted as reference). Taking
experiment 3 as an illustration, and letting y represent
the dependent variable capturingwhether a promotion
is taken up, the likelihood of take-up of a promotion
can be represented as the following estimation equa-
tion (with “1give” as the reference group):

Pr(y � 1)�Λ(β0 + β5givei5give + β10givei10give + β1offi1off

+ β5offi5off + β10offi10off + βW W).
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Here, “Λ(βX)” is the typical shorthand notation for
the logistic function “1/(1+exp(−βX)),”W denotes the
vector of other covariates, and β is the vector of param-
eters to be estimated via regression analysis.
In interpreting the findings for experiment 1 in

columns (1) and (2), it is useful to refer to Figure 1(a).
The omitted (reference) category in this model is the
group receiving the “1Nepal” promotion. The take-up
rates for “2sgd,” “4sgd,” and “Nepal5sgd” are posi-
tive and statistically significant relative to the refer-
ence, consistent with Hypothesis 1. In line with Fig-
ure 1(a), the lack of significance for “Nepal3sgd” and
the absence of an increase in going from “2sgd” to
“4sgd” are anomalies in an otherwisemonotonic trend.
Cross-promotion comparison results for experi-

ments 2 and 3 are similarly consistent with Fig-
ures 1(b) and 1(c), respectively. Experiment 2 findings
in columns (3) and (4) use “1sms” as the omitted (ref-
erence) category and indicate that both “7sms” and
“1off” have take-up rates that are larger in a statisti-
cally meaningful way—providing additional support
for Hypothesis 1. Similarly, experiment 3 findings in
columns (5)–(7), which are based on using “1give” as
the omitted category, show that all other promotion
codes within experiment 3 have significantly larger
take-up rates than this reference, and that the mag-
nitude of the coefficients increases with the monetary
amount involved in all cases.
The findings on predicted take-up rates based on the

regression analyses are almost identical to the corre-
sponding findings based on the statistics in Tables 1(a)
and 1(b). For example, for the “All Customers” sam-
ple analysis in column (5) of Table 2, the implied
take-up rates are 0.48%, 0.82%, and 0.95% for “1give,”
“5give,” and “10give,” respectively, and 3.46%, 9.44%,
and 12.34% for “1off,” “5off,” and “10off,” respectively.
The take-up for charity-linked promotions is thus again
an order of magnitude smaller than for discount-based
promotions of comparable amounts. We again see
diminishing returns in take-up rates for both kinds of
promotions as the amount goes from SGD 1 to SGD 5
and ultimately to SGD 10 (the differences being statis-
tically significant with p < 0.01). In line with Hypoth-
esis 2, the sensitivity of take-up rates to the monetary
amount is smaller for charity-linked than for discount-
based promotions (a finding confirmed to hold statis-
tically using a Wald test), again consistent with a view
that charity take-up might in part be driven by a warm
glow effect that is independent of the exact monetary
amount.
Considering the included individual characteristics,

customers making more bookings in the past four
weeks (larger recent booking history), taking up a pro-
motion in the past (past promotion indicator being one),
and recently using an Apple device (Apple device being
one) were more likely to take up a promotion in all

experiments. The findings are mixed (either insignifi-
cant or positive) for customer tenure.

5. Analysis of Longitudinal
Demand Patterns

Our main goal in this section is to analyze longitudinal
taxi-booking data for overall treatment effects from a
given promotion for the entire group of customers that
receive the promotion. However, analogous to addi-
tional analysis in Lewis and Reiley (2014) that consid-
ers just the subset of customers that decide to click on
an online ad they were shown, we find it instructive to
start by first considering the subset of customers that
not only received a promotion but also chose to take
up the promotion to make a booking.

5.1. Longitudinal Patterns for Customers

Taking Up a Promotion

Selection Effects in Promotion Take-up? Customers
taking up promotions (Online Appendix Table A-5)
systematically differed from the average customer pro-
file (represented by the “No SMS” group in Online
Appendix Table A-4): they had been more frequent
users as per bookings they made in the 28 days prior
to an experiment, had been a customer of the company
for a longer tenure, were more likely to have taken up a
past marketing promotion, and were more likely to be
Apple users (the differences inmeans being statistically
significant with p < 0.01 in all cases except for Apple
device in the case of the discount promotion in exper-
iment 2). Relative to customers taking up discount-
based promotions, those taking up charity-linked pro-
motions were even more regular users preintervention
(as indicated by an even larger mean for recent booking
history in both experiment 2 and experiment 3).
Figures 2(a)–2(c) plot the daily taxi-booking averages

for customers taking up a promo code in the three
respective experiments, averaged over four preinter-
vention and postintervention weeks to depict the tem-
poral patterns despite high fluctuation from day to
day (e.g., likely due to weekdays and weekends being
systematically different). The x axis for each figure is
labeled so that “week 0” refers to the five-day promo-
tion period (as detailed in Online Appendix Table A-3).
As a reference, the figures also plot the patterns for
the corresponding time periods for the “No SMS” con-
trol groups (customers not sent any SMS at all). Cor-
responding summary statistics for daily taxi-booking
patterns, calculated as overall four-week preinterven-
tion and postintervention averages, are presented in
Tables 3(a) and 3(b) for easy reference.
Interpreting graphically, three patterns stand out in

examining Figures 2(a)–2(c) for selection effects associ-
ated with the profile of people taking up different pro-
motions. First, people taking on promotions on average
are regular users of the service to start with (i.e., their
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Table 2. Logistic Regression Analysis of Promotion Take-up Behavior

