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Abstract

With the advancement of technology, many innovations, like Electric Vehicles (EV)
and contactless payment, are co-dependent. The diffusion of co-dependent innovation requires
joint usage from more than one adopting group to enable functionality. For instance, EV
owners will not drive their EVs unless they know that there are charging stations along their
trips. Contactless payers will not pay with a “waving” or “tapping” of their contactless-enabled
cards at the checkout unless they know that merchants accept this payment method.

Prior literature terms innovations that are compatible and can be used together as
complementary innovations, and those adopted in sequence as contingent innovations
(Peterson & Mahajan, 1978). Researchers build models of such innovations based on multi-
product growth models or the hardware-software paradigm relying on the operation of the
network effects (Bayus, 1987; Bucklin & Sengupta, 1993b; Stremersch et al., 2007). However,
these terminologies fail to accurately describe co-dependent innovations, which require uptake
by more than one adopting group and will only function with simultaneous use. When there are
two distinct adopting groups, the market in which the innovation diffuses is a two-sided
market. There is co-dependency between the adopting groups, and thus, between the diffusion
path of each innovation. As the diffusion of these co-dependent innovations is yet to be
modelled, the current study aims to fill this gap.

Using eight years of transaction-based data on a novel payment innovation in a
developed western economy, we conceptualise co-dependent diffusion of innovation and
examine its properties with three empirical studies. Results from Study 1 (presented in Chapter
2) demonstrate that prior models, including the multi-product Bass model, the model of
indirect network effects, and the influx-outflow model proposed for a competitive two-sided
market, fail to adequately depict the co-dependent diffusion of innovation. Building on
findings from Study 1, Study 2 (presented in Chapter 3) shows that the Bass model with churn
rates could be a promising candidate for modelling the co-dependent diffusion of innovation.
In the payment innovation context, the churn rate represents the user dropout as a percentage
of the current user base. Results reveal that merchants exhibit a higher churn rate than
consumers, and the churn rates vary by industry. Simulated churn rates show opposite impacts
on the innovation effect and the imitation effect in the diffusion process, where managerial
implications can be drawn on tailoring strategies to different adopting groups based on the
churn rates aiming to fuel the diffusion. Study 2 also highlights the potential of using churn
rates as the proxy for the feedback effects between the adopting groups.



As the interaction effect between the adopting groups is established in Study 2, Study 3
(presented in Chapter 4) applies the Vector Error Correction Model (VECM) to account for
consumer and merchant usage simultaneously. In the short term, consumer usage increases as a
result of the variation in merchants’ usage. The positive response of consumers remains
significant in the long run. On the contrary, merchants exhibit decreasing response to the
variation in consumers’ usage; thus, only the immediate response is strong and significant in
the short run. It is worth noting that, unlike the impact of marketing mix factors on sales that
will die down over time, the variation of usage in one adopting group at the early stage of the
diffusion could permanently lift the usage of the other group. This provides the first robust
insights into the empirical patterns of co-dependency during the diffusion of innovation in two-
sided markets and demonstrates how other such markets can be studied in the future. Managers
can stimulate usage on one side of the market in the early stage of the innovation growth to
leverage the interaction effect between the two sides. As emerged from the current work, an
early push of usage on the merchant side may drive the co-dependent diffusion of the

innovation in the long run.
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Chapter 1 Introduction

