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Abstract

This paper examines the effectiveness of referral
reward programs (RRP) in sustaining network effects in
digital transportation platforms (DTP). Using data of
119,130 users, the study assesses differences between
referred and non-referred users in terms of revenue,
retention, and engagement. Results show that referred
users spend 5.77% more on average, have 11.66% less
likelihood to defect and refer seven times more than
non-referred users. However, the positive effects of
RRPs do not significantly affect revenue of younger
users and increases risk of defection in older
generations over time. The study recommends firms to
balance the referral and organic word-of-mouth effects
of RRPs as one-size does not fit all.

Keywords: Referral Programs, Network Effects,
Digital Marketing, Digital Platforms, Transportation
Platforms.

1. Introduction

Word-of-mouth (WOM) has long been considered one
of the most effective, yet least understood marketing
strategies. Research has shown that WOM is a
powerful, trust-building, and sustainable way to
influence consumer behavior (Ramaseshan et al.,
2017). However, organic WOM is difficult to steer and
emerges through uncontrollable social dynamics
(Trusov et al., 2009). As a result, many companies
have turned to engineered WOM campaigns, also
known as referral reward programs (RRPS), to
incentivize or encourage current customers (referrers)
to recommend a company or its products to their
family and friends (recipients) (Ramaseshan et al.,
2017).

The emergence of digital platforms has led to new
notions of viral marketing and electronic WOM (Palka
et al., 2009; Thies et al., 2016). Scholars have found
that RRPs are an efficient way to engineer network
effects, which are the core of business success in
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networked industries and platform businesses (Thies et
al.,2018; Cao et al., 2021). These effects lead to unique
business model-specific ‘moats’, such as growth rates
and lock-ins, that often result in the creation of modern
monopolies (Cusumano et al., 2019). One famous
example of rapid platform growth through RRPs is the
file-sharing service Dropbox, who by granting referrers
500 MB of storage per referral, they created a virtuous
cycle that rapidly generated the required installed base
to ignite network effects (Jung et al., 2021).

However, achieving success in the digital platform
space is not without its challenges. Despite being
considered the "holy grail of business on the Internet"
(Zeng, 2015), many platforms struggle or fail to take
off (Van Alstyne & Parker, 2017). In fact, less than
20% of early-stage platforms sustain in the long term
(Cusumano et al., 2019). The main reason for this
failure rate is the absence of network effects (Mclintyre
& Srinivasan, 2017). While successfully leveraging
network effects can lead to rapid growth, being unable
to overcome the chicken-and-egg dilemma or
sustainably getting both sides on board can lead to
failure (Evans, 2003). RRPs have the potential to be
the marketing department’s ‘silver bullet” when the
absence of network effects is imminent (Trusov et al.,
2009).

In transportation, ride-sharing platforms such as Uber
and Lyft are highlighted as successful applicants of
RRPs (Jung et al., 2021). Especially in urban areas, the
increasing density through re-urbanization exceeds the
recent capabilities of urban planning and development
(Bardhi & Eckhardt, 2012). Consequences like air
pollution or traffic jams contribute to the world’s major
problems around climate change, increasing the
pressure on transportation systems in cities worldwide
(El Zarwi et al., 2017). Consequently, governments
aim to increase the sustainability of urban mobility by
releasing the grip on car ownership and promoting
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more sustainable alternatives like public transportation
(PT).

Coined in 2014, so called mobility-as-a-service (MaaS)
platforms emerged, which were often framed as the
new paradigm of door-to-door travel (Kamargianni et
al., 2016). From the user perspective, a MaaS provider
is a digital platform intermediary that bundles several
currently fragmented and isolated mobility offerings in
one seamless interface while suggesting the best route
and mode (Lyons et al., 2019). These services are
mostly designed around PT, the spacious ‘backbone’ of
Maas, enriched by so-called first- and last-mile
offerings (Chu et al., 2021).

Similar to ride-sharing platforms like Uber, Digital
Transport Platforms (DTP) are private products
(defined by low-intensity network effects) in a mass-
market (Kamada & Ory, 2020). The field of PT comes
with the specialty that they are government-related
institutions with the exclusive right to sell tickets
(Mokonyama & Venter, 2013). Thus, as the platform
owner can only operate in a region after acquiring the
right to provide its services (mostly in the form of a
mobile application), resulting in a B2B2C business
model. The B2B2C pattern “refers to firms that,
although directly earning revenue from organizational
customers, manage customer experience (or the
marketing of products and services) to the customers-
customer, and down to the end consumer” (Iankova et
al., 2019, p. 170).