Experiment 1 Experiment 2 Experiment 3

Customer sample: All Active All Active All Active Multi-Promo
Customers Customers Customers Customers Customers Customers Customers
(excluding (excluding (excluding (excluding (excluding (excluding (excluding
controls) controls) controls) controls) controls) controls) controls)

(1) (2) (3) (4) (5) (6) (7)

Experiment 1 subgroup indicator:
i_1Nepal (SGD 1 to Nepal relief) [Omitted] [Omitted]
i_2sgd (SGD 2 to Nepal relief) 0.3350∗ 0.3035∗

(0.1378) (0.1417)

i_Nepal3sgd (SGD 3 to Nepal relief) 0.0724 0.0233

(0.1461) (0.1513)

i_4sgd (SGD 4 to Nepal relief) 0.3301∗ 0.2984∗

(0.1377) (0.1416)

i_Nepal5sgd (SGD 5 to Nepal relief) 0.6092∗∗ 0.5645∗∗

(0.1310) (0.1351)

Experiment 2 subgroup indicator:
i_1sms (SGD 1 to Nepal relief) [Omitted] [Omitted]
i_7sms (SGD 7 to Nepal relief) 0.7423∗∗ 0.7049∗∗

(0.1563) (0.1618)

i_1off (SGD 1 discount) 2.5478∗∗ 2.4783∗∗

(0.1472) (0.1529)

Experiment 3 subgroup indicator:
i_1give (SGD 1 to Singapore [Omitted] [Omitted] [Omitted]
cancer society)

i_5give (SGD 5 to Singapore 0.5717∗∗ 0.5437∗∗ 0.4519∗∗

cancer society) (0.0830) (0.0861) (0.1072)

i_10give (SGD 10 to Singapore 0.7208∗∗ 0.6545∗∗ 0.5321∗∗

cancer society) (0.0992) (0.1038) (0.1319)

i_1off (SGD 1 discount) 2.1162∗∗ 2.0904∗∗ 2.0457∗∗

(0.0706) (0.0730) (0.0897)

i_5off (SGD 5 discount) 3.2887∗∗ 3.2389∗∗ 3.1553∗∗

(0.0840) (0.0890) (0.1086)

i_10off (SGD 10 discount) 3.6278∗∗ 3.5368∗∗ 3.5560∗∗

(0.0926) (0.1002) (0.1193)

Recent booking history 0.0540∗∗ 0.0409∗∗ 0.0520∗∗ 0.0373∗∗ 0.0612∗∗ 0.0440∗∗ 0.0614∗∗

(0.0032) (0.0035) (0.0044) (0.0050) (0.0015) (0.0017) (0.0020)

Customer tenure 0.1316 0.0850 0.4705∗∗ 0.4097∗∗ 0.1740∗∗ 0.0202 0.1478∗

(0.1067) (0.1079) (0.1308) (0.1356) (0.0476) (0.0508) (0.0624)

Past promotion take-up 0.7436∗∗ 0.6817∗∗ 0.9779∗∗ 0.8839∗∗ 1.4159∗∗ 1.1838∗∗ 1.4204∗∗

(0.1118) (0.1127) (0.1295) (0.1318) (0.0380) (0.0404) (0.0498)

Apple device 0.3423∗∗ 0.2841∗∗ 0.3955∗∗ 0.3327∗∗ 0.2360∗∗ 0.1594∗∗ 0.2333∗∗

(0.0884) (0.0920) (0.1112) (0.1177) (0.0390) (0.0417) (0.0512)

Constant −5.9821∗∗ −5.4844∗∗ −7.0690∗∗ −6.5372∗∗ −6.6534∗∗ −5.8014∗∗ −6.5492∗∗

(0.1351) (0.1394) (0.1726) (0.1822) (0.0862) (0.0919) (0.1110)

Observations 95,539 58,446 64,000 37,978 177,499 87,492 103,162

Notes. The samples include customers sent a promo code in the respective experiment. The unit of analysis is the customer, the dependent
variable being an indicator for whether a customer took up the promo code. Logistic regressions are employed. The indicator variables starting
with “i_” take the value of one just for the respective promo subgroups.

∗∗p < 0.01; ∗p < 0.05.

preintervention daily booking average is larger than for

the “No SMS” group, a finding confirmed by t-tests).

This is intriguing given that the intended goal of such

marketing promotions is often to induce less active

users to use the service more.

Second, comparing within either kind of promotion

(charity or discount) in an experiment, the average

preintervention bookings per day are larger for cus-

tomers taking up promotions involving smaller mone-

tary amounts (e.g., in experiment 3, the preintervention

average for “1give” is larger than for “5give,” which in

turn is greater than that for “10give”). Thus, customers

taking on the promotion involving smaller amounts

tend to be even more atypical in their preintervention
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Figure 2(a). (Color online) Taxi Booking Patterns for
Customers Taking Up Different Promotions: Experiment 1
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Figure 2(b). (Color online) Taxi Booking Patterns for
Customers Taking Up Different Promotions: Experiment 2
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booking frequency: as the amount involved increases,
the take-up customers start to look more and more
like the average customer in the population (repre-
sented by “No SMS” group). This pattern (verified
through formal t-tests) demonstrates that larger pro-
motion amounts are needed to attract less regular
customers.
The third selection-related pattern we find is that the

preintervention averages are systematically larger for
a charity promotion than a discount promotion of a