1.1 Background

1.1.1 Growth of Payment Innovation

Data from the Organization for Economic Cooperation and Development (OECD)
shows that innovation investment is an increasingly growing expenditure, rising from 2.02% in
1991 to 2.68% in 2020 as a percentage of the gross domestic production (GDP) across all
OECD countries (OECD, 2022). According to the OECD report, the dollar value of the
investment in innovation reached 1.5 trillion US dollars in 2020 for OECD countries. Israel
tops R&D spending as a percentage of GDP, with 5.44% of GDP spent on science and
research, followed by Korea and Chinese Taipei. Dollar-wise, the US leads in annual R&D
investment with 664 billion US dollars, and China closely follows with 553 billion US dollars
per year. Given the financial resources and efforts invested in innovation, there is a parallel
requirement of understanding how innovation diffuses. This knowledge requirement drives the
ongoing research efforts into the diffusion of innovation over the last decades.
One key area of innovation is contactless payment methods, which have proliferated since the
2000s, disrupting consumers’ default repertoire of payment methods. Payment innovation has
a long history. While the invention of notes and cheques prominently improved the portability
of money and made transactions easier, the introduction of magnetic-stripe card payments (i.e.,
payment made by debit cards, credit cards and stored value cards) initiated a giant leap in
efficiency and security in the transaction process. High value transactions can now be made
with a light-weight plastic card, with approval subject to the input of a PIN. People who used
to pay with cash, cheques or credit/debit cards for retail purchases continue to be offered with
new payment methods, including mobile payment, QR code payment and contactless card
payment (i.e., Visa ‘PayWave’, Mastercard ‘PayPass’). Meanwhile, not all payment innovation
becomes automatically successful. Credit card payment was introduced to the studied country
in late 1970s (Chandran et al., 2005) but still took roughly 40 years to surpass debit cards in
terms of transaction value (data sourced from the statistical bureau of the studied country).
Stored-value cards or prepaid cards, modelled on credit card usage, but requiring a deposit in
advance, were also introduced but have not been widely distributed. Contactless payment
methods therefore cannot be assumed to be automatically successful, and a further barrier
complicates its diffusion, namely the requirement of joint usage from consumers and
merchants. Merchants may refuse to accept a certain card type if few consumers prefer to use it

and the surcharge of the card type is high. Consumers may not use a certain card type if they
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do not hold one (i.e., not being granted a credit card) or they think the card usage cases are
limited (i.e., the single purpose stored-value cards). Nonetheless by the end of 2020,
contactless payment methods had achieved 31.55% of total transactions at the checkout in the
studied country.

Forecasts of the growing adoption of payment innovations have been detailed in the
“Driving the Future of Payments 10 Mega Trends” issued by Accenture in 2017 (Accenture,
2017). Based on a survey with 1,000 respondents from the United States and 500 from Canada,
a PwC report shows that 64% of consumers plan to use mobile wallets in 2020, up from 46%
in 2017, with a 39% rise in the user base (PwC, 2021). At the end of 2020, US and Canada
witnessed cashless transaction volume amounting to 180 billion in total (PwC, 2021).

Apart from the surging popularity of payment innovation in western countries, Asian
countries such as China also have gained momentum in payment innovation uptake in the last
decade. According to a report by Ipsos and Tencent Research Institute in 2017, the transaction
volume of contactless payment (i.e., mobile payment) in China increased from 3 billion in
2013 to nearly 100 billion transactions in 2016, a 30 times increase over three years (Tencent
et al., 2017). The rapid growth of contactless payment transformed China from a cash-reliant
economy to a payment innovation leader fuelled by efficient and safe payment options. Based
on data of the active users of WeChat Pay and Alipay, 80% Chinese people are equipped with
at least one type of contactless payment device, bringing the total number of monthly active
users of WeChat Pay to 1.08 billion and the annual active users of Alipay to 700 million.

The global public health crisis triggered by COVID-19 accelerated the changing
landscape of the retail payment market, with a boost to contactless payment method uptake and
usage due to consumers’ hygiene concerns. Mobile payment options and contactless-function-
enabled cards are recommended ways of paying during the pandemic as those methods help
reduce physical contact at checkout. Relying on the 2020 data, PwC reports that the volume of
cashless transactions is expected to double worldwide from 2020 to 2030 due to broader

acceptance of card and mobile payments (PwC, 2021).
1.1.2 Studies in Payment Method Area