Digital transportation platforms come as a freemium-
like service in a semi- or non-contractual environment
(Ascarza et al., 2018). Today’s DTP operators find
themselves in a competitive sector with partially
unclear and dynamic regulation. This is considered as a
breeding ground for ‘winner-takes-it-all’ (WTA)
dynamics (Khanagha et al., 2022). This, together with
the various opportunities for multi-homing, increases
the competition for customers and, thereby also the
customer acquisition costs. Under these circumstances,
the need for efficient user acquisition strategies
emerges next to the sustainable creation of network
effects. We therefore assess the potential of RRPs as a
tool for user acquisition, retention as well as profit.

This study makes three main contributions. First, it
enriches the scarce literature on PT marketing and
access-based services. Due to the shift in traveler
behavior, Eckhardt et al. (2019) expect a convergence
of these areas.

Second, DTPs are characterized by semi- or non-
contractual instead of a fixed contractual setting as

well as following the always-a-share instead of the
lost-for-good assumption (Ascarza et al. 2018). This,
together with the low entry barriers and various
opportunities for multi-homing further has a significant
influence on the analysis and interpretation of
retention, a central component of customer value
(Meyer-Waarden, 2007). As the switching costs in free
settings are lower, Lee et al. (2019) show that the
monetary referral reward may also be perceived as a
“free trial’. Here, Datta et al. (2015) find that the value
of customers acquired through free samples is
significantly lower compared to others.

Our study shows that RRPs are indeed an attractive
way for engineering network effects, as users coming
through an RRP generate higher revenues, retention
rates, and engagement (number of referrals). These
effects are sustainable, as they are valid in the short
and the long run. To the best of the author’s
knowledge, it further gives one of the first empirical
pieces of evidence on the dynamics of RRPs on high-
vs. low-revenue customers. On this base, this study
suggests ways to optimize RRP research and practice.

This paper proceeds by giving further context for the
hypothesis development and the analysis by outlining
the conceptual foundations proclaimed in extant
literature. After developing the hypotheses in the next
chapter, the empirical setting, the data, and the model
specifications are deduced and tested by robustness
checks. Finally, the results are presented, followed by
the discussion of implications, the limitations, the
conclusion, and the opportunities for further research.

2. Theoretical Background

Ramaseshan et al. (2017) proclaim three streams of
referral reward programs research. The first stream
focuses on the behavioral aspects like the referrer’s
determinants, intentions, and the referral likelihood (e.
0. Ryu & Feick, 2007). The second stream examines
economic variables like effectiveness, reward design,
customer lifetime value (CLV), loyalty, and
profitability (e. g. Kumar et al., 2010; Schmitt et al.,
2011). The third stream focuses on optimizing RRPS in
different contexts (e. g. Jiang et al., 2020). Belo and Li
(2022) divide the extant research into two streams.
First, they also cover the economic stream citing the
research of Schmitt et al. (2011) and Garnefeld et al.
(2013). Second, they emphasize the design stream,
mainly referring to targeting (Hinz et al., 2011), tie
strength (Ryu & Feick, 2007), incentive design (Hong
et al., 2017), message design (Sun et al., 2021), and
viral effects causing social contagion (Aral & Walker,
2011).
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Two understandings of the term ‘customer value’
dominate the discussion. On the one hand, Woodruff
(1997, p. 142) defines it as “a customer’s perceived
preference for and evaluation of those product
attributes, attribute performances, and consequences
arising from use that facilitate (or block) achieving the
customer’s goals and purposes in use situations.” On
the other hand, customer value can be understood as
the measurable value created by the customer to the
firm through various types of monetary and non-
monetary engagement (e. g. Schmitt et al., 2011).
However, Kumar and Reinartz (2016) link these two
perceptions as they claim that firms, especially their
marketers, have to increase the perceived value for the
customers, that in turn increase their engagement with
the firm. While both perspectives are used in this
paper, the firm perspective is more relevant for the
analyses. In line with Woodall (2003), this study
abbreviates the firm-created value for the customer as
VC.