Figure 2(c). (Color online) Taxi Booking Patterns for
Customers Taking Up Different Promotions: Experiment 3
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comparable amount (e.g., in experiment 3, the prein-
tervention average for “1give” is larger than for “1off,”
for “5give” is larger than for “5off,” and for “10give” is
larger than for “10off”). This pattern (confirmed via for-
mal t-tests) indicates that regular customers comprise
a larger fraction of customers taking up charity promo-
tions than discount promotions. One plausible expla-
nation could be that regular customers identify better
with the company and are likely to take up charity-
based promotions as they reaffirm this positive identi-
fication. However, we cannot fully disentangle this pos-
sibility from alternative explanations that might drive
this finding.15

A Possible Treatment Effect? Moving beyond investi-
gation of selection effects in terms of preintervention
patterns associated with subsequent promotion take
up, longitudinal analysis of the take-up customer data
for the during-promotion and postpromotion periods
is a natural precursor to a formal analysis of over-
all treatment effects. If there is indeed a significant
overall treatment effect for a given promo code, it is
likely to even more strongly manifest itself as a surge
in taxi-booking frequency specifically for the subset of
customers taking up the promotion—analogous to an
argument by Lewis and Reiley (2014) that a large com-
ponent of their overall treatment effect would manifest
as changes visible by considering the subset of cus-
tomers that did choose to click on an online ad. How-
ever, given that a selection process (not fully observed)
determines who takes up a promotion in the first
place, this analysis is only indicative, and we should be
cautious in interpreting any patterns for take-up cus-
tomers as causal estimates.



Singh, Teng, and Netessine: Philanthropic Campaigns and Customer Behavior
924 Management Science, 2019, vol. 65, no. 2, pp. 913–932, © 2017 INFORMS

Looking at week 0 in Figures 2(a)–2(c), we immedi-
ately notice a spike in the daily demand during the five-
day promotion period. The existence of such a spike is
not a surprise, as the sample by construction involves
customers that had at least one booking during that
period. What is more interesting is the exact size of
this spike, which we can calculate by comparing the
“pre” and “during” statistics for take-up customers in
Tables 3(a) and 3(b) (which can be further adjusted
to get a “difference in differences” statistic accounting
for temporal patterns captured as the difference in the
“pre” and “during” statistics for the “No SMS” group,
though that does not practically matter too much as
that difference is small).
If the promotional rides were neither substitutes

nor complements for nonpromotional rides, we would
expect this statistic regarding daily average rides to be
exactly 0.2 (the one unit increase from the promotional
ride divided over five days in the promotion period).
On the other hand, if they came completely at the
expense of nonpromotional rides that would be taken
anyway, the daily average should not have moved. The
fact that the observed “difference in differences” indi-
cator is much closer to 0.2 than to zero (always between
0.17 and 0.24 across experiments) indicates that the
promotional rides do largely represent new demand.
However, the fact that this increase does not signifi-
cantly exceed 0.2 leads to a pessimistic nuance that the
number of nonpromotional bookings does not increase
during the promotion period. Carrying out a simi-
lar “difference in differences” analysis comparing the
“pre” and “post” periods, we find little evidence of
the booking frequency going up after the promotion
period either.
Overall, we therefore have little evidence so far con-

sistent with a premise that promotion take-up is asso-
ciated with increased customer purchase beyond the
promotional booking itself. This nonfinding holds for
both charity-linked and discount-based promotions, so
there is no support for an expectation that such an
increase ought to be prominent at least for charity-
linked promotions. It is worth reiterating that the above
finding should not be taken as conclusive causal anal-
ysis. For example, even if we had found a positive
effect, it could have been driven by customerswho have
anyway been increasing their taxi-booking frequency
being more likely to select into a promotion. Despite
conditioning on the take-up by customers, however,
there is at best weak support for Hypothesis 3 (the
promotional booking itself possibly representing new
demand, but with little further increase in demand)
and no support for Hypothesis 4 (no evidence of a
greater demand increase for charity promotions). Nev-
ertheless, a rigorous test of our hypotheses requires
estimating overall treatment effects, which we turn
to next.

5.2. Analysis of Overall Treatment Effects:

Experiments 1 and 2

Our regression approach for examining overall treat-
ment effects allows for a possibility that not just the
take-up customers but also other customers receiving
a promo code (but not redeeming it) could be affected
by a promotional message.16 We employ linear regres-
sions with customer fixed effects (with standard errors
clustered by customer), as these are easy to interpret
and are well suited for difference-in-differences mod-
els with a large number of indicator variables (Angrist
and Pischke 2009). We also use a full set of indicators
for the calendar date to control for daily fluctuations
related to exogenous factors like weather or weekends,
as well as competitive factors like pricing or promotion
decisions of competitors.
The first four columns in Table 4 report findings

related to experiment 1 for our two samples (“All Cus-
tomers” and “Active Customers”) and two dependent
variables (Daily Bookings and Daily Fare). The indepen-
dent variable names starting with “t_” are indicators
that switch to one only for the indicated group and
only during the “promotion window,” and the inde-
pendent variable names starting with “p_” are indica-
tors that similarly switch to one only for the indicated
group and only for the 4-week “postpromotion win-
dow” immediately following the promotion window
(seeOnlineAppendix TableA-3). The last four columns
in Table 4 report analogous analyses using variables
and windows pertinent to experiment 2.
In all eight models, the omitted (reference) category

is the “No SMS” control group.We find that the regres-
sion estimates (t_NOCODE and p_NOCODE) for the
“No promo code” control group consistently lack sta-
tistical significance, indicating that any other signifi-
cant findings can be interpreted as relating to actually
receiving a promo code SMS and not just receiving a
generic SMS from the company.
Looking at the estimated coefficients for the promo-

tion period effects (variable names starting with “t_”),
we do not find statistically significant effects for any of
the treatment groups in any of the eight models. Turn-
ing to the estimated coefficients for the postpromotion
period effects (variable names starting with “p_”), we
do not find any statistically significant coefficient esti-
mate that has a positive sign. All postestimates for
seven of the eight promotions are statistically insignif-
icant, with the remaining promotion group (“2sgd”)
showing a mix of negative and insignificant effects.
To summarize, the first two experiments provide no
support to either Hypothesis 3 (that charity promo-
tions boost overall demand) or Hypothesis 4 (that char-
ity promotions do so more effectively than discount
promotions).17
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Table 3(a). Longitudinal Patterns in Average Daily Bookings: Experiments 1 and 2