Two-sided nature of the payment market

The payment market is a typical two-sided market in which facilitators enable
interactions between end-users to get the two (or multiple) sides “on board” (Rochet & Tirole,
2006). Any factor that assists usage on either side contributes to the prosperity of the whole

market. Evans & Schmalensee (2005) use an excellent metaphor in their book to describe the
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two-sidedness of the payment market, “Just as you cannot dance the tango without a partner, a
payment card needs both consumers and merchants”. This means, in the debit/credit card
payment scenarios, consumers who want to pay with a debit/credit card at the checkout need
the merchant to accept the debit/credit card payment to complete the transactions. In cases of
mobile payment, QR code, and contactless card payment powered by the Near Field
Communication (NFC) technology, if consumers choose to pay with either of those novel
payment methods, merchants should have the corresponding reader to accept the payment.

In the two-sided market literature, one stream of research addresses the network
externalities, also termed as the network effect (Rochet & Tirole, 2002). Defined in Katz and
Shapiro (1985, 1986), network externalities specify that the utilities derived from the
consumption of the goods or services increase with the number of other agents consuming the
same or compatible goods or services. For stand-alone innovation, the network effects may
result from direct usage and is thus called a direct network effect; for compatible innovations,
the impact can arise from indirect synergetic usage and is thus called an indirect network
effect. In the two-sided market context, this indirect network effect is also called cross-group
network externality (Rochet & Tirole, 2006), which is believed to be key to the growth of the
two-sided markets (Armstrong, 2006).

A handful of studies examine the driving forces of the cross-group network
externalities in the payment market context between merchants and consumers. Lee et al.
(2019) discuss the network effect of merchant acceptance and consumer adoption of mobile
payment services. The study constructs an integrated model accounting for the drivers of
consumer adoption and of merchant adoption. Results confirm the existence of cross-group
network externalities and suggest that the payment network providers strive to maximise these
externalities to enhance payment innovation adoption in the market. In a similar vein, Rysman
(2007) finds that after controlling for the impact of merchant acceptance on consumer usage of
a particular card payment method, characteristics of consumers such as age, income, education,
and household sizes exert no impact on that card payment method usage. Ryman’s conclusion
supports the argument that the payment market is two-sided with cross-group network
externalities, and the magnitude of the externalities plays a significant role in determining the
usage outcome.

The development of the payment market is another focus of payment market literature.
High costs and not being user-friendly are critical barriers to the growth of the mobile payment
market in 2006 (Ondrus & Pigneur, 2006). Through the lens of third-party payment innovation
in general, Yao et al. (2018) adopt a value-added approach to evaluate the benefits of payment
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innovation to the economy. Their results show that payment innovation has a positive, long-
term stable correlation with the value creation capability of the traditional financial industry.
Martikainen et al. (2015) find that the cross-country dispersion of retail payment innovation is
declining with time. The preference for payment innovation across EU countries has been
shown to be similar for traditional payment methods, such as cash and credit cards. Payment
method loyalty is found useful in explaining the common preference for certain payment
methods (Wright, 2002). However, the common preference is yet to be proved for new
payment innovations, such as e-money.

Payment Method Adoption

The theory of diffusion of innovation (DOI) proposed by Rogers (1983) is seminal in
understanding how innovation is communicated through certain channels over time among
members of the adopting group(s). Rogers’s theory offers five innovation characteristics as
critical determinants of the rate of adoption of innovation, including 1) relative advantage, 2)
compatibility, 3) complexity, 4) trialability, and 5) observability. Empirical studies on payment
method adoption draw from DOI and customise to fit the specific context. Mallat (2007) is
among the early papers that built on DOI to investigate the determinants of mobile payment
adoption and finds the relative advantage of mobile payment as a strong predictor of
consumers’ intention to adopt. Johnson et al. (2018) corroborate the effect of relative
advantage on the intention to use mobile payment with 270 valid responses from an online
survey.