Digital platforms are characterized by a fluent and
often free customer base where a small share of users
makes the most revenue (Lee et al., 2019). Following
this power-law curve, exclusively focusing on
monetary and transactional metrics would lead to a
misallocation of resources (Dellaert, 2019). Au
contraire, free and low-value customers are essential
for long-term success in platform markets, as they
contribute to the initial development of network
effects, may refer the product to potential premium
users, provide data insights, are less likely to choose
competitive products, and enable the monetization of
other platform sides (Lee et al., 2019). As a certain
share of digital platforms follows free or freemium
models, an engagement-focused metric beyond the
financial view must be applied (Verhoef et al., 2010).
Especially in new ventures, engagement metrics are
closely tied to shareholder value (Schulze et al., 2012).
In other words, the purpose of this study can also be
understood as an analysis of how much RRPs
contribute to the perceived VC of DTP users. As RRPs
are an acquisition method, especially in industries with
high competition and low entry barriers, identifying the
value of the acquired users is an integral part of
measuring their effectiveness (Schmitt et al., 2011).
While it seems obvious to choose the metrics around
customer value for a value analysis of the user base,
research on digital products demands a more
differentiated view in networked markets as not only
monetary value is essential (e. g. Dellaert, 2019; Lee et
al., 2019).

3 Hypotheses

Schmitt et al. (2011) propose three mechanisms that
cause a better fit of referral recipients with the firm
compared to other newly acquired customers. The first
mechanism is reciprocity, which refers to the idea that
individuals receiving a benefit feel obliged to return the
favor. The second mechanism is triadic balance, which
refers to the idea that referrers are more likely to
recommend the firm's offerings to people they believe
would consider them relevant. The third mechanism is
homophily, which refers to the idea that the referrer and
the recipient are part of the same affinity group and have
similar characteristics.

The study suggests that these mechanisms drive the
matching process through an active dynamic of
screening and matching or a passive dynamic based on
the presence of shared unobservables. Reciprocity
results in positive engagement effects, but may also
partially reduce the quality of the matches. The core
function of RRPs is to nudge the referrer into making a
referral without heavily considering the incentive. The
triadic balance suggests that referrers are more likely to
recommend the firm's offerings to people they believe
would consider them relevant, resulting in the recipients
being acquired more profitably than the users coming
through other channels. The mechanism of homophily
drives passive matching or matching based on shared
unobservables in a human network.

Schmitt et al. (2011) concludes that these
mechanisms cause informational advantages for the
recipient and also for the firm. The recipient has an
informational advantage about the product as he
previously discussed it with his or her peers.
Simultaneously, the firm has an informational
advantage about the active referrers and their peers,
allowing it to make inferences about the preferences of
this user group. This way, the firm can serve the needs
of the frequent referrers, resulting in the possibility of
higher spending from these referral networks through
tailored solutions.

Supporting the hypothesis of Schmitt et al. (2011),
Gedenk and Neslin (1999) note that the choice
probabilities after receiving a free trial fade over time
after they peaked directly after receiving the incentive.
However, while Lee et al. (2019) study a cloud storage
platform, RRP-acquired users in PT tend to travel in
social constellations with high peer influence (Bapna &
Umyarov, 2015). Therefore, like in the case of Bapna
and Umyarov (2015) studying the influence of social
connections on freemium conversions, referred users
generate a high initial frequency, while the perceived
VC increases immediately ‘for free’ (Bapna &
Umyarov, 2015; Kumar & Reinartz, 2016). In contrast,
users that have been acquired through other channels
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initially act hesitant as they face a high initial
uncertainty and do not necessarily trust firm-sided
communication (Cheng & Liu, 2012). If they are a good
match, they constantly increase the DTP usage while the
perceived VC develops over time (Woodruff, 1997). As
the demand for individual mobility is finite in a specific
timeframe, both groups are likely to converge over time.
We arrive at our first hypothesis:

H1: (a) The average revenue of a customer acquired
through a referral program is higher than that of a
customer acquired through other methods, but (b) this
difference becomes smaller over time.

Social enrichment is the effect that improves the
relationship with the firm when a friend or family
member has an extant relationship with the firm as well
(e. g. by being a customer or employee) (Schmitt et al.,
2011; Van den Bulte et al., 2018). Social enrichment
also has functional benefits for the recipient and the
firm, as the consumer learning process, the evaluation
of pros and cons, and the navigation through problems
without the customer support can happen within the peer
group. Further, social enrichment increases the
engagement and the possibility of overcoming
temporary moments of frustration (VVan den Bulte et al.,
2018). However, as Ryu and Feick (2007) find that peers
are likely to refer less risky products.