Experiment 1 Experiment 2

Take-up All Active Take-up All Active
Customers Customers Customers Customers Customers Customers
(N � 613) (N � 168,504) (N � 103,218) (N � 392) (N � 145,857) (N � 86,439)

Group Pre During Post Pre During Post Pre During Post Group Pre During Post Pre During Post Pre During Post

1Nepal 0.357 0.528 0.323 0.091 0.091 0.080 0.151 0.141 0.122 1sms 0.302 0.526 0.290 0.092 0.090 0.081 0.156 0.143 0.127
2sgd 0.227 0.453 0.236 0.092 0.093 0.080 0.154 0.143 0.121 7sms 0.233 0.425 0.217 0.088 0.087 0.077 0.150 0.139 0.120
Nepal3sgd 0.301 0.500 0.278 0.091 0.092 0.082 0.154 0.143 0.126 1off 0.210 0.414 0.221 0.086 0.083 0.076 0.147 0.132 0.120
4sgd 0.252 0.439 0.218 0.093 0.095 0.082 0.154 0.145 0.125
Nepal5sgd 0.234 0.408 0.233 0.088 0.091 0.080 0.150 0.142 0.122
No promo code 0.093 0.095 0.083 0.154 0.147 0.126 No promo code 0.090 0.088 0.080 0.154 0.140 0.125
No SMS 0.089 0.090 0.079 0.149 0.139 0.120 No SMS 0.088 0.086 0.078 0.151 0.137 0.122

Note. See Online Appendix Table A-3 for the exact dates used to calculate the average of daily taxi bookings for the “pre” period (four weeks), “during” period (five days), and “post” period
(four weeks) for the experiment.

Table 3(b). Longitudinal Patterns in Average Daily Bookings: Experiment 3

Experiment 3

Take-up Customers All Customers Active Customers Multi-Promo Customers
(N � 3,351) (N � 260,504) (N � 128,293) (N � 120,242)

Group Pre During Post Pre During Post Pre During Post Pre During Post

1give 0.384 0.575 0.397 0.091 0.099 0.093 0.183 0.190 0.173 0.090 0.097 0.092
5give 0.324 0.574 0.328 0.088 0.097 0.091 0.181 0.188 0.172 0.089 0.098 0.090
10give 0.332 0.547 0.347 0.091 0.100 0.093 0.184 0.191 0.174 0.091 0.099 0.093
1off 0.318 0.543 0.331 0.091 0.103 0.093 0.184 0.198 0.175 0.092 0.105 0.094
5off 0.261 0.495 0.277 0.086 0.106 0.091 0.175 0.202 0.170 0.089 0.108 0.093
10off 0.228 0.438 0.254 0.092 0.116 0.095 0.186 0.216 0.175 0.091 0.116 0.093
No promo code 0.089 0.095 0.091 0.180 0.184 0.171 0.088 0.095 0.089
No SMS 0.091 0.099 0.092 0.185 0.191 0.173 0.089 0.099 0.088

Note. See Online Appendix Table A-3 for the exact dates used to calculate the average of daily taxi bookings for the “pre” period (four weeks), “during” period (five days), and “post” period
(four weeks) for the experiment.
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Table 4. Estimating Overall Treatment Effects Using Panel Data: Experiments 1 and 2

Experiment 1 Experiment 2

Customer sample: All Customers Active Customers All Customers Active Customers

Dependent variable: Daily Daily Daily Daily Daily Daily Daily Daily
Bookings Fare Bookings Fare Bookings Fare Bookings Fare

(1) (2) (3) (4) (5) (6) (7) (8)

Experiment 1
Promotion period effects:

t_1Nepal (SGD 1 to Nepal relief) −0.0008 −0.0151 −0.0002 −0.0056

(0.0015) (0.0256) (0.0023) (0.0407)

t_2sgd (SGD 2 to Nepal relief) −0.0001 −0.0096 −0.0002 −0.0131

(0.0015) (0.0270) (0.0024) (0.0431)

t_Nepal3sgd (SGD 3 to Nepal relief) −0.0008 −0.0316 −0.0008 −0.0411

(0.0015) (0.0255) (0.0024) (0.0409)

t_4sgd (SGD 4 to Nepal relief) 0.0007 −0.0028 0.0016 0.0045

(0.0014) (0.0255) (0.0023) (0.0405)

t_Nepal5sgd (SGD 5 to Nepal relief) 0.0017 0.0213 0.0028 0.0323

(0.0014) (0.0259) (0.0023) (0.0416)

t_NOCODE 0.0013 0.0023 0.0027 0.0170

(0.0015) (0.0260) (0.0024) (0.0412)

Postpromotion effects:
p_1Nepal (SGD 1 to Nepal relief) −0.0007 −0.0150 −0.0006 −0.0115