The Technology Acceptance Model (TAM) proposed in Davis (1989) is one of the
most widely used models in payment adoption studies (e.g., Leong et al., 2013; Li¢bana-
Cabanillas et al., 2014; Plouffe et al., 2001). The model proposes a parsimonious modelling
form with two predictors of the intention to adopt: perceived ease of use and perceived
usefulness. These two factors have been extensively examined and confirmed as critical factors
in the payment innovation adoption (De Luna et al., 2018; Kalinic et al., 2019; C. Kim et al.,
2010; Leong et al., 2013). Perceived ease of use tends to impact perceived usefulness and
attitudes towards usage. In contrast, perceived usefulness affects attitudes, which further
influences the intention to adopt based on the Theory of Planned Behaviour (TPB) (Ajzen,
1991).

Massive research builds on the framework of TAM with additional factors. On top of
the determinants constructed within TAM, security and social environmental impacts are also
found influential. Factors that are security-related include perceived security, perceived risk,

and trust. The level of trust and the trust-building process determine online credit card usage
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and mobile payment adoption (Kim et al., 2010; Shao et al., 2019; Shu & Cheng, 2012). Singh
& Sinha (2020) find small but significant effect of perceived trust on the merchants’
acceptance of mobile wallets. In addition, social image and subjective norms affect the
intention to adopt, citing the social environment as the source of influence (Leong et al. 2013;
Liébana-Cabanillas et al. 2014). As paying at the checkout of a retail store or a café place is
visible to both adopters and non-adopters nearby, people may reflect on whether to adopt or
disadopt upon witnessing others’ decisions.

Another extensively used model is the Unified Theory of Acceptance and Use of
Technology (UTAUT), proposed by Venkatesh et al. (2003). This model builds on eight
prominent theories and models in the technology adoption literature by combining and refining
key factors from prior knowledge. The model specifies four core determinants, including
performance expectancy, effort expectancy, social influence and facilitating conditions, and
four demographic factors serving as the moderators of intention to adopt. The UTAUT has
received popularity in recent payment adoption research, mainly due to the improved
explanatory power associated with the increased number of predictors (e.g., Khalilzadeh et al.,
2017; Slade et al., 2015). Another benefit of UTAUT lies in the linkage between the pre-
adoption expectation to the post-adoption evaluation through the expectancy of performance
and effort. An extension of UTAUT, namely UTAUT?2, is proposed in Venkatesh, Thong, and
Xu (2012), which further incorporates price value, hedonic motivation and habit into the
model. This framework serves as the basis for a selection of work in the payment area,
including Oliveira et al. (2016), Koenig-Lewis et al. (2015) and Hussain et al. (2019).
Although the UTAUT and UTAUT?2 frameworks incorporate more factors to explain adoption,
the key influential factors, i.e., the security-related factors and social-related factors, under
these two do not differ much from the studies based on TAM (Khalilzadeh et al., 2017,
Oliveira et al., 2016; Shin, 2009). Therefore, the accumulative adoption work is collectively
criticised for lack of theoretical advancement (Dahlberg et al., 2015).

Apart from adoption driven by free-will, forced adoption, frequently found in the
organizational adoption context has been studied by Ram & Jung (1991). A typical example of
force adoption can be found in the organizational adoption of technology system, where
individuals are required to adopt the system, usually within a short period of notification, to
comply with organizational requirement of compatibility. Ram & Jung (1991) find that
individuals tend to resist the innovation if forced to adopt, while the resistance can be
attenuated if organizations offer a trial of the innovation and the if communication mechanisms

are in place for individual feedback. In the context of payment innovation, we deem that as
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consumers and merchants in general circumstances are free to choose their payment method,
and normally there is more than one way of paying to choose from, force adoption is rare.
Merchants who want to realise sales at the checkout usually offer multiple acceptable payment
methods to enhance payment compatibility.

In the domain of service innovation, postadoption usage and disadoption is critical in
determining the profitability and popularity of the services in the long run, especially for those
services charged on the continuance usage basis (Libai et al., 2009; Kumar & Reinartz 2018) .
A handful of research examines determinants of services disadoption, finding ease of use and
experience as prominent drivers (Prins et al. 2009; Shih & Venkatesh 2004).