Following the assumption of social contagion, if at
least one peer of a social constellation in PT enjoys
using the DTP, it is unlikely that no referral occurs
(Aral, 2011). As long as the perceived customer value
remains, there is no reason to assume that the social
enrichment dynamics erode over time (Kumar &
Reinartz, 2016). Moreover, in the habitual field of
traveling, good matches stay over time, while bad
matches use different offerings (Schmitt et al., 2011). In
conclusion, it can be hypothesized:

H2: The average retention of a customer acquired
through a referral program is higher than that of a
customer acquired through other methods.

lyengar et al. (2011) propose two fundamental
assumptions in RRP and WOM research — social
contagion and opinion leadership. While several
researchers take these effects for granted, others
recommend looking closer into them in study-specific
contexts (lyengar et al., 2011; Van den Bulte &
Stremersch, 2004). The cascade effect of social
contagion, in combination with homophily, implies that
each customer infects other peers of the same affinity
group, which in turn do the same with their peers (Dodds
& Watts, 2004). Thus, this theory can also be considered
as mere exposure theory (Aral, 2011; Dodds & Watts,
2004). Further, especially when the perceived VC is

high, the willingness-to-recommend is increased
(Kumar & Reinartz, 2016). As a result, it is probable that
referred users generate a higher engagement than the
non-referred. Therefore, it is hypothesized:

H3: The engagement of a customer acquired
through a referral program is higher than that of a
customer acquired through other methods.

Figure 1 summarizes the research framework.
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Figure 1: Research Framework — Effects of RRPs in
DTPs

4. Research Setting and Variables

4.1 Dataset

This study uses anonymized data of all 5,092
customers that an emerging DTP acquired through its
referral program between January 2019 and December
2019 and a sample of 114,038 customers the DTP
acquired through other methods over the same period.
All observations are individual users, as it is
impossible to take someone else along on the own
account. The data on each customer include the day of
account creation, the last active day, the revenue in
each year, the days traveled in each year, the
community where the most travel activity happened,
the birth year, and the activity status.

The observation period spans from January 2019 to
December 2021 (36 months). A person is churned
when it has not been active for at least 84 days before
December 31, 2021, which reflects the internal churn
window of the DTP. Further variables have been
calculated based on this data. The year of the
acquisition (2019) was not unusual, however, the
following years 2020 and 2021 have been affected by
the Covid-19 pandemic, which harshly decreased the
demand for PT. Thus, as 2019 was characterized with
no Covid-19, 2020 with heavy restrictions, and 2021
with medium restrictions and partially domestic
‘revenge travel’, an individual’s behavior varied in
every of the three years (Wang & Xia, 2021).

The referral reward is prosocial, monetary, and equal-

split, compensating one journey of the referrer and the
recipient (Jung et al., 2021). The reward is paid by the
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PTA and tied to the condition of the recipient’s first
journey to avoid fraud. The reward design remained
unchanged during the observation period.

4.2 Dependent Variables

The average monthly revenue (AMR) is the customer’s
total revenue in the observation period, divided by the
number of months since the account was created.
Retention is measured by the artifact of duration. This
is the number of days the user was with the DTP with
the possibility of being censored at the end of the
observation period (Reinartz & Kumar, 2003).

The engagement is measured by the number of
referrals (Kumar & Reinartz, 2016), being the number
of successfully referred users between account creation
and the end of the observation period.

4.3. Independent and Control Variables

The main independent variable is the referral program,
which translates to a binary indicator of 1 for being a
recipient and O for being acquired through other
channels. The analysis is controlled for five tariff
communities in three different countries. These include
the anonymized communities CALl and CA2 in Austria,
CG1 and CG2 in Germany, as well as a nationwide
view of Switzerland. Controlling for the national
market of Switzerland compared to the other
communities is crucial, as wage and price levels tend
to be higher. As scholars note age-specific acceptance
gaps in PT and the sharing economy, it is additionally
controlled for the non-linear effect of age in the form
of age group dummies (Kumar et al., 2018). For the
hypotheses H2 and H3, a dummy variable for whales
(i.e users with very high-spending) is added.