(0.0010) (0.0178) (0.0016) (0.0284)

p_2sgd (SGD 2 to Nepal relief) −0.0020+ −0.0320+ −0.0033∗ −0.0492

(0.0010) (0.0191) (0.0017) (0.0306)

p_Nepal3sgd (SGD 3 to Nepal relief) 0.0007 0.0146 0.0007 0.0133

(0.0011) (0.0200) (0.0017) (0.0322)

p_4sgd (SGD 4 to Nepal relief) −0.0004 −0.0176 0.0001 −0.0169

(0.0011) (0.0183) (0.0017) (0.0290)

p_Nepal5sgd (SGD 5 to Nepal relief) 0.0009 0.0160 0.0014 0.0289

(0.0011) (0.0184) (0.0017) (0.0295)

p_NOCODE 0.0003 0.0078 0.0013 0.0308

(0.0011) (0.0181) (0.0017) (0.0289)

Experiment 2
Promotion period effects:

t_1sms (SGD 1 to Nepal relief) 0.0006 −0.2354 0.0007 −0.4021

(0.0013) (0.2534) (0.0021) (0.4306)

t_7sms (SGD 7 to Nepal relief) 0.0016 0.0277 0.0029 0.0523

(0.0013) (0.0230) (0.0021) (0.0378)

t_1off (SGD 1 discount) −0.0006 −0.0012 −0.0009 0.0015

(0.0020) (0.0363) (0.0033) (0.0600)

t_NOCODE 0.0001 0.0050 0.0002 0.0140

(0.0012) (0.0219) (0.0021) (0.0359)

Postpromotion effects:
p_1sms (SGD 1 to Nepal relief) −0.0003 −0.2461 0.0002 −0.4038

(0.0009) (0.2530) (0.0015) (0.4299)

p_7sms (SGD 7 to Nepal relief) −0.0006 −0.0222 −0.0006 −0.0265

(0.0009) (0.0165) (0.0015) (0.0270)

p_1off (SGD 1 discount) 0.0008 0.0222 0.0012 0.0326

(0.0015) (0.0256) (0.0024) (0.0419)

p_NOCODE −0.0002 0.0092 −0.0005 0.0131

(0.0009) (0.0221) (0.0015) (0.0369)

Observations 10,098,422 10,098,422 6,115,976 6,115,976 8,823,520 8,823,520 5,199,022 5,199,022
Number of customers 168,504 168,504 103,218 103,218 145,857 145,857 86,439 86,439

Notes. The unit of analysis in this table is the customer-day. See Online Appendix Table A-3 for the exact date windows. Linear regression
models are employed, with customer and calendar date fixed effects and robust standard errors clustered on customer. The omitted (reference)
category for both promotion period effect and postpromotion effect indicators is the “No SMS” group.

∗p < 0.05; +p < 0.1.
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Table 5. Estimating Overall Treatment Effects Using Panel Data: Experiment 3

Experiment 3

Customer sample: All Customers Active Customers Multi-Promo Sample

Dependent variable: Daily Bookings Daily Fare Daily Bookings Daily Fare Daily Bookings Daily Fare
(1) (2) (3) (4) (5) (6)

Experiment 3
Promotion period effects:

t_1give (SGD 1 to Singapore Cancer Society) 0.0002 0.0121 0.0006 0.0276 −0.0029 0.0006
(0.0013) (0.0212) (0.0025) (0.0417) (0.0024) (0.0401)

t_5give (SGD 5 to Singapore Cancer Society) 0.0010 0.0045 0.0017 0.0038 −0.0005 0.0334
(0.0013) (0.0229) (0.0025) (0.0456) (0.0024) (0.0419)

t_10give (SGD 10 to Singapore Cancer Society) 0.0004 −0.0053 0.0017 0.0004 −0.0019 −0.0108
(0.0022) (0.0355) (0.0043) (0.0705) (0.0027) (0.0446)

t_1off (SGD 1 discount) 0.0048∗∗ 0.0757∗∗ 0.0085∗∗ 0.1297∗∗ 0.0031 0.0866∗

(0.0013) (0.0209) (0.0025) (0.0411) (0.0025) (0.0403)
t_5off (SGD 5 discount) 0.0123∗∗ 0.1669∗∗ 0.0211∗∗ 0.2895∗∗ 0.0097∗ 0.1537∗

(0.0027) (0.0438) (0.0054) (0.0862) (0.0041) (0.0643)
t_10off (SGD 10 discount) 0.0153∗∗ 0.2021∗∗ 0.0233∗∗ 0.3174∗∗ 0.0148∗∗ 0.2061∗

(0.0038) (0.0593) (0.0074) (0.1156) (0.0052) (0.0803)
t_NOCODE −0.0013 −0.0199 −0.0021 −0.0341 −0.0029 0.0142

(0.0013) (0.0208) (0.0025) (0.0410) (0.0028) (0.0465)
Postpromotion effects:

p_1give (SGD 1 to Singapore Cancer Society) 0.0012 0.0190 0.0020 0.0300 0.0026 0.0565+

(0.0009) (0.0149) (0.0018) (0.0290) (0.0017) (0.0305)
p_5give (SGD 5 to Singapore Cancer Society) 0.0018+ 0.0115 0.0031+ 0.0126 0.0022 0.0430

(0.0009) (0.0165) (0.0018) (0.0326) (0.0017) (0.0309)
p_10give (SGD 10 to Singapore Cancer Society) 0.0005 0.0470 0.0015 0.1016 0.0025 0.1251+

(0.0012) (0.0396) (0.0023) (0.0793) (0.0019) (0.0692)
p_1off (SGD 1 discount) 0.0014 0.0262+ 0.0027 0.0462 0.0025 0.0584+