On top of the massive efforts paid to understanding the drivers of payment innovation
adoption, studies also investigate why the usage of certain novel payment methods fails to
meet expectations. The main inhibitors identified include lack of trust, high perceived risk,
surging costs, and lack of compatibility market-wide (Humbani & Wiese, 2019; Johnson et al.,
2018; Sharma et al., 2018). For new technologies, such as cryptocurrency payment, the lack of
consumer demand tends to be the main barrier (Jonker, 2019).

Payment Methods and Consumer Spending

Payment methods are found to be associated with consumer spending. Studies report a
relationship between spending escalation and the chosen payment method for the purchase
(i.e., Feinberg, 1986; Hirschman, 1979; Raghubir & Srivastava, 2008). Hirschman (1979) is a
pioneering piece that examines the relationship between consumer spending and the payment
methods consumers utilise. The author identifies an association between the payment method
of choice and the spending amount as well as frequency. People paying with a card tend to
spend more and spend more frequently than people with cash, and people with multiple cards
tend to spend more than those with one card. Feinberg (1986) conditions the experiment
participants with the image of a credit card and shows that merely thinking that the purchase
can be paid with credit cards will entice people to spend more. Although this finding is
challenged in studies such as Shimp & Moody (2000) and Liu & Dewitte (2021), where the
attempts to replicate the findings all failed, the idea of associating credit card payment with
increased spending is still widely acknowledged. Soman & Cheema (2002) show that
increasing the credit limit, a unique feature associated with credit payment, increases spending,
as the credit limit offers an additional source of funds to spend. Thomas et al. (2011) conclude
that credit cards, compared with cash, curb fewer impulsive purchases, and thus lead to higher

basket values.
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As payment formats evolve from traditional paper-based to card-based and then
mobile-based, studies attempt to draw a connection between different payment formats and
consumers’ spending outcomes. Extending the knowledge of card payment on spending
escalation, researchers study the mobile payment and mobile wallets in a similar way as they
did with cards and cash, and conclude that mobile payment methods contribute to greater
willingness to pay and larger size of basket values (Falk et al., 2016; Liu & Dewitte, 2021).
Results attribute the increased willingness to pay to both the payment formats and the
decoupling of paying from the purchasing process.

A stream of research relies on the notion of pain of paying to explain the relationship
between the payment methods in use and consumer spending. Pain of paying, proposed in
Zellermayer (1997), describes the displeasure experienced by consumers when they make the
payment for their purchases. A lower level of pain of paying tends to result in greater
consumer spending (Prelec & Loewenstein, 1998). Different payment methods are compared
based on the transparency of wealth depletion and memory cues on spending to determine the
corresponding levels of pain associated with paying (Soman, 2001). Cash payment
transparently shows the depletion of wealth, making people clearly aware of the money being
spent and thus incurring strong pain of paying. Card payment, in contrast, deducts money from
the account balance, making the wealth depletion less noticeable and thus less transparent, less
pain of paying. In addition, researchers find that when people pay with cards, they are less
likely to recall the exact amount of their spending as the memorial cues are weaker than with
cash (Raghubir & Srivastava, 2008, 2009; Soman, 2003; Soman & Cheema, 2002). Therefore,
a transparent payment method with a memorial cue incurs strong pain of paying, and
consequently curbs the willingness to spend. Results show cash to be the most transparent
payment instrument, followed by cheques and various card payments, and mobile payment
comes last (Falk et al., 2016; Soman, 2003). By controlling cash-on-hand, Runnemark et al.
(2015) compare the willingness to purchase identical products among people who pay with
debit cards and cash. Debit card payment is found associated with higher willingness to
purchase than cash due to the lower level of transparency, given similarity between the two
methods in terms of immediate depletion of wealth.

When examining the effect of payment method choices on consumer spending
behaviour, studies tend to assume that the payment method of interest, such as the mobile
wallet, has been widely adopted (Kumar et al., 2019). However, this assumption needs to be
evaluated before being taken for granted. Research about the impact of payment methods on

spending behaviours fails to have a solid root before the diffusion is well understood, lest the
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growth of adoption confounding the measurement of consumer spending for that payment
method. For new payment methods, whether the market will widely adopt the specific way of
paying ought to be modelled and forecasted first. Then comes the evaluation of the impact of
the adoption and usage on consumer behaviour.