4.4 Model Specifications

In light of the distribution of AMR, a model
incorporating continuous, positive, and right-skewed
data is needed to estimate the difference in revenue
between referred and non-referred users. Datasets of
this kind are typically approached by fitting a gamma
GLM or a log-scale OLS model (Das & Park, 2012).
Given the assumption that the distribution of the log-
transformed dependent variable is not heavy-tailed,
there are only minor differences between the two
approaches. Thus, this study follows Schmitt et al.
(2011) by choosing an OLS model, which is log-
transformed.

To compute the effects of AMR over time, this study
follows the fixed-effects specification. The fixed-
effects model is preferred over a random-effects

approach, as the Hausman test produced a value below
0.001. These models are built on data formatted as
panel while usually integrating fixed object- and/or
time-specific effects (M. A. Petersen, 2009).

Within H2, the difference in retention between referred
and non-referred users is tested. Following Schmitt et
al. (2011) we also use the Cox proportional hazards
model.

To test H3, a model for count data is needed. As the
variable of number of referrals in this study is
overdispersed a negative binominal regression is
preferred over OLS, Poisson, or ordinary count models
(Hilbe, 2011).

5. Results

5.1. Descriptive Statistics

Table 1 shows the samples’ summary statistics of all
noteworthy variables. The correlation matrix was
omitted for brevity.

Table 1: Descriptive Statistics

Variable Mean SD Min Max
Referral .004 .20 0 1
Revenue 16.5 22.8 .29 128.3
Retention 558.6 383.6 1 1154
Engagement .06 33 0 10
Age 46 16.5 7 98
Whale .20 40 0 1

Figure 2 plots the AMR in the years of the observation
period, excluding zero values. The effects of the
Covid-19 pandemic become immediately evident
within the figure by the steep decline in AMR across
both groups in 2020 followed by an increase in 2021.
Still, the pattern of is encouraging, as the revenue
generated by the referred users is higher, while the
erosion after the first year exceeds the erosion of non-
referred users.

30

2

E:

Average Monthly Revenue in Euro

2019 200 2021
Year

Figure 2: AMR per Year
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5.2. Econometric Evidence

The three models that are used to assess our hypotheses
are shown in a condensed form in table 2. Full tables
are available from the authors.

DV and Model1 Model 2 Model 3
Model: OLS / Revenue COX/ NB /
Retention Engagement
(@ (b)
Controls

Location Dumies: Included for all models

Reg. Date Monthly Dummies: Included for all models

Age Included for all models

Main Effects

Referral .006** -1.24** 1.95**
(0/1)

Ref. * Time .003**

Whale (0/1) T3**
Constant 1.20%*  1.20** - -2.19%*
N 119130

Standard errors are omitted for brevity. * p < .01, ** p <.001

As predicted in H1a, the customers acquired through
referral programs spend more than the non-referred
customers. Due to zero marginal costs, the referred
customers are 12.66 % more profitable (Mann-
Whitney-U test < .001).! After controlling for the
month of acquisition, the most frequent community,
and the age group, this difference is reduced to 5.77 %
on average (Table 5, Model 2). With a mean AMR of
16.50 €, this results in a difference of about 0.95 € per
month and 11.40 € per year. Hypothetically
extrapolated on the whole user base, the difference is
promising for early-stage companies on their way to
profitability. Looking at the covariates, the higher DTP
acceptance of the younger compared to the experienced
generations can be approved. Especially the users
between 20 and 29 seem to produce comparably high
margins. The effects of expensive travel modes and the
fundamentally higher wage and price level in
Switzerland becomes evident.

H1b predicts an eroding difference between the two
user groups over time. Surprisingly, the results show a
different result than expected. Only including users
that were active in all three years, the interaction term

between the RRP and the cumulative number of
months since registration is significantly positive. The
difference in AMR increases by 0.3 % on average
every additional month. Under consideration of the
year-specific effects of 2020 and 2021, Figure 4
underlines the direction of H1b. This finding must be
interpreted considering the external shocks resulting
from the Covid-19 pandemic.

The difference in retention has been tested using the
Cox proportional hazards model. After integrating the
stratified control variables, the hazard ratio of the RRP
variable is 0.88, as the referred users are now 11.66 %
less likely to defect (Table 2, Model 2).