(0.0009) (0.0150) (0.0018) (0.0292) (0.0017) (0.0306)
p_5off (SGD 5 discount) 0.0037+ 0.0507+ 0.0062+ 0.0874 0.0046 0.0900∗

(0.0019) (0.0297) (0.0037) (0.0581) (0.0028) (0.0450)
p_10off (SGD 10 discount) 0.0016 0.0049 0.0006 −0.0291 0.0022 0.0440

(0.0029) (0.0426) (0.0055) (0.0812) (0.0039) (0.0600)
p_NOCODE 0.0011 0.0131 0.0025 0.0302 0.0020 0.0495

(0.0009) (0.0149) (0.0018) (0.0292) (0.0020) (0.0343)
Observations 15,890,744 15,890,744 7,825,873 7,825,873 7,334,762 7,334,762
Number of customers 260,504 260,504 128,293 128,293 120,242 120,242

Notes. The unit of analysis in this table is the customer-day. See Online Appendix Table A-3 for the exact date windows. Linear regression
models are employed, with customer and calendar date fixed effects and robust standard errors clustered on customer. The omitted (reference)
category for both promotion period effect and postpromotion effect indicators is the “No SMS” group.

∗∗p < 0.01; ∗p < 0.05; +p < 0.1.

5.3. Analysis of Overall Treatment Effects:

Experiment 3
In the first four columns of Table 5, we report lon-
gitudinal analyses for experiment 3 that mimic the
corresponding analyses shown in Table 4 for the first
two experiments. Considering the three charity promo-
tions first, we find no overall treatment effects during
the promotion period (looking at t_1give, t_5give, and
t_10give) irrespective of whether we use Daily Bookings
or Daily Fare as the dependent variable. A very simi-
lar nonfinding holds even when examining the treat-
ment effects for the postpromotion period (looking at
p_1give, p_5give, and p_10give), except for the estimate
for p_5give beingmarginally significant (p � 0.10) when
using Daily Bookings (but not Daily Fare) as the depen-
dent variable.
We now turn to the results for three discount pro-

motions, still focusing on the first four columns of

Table 5. Unlike for charity promotions, we now do con-
sistently find treatment effects during the promotion
period (looking at t_1off, t_5off, and t_10off), irrespec-
tive of whether we use Daily Bookings or Daily Fare as
the dependent variable. However, the treatment effects
for the postpromotion period (looking at p_1off, p_5off,
and p_10off) are weaker: the estimates are statistically
insignificant except for being marginally significant
(p � 0.10) in some cases for p_5off (for Daily Bookings
in both samples and Daily Fare in the “All Customers”
sample) and p_1off (only for Daily Fare in the “All Cus-
tomers” sample).
To generate further insight into the seemingly strong

treatment effects for discount promotions during the
promotion period, we carried out additional analysis
(not reported in the table) using another dependent
variable that only considers nonpromotional bookings.
In this case, the estimates for all three treatment effects
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(t_1give, t_5give, and t_10give) turn negative and signifi-
cant (for the “All Customers” sample as well as “Active
Customers” sample). This is indicative that the over-
all findings for the promotion period are driven just
by promotion take-up itself (which is much greater for
discount promotions than charity promotions), with-
out evidence of a positive effect in terms of increasing
nonpromotional bookings.
In the last two columns of Table 5, we replicate the

above analysis for the “Multi-Promo Customers” sam-
ple. Recall that, within each treatment group for exper-
iment 3, a subset of customers had received a promo
code in an earlier experiment. In the analysis above,
we just calculated average treatment effects for experi-
ment 3 and ignored this distinction,which is acceptable
for research design as the customers receiving a mes-
sage in an earlier experiment are randomly distributed
across conditions. Nevertheless, specifically focusing
on “Multi-Promo Customers” allows us to dig into the
possibility that the treatment effects might be different
for customers receiving more than one promotion.
For interpreting the findings for “Multi-Promo Cus-

tomers,” recall that the treatment groups in this sam-
ple include experiment 3 customers that had already
received a charity promotion SMS in either experi-
ment 1 or 2, while the control group comprises cus-
tomers that did not receive an SMS in any of the three
experiments (see Online Appendix Table A-2). Four
observations are worth making. First, there is still no
evidence of treatment effects for charity promotions
(looking at t_1give, t_5give, and t_10give) during the
promotion period. Second, we again find no treat-
ment effect for charity promotions after the promotion
period as far as Daily Bookings are concerned, though
we now see marginally significant effects (p � 0.10) for
Daily Fare for p_1give and p_10give (but not p_5give).
Third, significant treatment effects for discount promo-
tions during the promotion period still exist (except for
t_1off forDaily Bookings), though there is little evidence
of these effects being any larger than for the corre-
sponding estimates in the full “All Customers” sample
(first two columns). Finally, the treatment effects for the
discount promotions for the postpromotion period for
p_1off and p_5off are again mixed (holding somewhat
for Daily Fare but not at all for Daily Bookings), and for
p_10off once again consistently insignificant across both
columns.
It is worth summarizing the above findings, espe-

cially considering our starting hypotheses related to
charity-linked promotions. As in the prior experi-
ments, there is little evidence to support a view that
charity promotions increase overall demand (Hypoth-
esis 3), or that they are more effective at doing so than
discount promotions (Hypothesis 4). If anything, the
treatment effects appear to be stronger for discount
promotions at least during the promotion period.

In any case, most of even the statistically signifi-
cant effects seem either economically small or short-
lived: there is relatively limited evidence to support
our hypotheses regarding long-term effects of charity-
linked promotions.