In sum, prior knowledge of payment method innovation focuses on three main areas:
the two-sidedness of payment market, the various drivers of payment innovation adoption and
the effect of payment method choice on consumer spending behaviour. It remains unknown
how the payment method innovation diffuses in the retailing context and what is the effective
modelling approach to describe the diffusion of innovation of this type. One close attempt is
Antonides, Bas Amesz, and Hulscher (1999), which utilises transaction data of ATMs and
banker's cards across ten countries between 1978 to 1996 to describe the diffusion of ATM and
banker’s cards. However, no effort was made to depict how different adopting groups of
payment innovation interact with each other along the innovation diffusion process. The

current thesis aims to fill this gap.

1.2 Thesis Key Concepts and Definitions

Payment innovation involves a two-sided market where the successful adoption and use
of the innovation requires joint efforts from both the consumer and merchant sides. Whenever
consumers want to utilise the innovation to pay, merchants need to accept the chosen method
to enable the transaction. Unlike most diffusion research focusing on the consumer market, the
diffusion of payment innovation demands to focus on two adopting groups in a two-sided
market. Based on the literature survey, knowledge regarding how innovation diffuses in a two-
sided market is scant. Therefore, in the following section, we first present the introduction of
contactless payment coming after the emergence of debit and credit cards. Then we present the
definition of a new type of innovation — co-dependent innovation — that describes the

contactless payment method innovation.

1.2.1 Contactless Payment Methods

Smart Card Alliance (2003) defines contactless payment as the ability to perform a
non-cash payment transaction without a physical connection between the consumer payment
device and the physical point of sale (POS) terminal. This definition identifies two critical
parts that jointly enable the contactless payment innovation: the consumer payment device and
the merchant POS terminal. The current study includes contactless-enabled cards and mobile
devices with Near Field Communication (NFC) function as the consumer payment devices,

and contactless-enabled POS terminals as the terminal of interest. A contactless payment
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transaction is completed when the consumer and merchant who each possesses the contactless
version of the device and decides to use it at the checkout. A card payer will not automatically
become a contactless payer unless s/he knowingly chooses to use this feature with the enabled
card. The same applies to a merchant who runs one or more POS terminals and chooses to
accept payment by contactless cards. Therefore, usage decision needs to come from both
enabling parties and the decision of consumers to use appears to be conditioned on merchants’

decision to use, and vice versa.

1.2.2 Co-dependent diffusion of Innovation

Drawn from Rogers’s idea of technology cluster, we define co-dependent innovation as
two or more innovations (components) with each requiring the presence of the other to enable
the innovation to function. Payment method innovations such as contactless payment methods
fall into this category, as their functioning requires joint uptake of contactless payment devices
by consumers and contactless-enabled terminals by merchants. Other pairs of innovations,
such as electronic vehicles and charging stations, whose functionality requires uptake from
different adopting groups, can also be considered as co-dependent innovations. In the seminal
work of Rogers (2003), the author proposed the idea of technology clusters to depict one or
more distinguishable but closely interrelated elements of technology as one cluster.
Technology clusters will enhance the rate of adoption of innovations that form parts of the
cluster (Shih & Venkatesh, 2004). To be specific, Peterson & Mahajan (1978) classify four
types of innovation in this context: 1) independent innovation, 2) contingent innovation, 3)
complementary innovation, and 4) substitute innovation, based on the relationship between
two innovations. The idea of co-dependency may sound similar to the idea of complementary,
as complementarity depicts two innovations that are compatible and can be used together, such
as the computer and internet, the microwave oven and microwave meals. However, the co-
dependency we introduce here features the paired innovations with the necessity to be used in
combination to gain utility. This co-dependency goes beyond simple compatibility and shall be
studied separately.