The probability being a non-churned customer after 35
months lies at about 36 % for the referred and 33 % for
the non-referred customers. This churn rate is
relatively low compared to other industries (e. g.
Schmitt et al., 2011). Being ‘at risk’ indicates
customers that neither churned nor have been censored
at time t. However, this difference is reasonable as it is
probable that once satisfied, the habitual dynamics of
transportation tend to inhibit large scale modal shifts
(Garcia-Sierra et al., 2015). The probability of being a
non-churning customer after 35 months of a referred
whale lies above 50 %, while it is at around 30 % for
the non-referred user with a low-spending pattern.

The model for overdispersed count data of referrals
was fitted under the NB assumption (Model 3). As
predicted in H3, the previous exposure to the RRP
positively influences the own referral behavior. Under
the assumption that all other covariates are kept at
zero, the number of referrals of referred users is about
6 times higher than that of the non-referred.
Therefore, the hypothesis and a social contagion-like
dynamic can be supported (lyengar et al., 2011). The
referral behavior strongly differs across communities.
This may be reasoned with different promotional
activities of the local PTAs. Moreover, in line with the
opinion leadership assumption of lyengar et al. (2011)
the cluster of whales generates roughly twice the
engagement compared to non-whales. In this study,
20.68 % of the referred users made a referral. This
value should be used as a benchmark in future studies.

6. Discussion

The findings of this paper are noteworthy, as the
efficient application of institutionalized WOM was
almost impossible in PT until digital platforms were
introduced. To the best of the authors’ knowledge, this
study is the first to measure the resulting effects on
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customer value in the forms of revenue, retention, and
engagement. This way, this study establishes the base
for DTPs and other firms striving for an optimized
resource allocation in electronic markets with WTA
dynamics.

In short, referred users are more valuable as they spend
more, are less likely to defect, and are engaged to a
higher extent. Moreover, the results of this study
emphasize that the difference in user spending even
increases over time. It further becomes evident that
whale users generate a higher retention and
engagement. Young generations have the highest AMR
and number of referrals while simultaneously being the
group with the high risk of defection. Especially
considering the monetary dimension, it must be
mentioned that the results are conservative, as the
differential acquisition costs are not integrated. It can
be assumed that the initial investment of 3 € resulting
in a yearly advantage of about 11.40 €, is one of the
most profitable acquisition methods. This is especially
relevant for the increasing customer acquisition costs
in competitive environments with low differentiation
possibilities. Further, RRPs not only cause a significant
revenue differential but also a significant difference in
active days. These results strongly support the
implementation of RRPs, while there is no available
information on the cannibalization of organic WOM.
Also, the retention differential within the experienced
generations tends to diminish slightly over time. Both
developments do not seem to negatively influence the
overall success of an RRP implementation. Still, they
should be addressed in future research. The findings do
not only vary across the age groups and the spending
behavior but also the different communities. As these
communities are all German-speaking it is unlikely that
cultural differences are the main reason for the
program’s different acceptance. These findings must be
interpreted knowing that this analysis includes a heavy
external shock through the Covid-19 pandemic.

6.1 Implications for Theory

To the best of the authors’ knowledge, this paper is the
first to introduce the engagement component to the
customer value discussion in RRP research. To avoid a
misallocation of resources, they should also develop
the presence of engagement-based metrics within the
economic RRP stream. Especially the information on
the linked referral recipient would be a piece of
valuable information opening the door for relevant
insights.

Further, earlier studies were mainly conducted in
contractual and lost-for-good settings. This paper
advocates for a more concrete assessment of the
differentiation of contracts proposed by Fader et al.

(2006) when researching the effects of RRPs. This
does not only affect economic RRP research but also
the research on digital platforms and RRPs in general.
Thereby, this paper addresses a blind spot of the extant
RRP research on economic effects. That some of the
fundamental theories proclaimed by Schmitt et al.
(2011) do not always hold in different settings has also
been shown by Armelini et al. (2015) as well as
Wolters and Gedenk (2019). Thus, this study extends
prior research by assessing the viability of the theory-
result fit in a new context and by integrating relevant
theories from the adjacent freemium and free trial
streams. By emphasizing the relevance of the
perceived VC (Reinartz & Kumar, 2016), a
differentiated view on homophily and peer influence
(Bapna & Umyarov, 2015), as well as the dynamics
around conspicuous consumption of green products
(Garcia-Sierra et al., 2015), new theories are provided
for future discussions in economic RRP research.
Moreover, this paper extends the research on B2B2C
and RRPs in B2B2C companies by combining the
fundamental characteristics of the platform itself with
the dynamics of the underlying service. Also, scholars
like Venkatesan and Kumar (2004) support the claim
of integrating the industry context. Finally, the research
on freemium should always distinguish between their
whale and non-whale or their free and paying users. As
the behaviors and attitudes often differ, the researcher
can derive essential insights for practitioners.