6. Discussion and Conclusion
6.1. Summary

Rigorous evidence on selection and treatment effects
associated with philanthropic promotions remains
scarce, especially in the empirical context of online
marketplaces spending large amounts of invested
funds on such promotions. Our research design com-
bines the general benefits of an experimental approach
with the specific benefits of carrying these out as field
experiments in the context of a real firm. By study-
ing charity-linked promotions for varying amounts
and different causes, and also including analogous
discount-based promotions in our experiments, we
have been able to conduct a like-for-like comparison
of take-up rates and longitudinal purchase patterns
across a range of promotions.
Take-up rates for charity-linked promotions were

much smaller than for discount-based promotions of
comparable amounts. Interesting implications arise
from our finding that take-up rates for charity-linked
promotions were also not as sensitive to the exact
amount. For a profit-maximizing firm, this suggests
that the optimal approach—even assuming it makes
sense for it to employ a philanthropic campaign based
on promotions like the ones we examine—might be to
keep the donation amounts small.
Intriguingly, we find little evidence of a boost in

long-term demand from our promotions. As our pro-
motions involved between SGD 1 and SGD 10, this cost
exceeds the flat fee the company earns per booking
(even for the cheapest promotion, and even ignoring
the additional cost of messaging and administration).
Thus, our finding that a promotion does not have any
spillover benefit beyond the promotional booking itself
raises concerns regarding its business case. While the
specific economics might differ across settings (e.g., if
a company earned a percentage rather than a flat fee),
our findings provide a reason to be sceptical about the
“more is better” mindset to promotions often seen in
practice.

6.2. Limitations and Future Research

While carrying out field experiments makes the study
rigorous and realistic, it does face concerns about
external generalizability. Some of such effects might
be firm-specific—e.g., as customers identify with firms
differently or perceive them as being different in
authenticity (Cuypers et al. 2016, Patten 2008, Servaes
and Tamayo 2013). Caution should therefore be exer-
cised in extrapolating across firms that differ in their
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prosocial reputation or positioning (Brown and Dacin
1997, Du et al. 2011, Luo and Bhattacharya 2006). Our
findings may also be specific to the sector or the com-
petitive landscape involved. For example, the nature
of the product—whether it is a basic product versus
one with premium or luxury positioning—is known to
shape such effects (Strahilevitz 1999, Strahilevitz and
Myers 1998). The results might also be unique to our
specific geography, although bringing a data set from
outside of the United States (specifically from Asia) is
also a unique empirical contribution.
Our study focuses just on existing customers, and

promotions sent to new customers might have differ-
ent effects. We can also not rule out the possibility
that framing the messages differently or using other
charitable causes might produce different results. Our
experiments involve messages received and responded
to privately, not allowing for effects that could have
been facilitated by social pressures (Ariely et al. 2009,
Bénabou and Tirole 2006). Further, following Singh
(2005), who examines knowledge diffusion through
geographically localized interpersonal networks, it
would be of interest to use location data on customers
to investigate possible diffusion effects in promotion
take-up.
One reason that the long-term treatment effect for

our charity-linked promotions is generally insignifi-
cant might be that a single SMS promotion is a rela-
tively weak intervention (with low associated take-up
rates).18 Although our results are robust to analyzing a
sample where the treatment involved two SMS promo-
tions instead of one, it is plausible that a larger thresh-
old of repetition is needed for effectiveness. In fact, a
budget used for running a single discount-based pro-
motion just once could suffice for sending a compara-
ble population multiple charity-linked promotions (as
they have lower take-up). It is also likely that some of
the effects differ across customers with different sensi-
tivity to prosocial campaigns (Hainmueller and Hiscox
2012a). Another extension to this study would there-
fore be to ask what kind of targeting might help get
more “bang for the buck” (Acquisti and Varian 2005,
Barone and Roy 2010).
We close with three broader caveats. First, we have

considered only a specific kind of philanthropic cam-
paigns: those involving charity-linked promotions.
Second, we have not considered industry and competi-
tive dynamics, such as market-creation versus market-
stealing effects or promotions and competitor response
(e.g., through promotions of their own). Third, we have
only considered customer-related outcomes, whereas a
business case for social engagement might also involve
mechanisms operating through a more diverse set of
a firm’s stakeholders (Besley and Ghatak 2005, Bode
et al. 2015, Henisz et al. 2014, Muller and Kräussl 2011).