We also define co-dependent adopting groups as two or more groups that each requires
the adoption by the other to enable innovation usage. The definition does not necessarily
indicate that the adopters have fixed roles during the diffusion of co-dependent innovation but
suggest that to enable the functioning of the innovation, adopters shall be classified explicitly

into two or more groups.
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Building on those two definitions, the idea of co-dependent diffusion flows out
naturally. The co-dependent diffusion of innovation describes the growth of co-dependent
innovation as the result of the joint uptake by the co-dependent adopting groups. The paired
innovations adopted solely by consumers, such as game consoles and game titles, CDs and CD

players, are thus not fit for the co-dependent definition.
1.3 Problem Statement and Contribution

1.3.1 Problem Statement

The current thesis aims to understand how co-dependent innovation diffuses in a two-
sided market. Empirically, the work examines the diffusion of contactless payment innovation
in the retailing context. Novel payment methods fit the definition of co-dependent innovation,
and the payment market is a typical two-sided market that accommodates two adopting groups
(Rysman, 2007). Therefore, a study of the diffusion of the contactless payment innovation
could bridge the gap between prior knowledge of drivers of payment innovation adoption and
the aggregate pattern of payment method diffusion. The study also provides a steppingstone for
future studies in the area of co-dependent innovation diffusion in other non-payment contexts.
Given the disruptive nature of new co-dependent technologies, a better understanding of the
diffusion of co-dependent innovations is urgently needed.

We state the overarching question of the thesis as being to examine:
e How does co-dependent innovation diffuse in a two-sided market, and what modelling
approach can be used to explain the co-dependent diffusion pattern?

To answer this question, we first introduce the idea of co-dependent innovation and the
co-dependent diffusion of innovation. The terminology has been briefly included in the 1.2
Thesis Key Concepts and Definition section and will be covered in depth in the following
chapters.

Specific research questions in the thesis are listed as follows, all of which will be
addressed in the three studies presented in the subsequent chapters.

RQ1: What mechanism(s) underlying the interrelated or platform-based innovations
can be used to explain the co-dependent diffusion of payment method innovation? Do existing
models perform adequately in the context of co-dependent diffusion?

RQ2: Can the Bass model proposed for service innovation be used to depict the co-
dependent service innovation? If yes, what can be used to explain the interaction between

adopting groups?
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RQ3: How does the co-dependency between the adopting groups impact the co-
dependent diffusion over time?
1.3.2 Contributions

This thesis makes theoretical and managerial contributions to the marketing literature
with a focus on the diffusion of innovation. First, the thesis contributes to payment literature
by modelling the diffusion of payment innovation with quantitative time series purchase data.
As most of the extant payment literature focuses on testing the drivers of the willingness to
adopt (i.e., De Kerviler, Demoulin, and Zidda 2016; Kim, Mirusmonov, and Lee 2010;
Oliveira et al. 2016), the current work pioneers in applying econometric modelling with
transaction data to understand the diffusion of payment method innovation. The modelling
framework attempts to account for the co-dependency between the distinct adopting groups
along the diffusion paths. The output depicts the co-dependent diffusion at market level over
time instead of merely suggesting the intention to adopt from both sides.

Second, the thesis contributes to the service literature by testing the effect of churn in
the context of co-dependent service diffusion. Apart from Libai, Muller, and Peres (2009), the
diffusion literature rarely taps into the service industry and thus falls short in advancing the
knowledge for new business modes such as sharing economy and emerging innovation types
such as co-dependent innovation (Peres et al., 2010). The increased availability of service data
facilitates more research efforts in this area. Utilising the payment data that accounts for
consumer and merchant usage separately, the current work proposes the churn rates as the
proxy for the co-dependency between adopting groups and shows how churn rates differ by
industries for merchants.