6.2 Implications for Practice

This paper assumes that PTAs rely on the offers of
DTPs as they want to increase the satisfaction with and
overall demand for PT. With Gijsenberg and Verhoef’s
(2019) initially mentioned PT marketing paradox of a
decreasing satisfaction with an increasing ridership,
this is likely to be a complex challenge for PTAs.
Thus, they should not only rely on their own ‘micro-
cosmos’ but also influence policy makers to invest in
the infrastructure when they are willing to increase
both demand and satisfaction (Gijsenberg & Verhoef,
2019). However, resulting from the overall findings,
this paper generally recommends the implementation
of RRPs for platforms trying to engineer network
effects efficiently. The findings are relevant for DTPs
and other firms operating in always-a-share, semi- or
non-contractual, and B2B2C structures. Even though
the results of this study are positive, they do not imply
that a rollout following the scattergun approach
without further considerations guarantees success. The
deployment of an RRP should always aim at an
increased perceived VC. Haenlein and Libai (2017)
split their implications into design, measurement, and
further (competition and target market) decisions. This

Page 4371



study also finds the most relevant implications in these
areas. Fundamentally, practitioners should be aware
that it is not necessarily the program itself bringing the
beneficial attributes but also the underlying effects
mentioned earlier. Further, it has been shown that the
effects of RRPs across earlier studies differ. Thus, in
line with Bapna and Umyarov (2015) every firm needs
to understand each effect’s intensity in their case to
efficiently engineer and seed their network effects
RRPs.

6.3 Limitations and Further Research

This paper faces limitations that simultaneously pave
the way for further research. First, due to the year-
based aggregation of the dataset, a more granular view
on user behavior, and the reliable calculation of the
final CLV and CRV metrics was impossible. Thus,
further research may use a transaction-level dataset to
apply probabilistic methods optimized for continuous
non-contractual settings. When a churn window is
defined, it is almost inevitable to cause a certain degree
of modeling bias (Perisic¢ et al., 2022). Exemplary, the
churn window chosen in this paper incentivizes
recency. A variation of the churn window and the
‘punishment’ of inactivity during the observation
period may change the results.

Second, the selected data was affected by a crisis,
inhibiting findings’ generalizability. Thus, further
studies are invited to use a dataset when the underlying
transportation service operates ‘normally’. This
concerns the core findings, but especially the
‘surprising’ findings of the insignificant effect of RRPs
on revenue within younger generations, and the higher
risk of defection over time of experienced generations.
Also, a certain degree of cultural bias is present as the
fundamental supply, demand, and regulation of PT, but
also the dynamics of WOM and RRPs vary around the
globe (Schumann et al., 2020).

Third, as this paper worked with observational data, it
did not include the individual drivers. Together with
the behavioral interdependences of the referrer and the
recipient, these drivers would be an essential insight
for DTP practice and research. Generally, applying
horizontal scoping of the fundamental phenomena in a
research stream benefits the robustness of the theories
developed in the generalized research stream and the
respective industry (de Reuver et al., 2018). Further,
this study did not have the opportunity to exclude
effects caused by the underlying PT dynamics. This
includes the local external factor, the captivity of users,
the provider’s service quality, and the promotional
activities. The absence of calculating these effects
complicates the direct effect of RRPs and, thereby, the
overall quality assessment of these programs.

Finally, this study only focuses on successful referrals.
This comes with the limitation that all missed referral
attempts are ignored when analyzing social contagion.
For a more mature RRP research in transportation, the
failed referral attempts should also be considered. The
missed potential of social contagion would help
steering the dynamic program development. Thus, it is
important to know why people refer or accept a referral
in DTPs, and how these reasons differ between whales
and minnows, as well as between ownership- and
access-based users.
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