However, we hope that our use of rigorous field exper-
iments to examine issues related to corporate philan-
thropy and CSR will encourage more such research on
these topics in management research.
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Endnotes
1 Identifying effects related specifically to prosocial preferences can
be easier in a laboratory setting. For example, Bartling et al. (2015) use
laboratory experiments to demonstrate a preference among many
participants (assigned to roles as producers or consumers) for avoid-
ing negative social impact, reflected both in the composition of prod-
uct types (i.e., producers accepting higher cost for production to
reduce negative externalities) and in the demand for responsible
products (i.e., consumers accepting a price premium for products
with less externalities).
2 In terms of the impact of charity-linked promotions on business,
what matters is not just how the altruistic customers behave, but
also what fraction of the customers are in reality altruistic. There is
likely to be significant heterogeneity across customers, but the exact
fraction of customers that are altruistic is unknown. An unambigu-
ous theoretical prediction regarding the combined (average) effect
for the entire customer base is thus not feasible. Our hypothesis
development has therefore focused mostly on the relatively altruistic
customers, leaving the question of combined (average) effect as the
empirical issue to be practically examined in our data analysis later
in the paper.
3Customers on this list are likely to have systematically different
preferences, so our results apply to the population of customers not
on this list. However, this is the relevant population for managerial
implications anyway, given that the company can in any case send
marketing promotions only to people not on the list.
4The two causes—one global and another local—were selected after
extensive conversations with the public affairs (CSR) team and the
marketing staff regarding the causes expected to generate the most
local interest. However, formally examining design the of effective
charitable promotions is beyond the scope of our study as it is
a major topic in itself, with illustrative studies being Anik et al.
(2014), Gneezy et al. (2010), Goldstein et al. (2008) and Ryzhov
et al. (2015).
5 In the first two experiments, we observed a few “illegal” uses of a
code by customers not meant to get the code, as the company’s IT
systemwas not yet designed to prevent suchmisuse, so wemanually
excluded these relatively rare observations (21 in experiment 1, 14 in
experiment 2) from our samples for analysis. By experiment 3, the
IT system had been enhanced to simply deny illegitimate use of a
promotion code, so this became a nonissue.
6We could, in principle, have also constructed an analogous sample
of experiment 3 customers that had received a discount promotion
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earlier. However, given the highly noisy data, such a sample is not
statistically meaningful as there were just 8,000 individuals in the
only group (“1off”) that had received a discount promo before exper-
iment 3.
7We use both groups in all of our regressions, using the group not
sent any SMS as the omitted category and using an indicator for the
group sent an SMS without any promotional code. The coefficient
estimate for this indicator is never statistically significant, implying
that the two groups are indistinguishable as far as our analysis is
concerned.
8The only exceptions are just a few customers that entered our
database through a first ride between April 30 and May 22 (the
last date of any new customers entering our database coverage), for
whichwe have daily observations only after they started. All findings
reported here are robust to simply dropping these customers.
9Our conversations with executives of the taxi platform indicated
that marketing campaigns in fast-moving online contexts like theirs
are typically carried out with potential effects to be realized within
a few weeks in mind, leading us to choose two-week (14 days) and
four-week (28 days) postintervention timewindows for our analyses.
Our choices are also similar to thosemade by Lewis and Reiley (2014)
in their study on the impact of online advertising.
10Our taxi fare information is in Singapore dollars or SGD (1 SGD
being about 0.73 USD on average during 2015). The average taxi ride
cost between SGD 16 and 18 across the three experiments, and the
corresponding figure just for people taking up promotions was not
too far off from the population average in each case. All our fare-
related analyses are based on the estimated fare a customer is provided
at the time of booking, based on pick-up and drop-off locations.
The final payment between the passenger and the driver (typically
in cash) is based on the taxi meter and not reported back to the
company. Tipping is not common in Singapore, and tips are small
when they do occur.
11See Hirshleifer et al. (2018) for an empirical demonstration of how
such superstitions can indeed lead to real differences in outcomes
related to decision making in the context of Chinese culture.
12How a promotion is worded could also affect its take-up rate. For
example, experiment 1 text saying “Promo ends 31 May . . .” might
have created a sense of urgency that increased take-up rates. To min-
imize the chance of difference in wording across messages leading to
biases, our analyses rely on relative take-up rates across conditions
where both the text and the promo codes had been standardized as
much as possible (especially in experiments 2 and 3).
13This is also consistent with a finding reported by Madsen and
Rodgers (2015) that, in a cross-sectional comparison of natural dis-
aster relief initiatives across public companies, initiatives that were
more prompt in addressing disaster-created needs received more
stakeholder attention as inferred through greater media coverage.
14The wording “up to 5 SGD” for “5off” and “up to 10 SGD” for
“10off” makes it clear that—in line with similar promotions in the
past—customers do not get “refunded” if their actual fare is smaller
than the maximum discount allowed. In any case, such a scenario
is not frequent: only 1 of the 468 “5off” cases had an estimated fare
below SGD 5 and only 36 of the 311 “10off” cases below SGD 10. And
even for these cases, the gap was typically small.
15For example, another possible reason could be that customers tak-
ing taxis more frequently are richer to start with and hence less sensi-
tive to discounts. Yet another possibility (that a reviewer pointed out)
is that people forget about charity promotions sooner than discount
promotions (a conjecture supported by the fact that 25.3% of charity-
linked redemptions but only 16.2% of discount-based redemptions
in experiment 3 took place on day 1 of the promotion period), which
means charity-linked promotions are redeemed more by customers
making more frequent bookings.

16Tables 3(a) and 3(b) present average statistics for daily passenger
rides in the “pre,” “during,” and “post” periods for “All Customers”
as well as “Active Customers.” Online Appendix Tables A-6a and
A-6b present the same using daily passenger spending (in SGD) as
the dependent variable. In the interest of brevity, we focus just on
regression analysis here.
17Given the low take-up rates for charity promotions, finding an
overall treatment effect is hard if the promotion does not positively
impact people not taking up the promotions. However, recall that
the “difference in differences” summary statistic evidence was weak
even for the take-up customers. Consistent with that analysis, regres-
sion analysis (not reported here) using just the take-up customer
sample also finds the “t_” coefficient estimates to be close to 0.2,
again indicative of the promotional booking itself representing new
demand but not leading to any additional demand in the promo-
tion window. Further, almost all of the “p_” coefficients remained
statistically insignificant in that analysis. In other words, even if the
promotional ride itself does represent new demand, it brings nomul-
tiplier effect in terms of increased nonpromotional bookings even for
the customers taking up a promotion.
18Nevertheless, it is worth noting that our study is not the first to
employ simple single-message interventions: in experiments carried
out in other contexts, single messages of comparable simplicity as
ours have sometimes been found to produce significant effects (Grant
and Hofmann 2011).
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