The third contribution lies in the conceptual and methodological development of
studying co-dependent diffusion of innovation. The current research is dedicated to the co-
dependent type of innovation, a promising category expecting to proliferate in the digitalised
economy. With the mounting number of innovations that require joint efforts from more than
one adopting group for the innovation to thrive, it is critical for researchers to clearly define
the innovation type and study the diffusion pattern with a dedicated modelling approach. For
instance, by identifying two adopting groups, research on co-dependent innovation shall
exclude the cases of video game consoles and game titles, as the ultimate adopters of the
complementary consoles and games are down to consumers only. Future studies on electronic

vehicles and digital currencies can draw from the knowledge developed in the co-dependent
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innovation domain, given the shared characteristics and facilitating requirements of those
innovations.

In addition to the theoretical advancement, the empirical results presented in the work
add substantive evidence to the area of co-dependent diffusion. Results demonstrate the
importance of accounting for the churn rates in the co-dependent service innovation diffusion
and show divergent churn rates for each adopting group in the diffusion process. Neglecting
the churn rates can lead to underestimated growth potential for the innovation for each group.
Furthermore, results based on the co-dependent time series modelling provide guidance to
service operators regarding whom to target first at different stages of diffusion. Prior research
mainly considers only one side of the market and thus fails to describe the complete picture of
diffusion and accounts for the interaction between the adopting groups. By examining both
sides of the market in a co-dependent innovation scenario, our findings cover the interaction
between the adopting groups and depict the temporal lead-and-lag effect regarding the
diffusion outcome, filling the missing piece of the puzzle that is previously understudied.

1.4 Structure of the Thesis

This thesis strives to answer the proposed research questions with three independent
studies in the following chapters. We leverage a rich transaction data set that contains 70% of
the point-of-sale transactions for all digitalised payment methods in a retailing context in a
developed western economy. The data will be applied to all three studies with tailored
manipulation. Chapter 2 (i.e., study 1) is a replication study that aims to test whether extant
models and mechanisms can be used to explain the co-dependent diffusion of innovation.
Specifically, in this chapter, we review the relevant research streams in the literature and select
three typical pieces of modelling work that can be good candidates for depicting the diffusion
of payment innovation. We adopt the differentiated replication approach to reproduce the
results of established models with our payment transaction data. Chapter 3 (i.e., study 2) builds
on the replication output and further explores how payment diffusion can be modelled from
both the consumer and the merchant sides under the diffusion of service innovation
framework. Literature shows that the diffusion of innovation among the merchant group has
been largely understudied. Therefore, our second study emphasises the merchant side diffusion
and compares merchant diffusion patterns across multiple industries to fill the knowledge. The
third study is presented in Chapter 4. Building on the limitations identified from replication

studies and the Bass modelling approach, we pursue a time-series modelling approach — Vector
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Error Correction Model (VECM) — to account for the interaction between the adopting groups
and to depict the lead-and-lag effect between the two groups in the co-dependent diffusion.
We present the conclusion in Chapter 5, with theoretical and managerial implications
derived from the three studies. We then discuss potential limitations of the research, which
echo the potential venues for future study in diffusion of co-dependent innovation. The current
thesis also demonstrates the research process from the known to the unknown, from the
established models and methodologies to the newly built modelling framework in the

promising area of study.
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Chapter 2: Modelling the Uptake of New Payment Methods

Abstract

Choosing a way to pay is integral to consumers’ shopping experience. Studies have examined
how consumer characteristics affect this choice and how different payment methods shape
consumer behaviours, e.g., credit cards offering credit that stimulates consumer spending.
However, the proliferation of new online and contactless payment methods presents new
challenges to understanding payment choices. One challenge lies in the diffusion of such
payment methods, as they require the joint uptake of different components of the system by
consumers and merchants, respectively. Those components are complementary and co-
dependent. Little work has been done in this area. However, there are relevant studies in other
industries, such as Bucklin and Sengupta's (1993b) analysis of co-diffusion effects for retail
scanners and Universal Packaging Code (UPC), Stremersch et al.'s (2007) analysis of indirect
network effects for consumer electronics and associated titles or programs, and Hinz et al.'s
(2020) analysis of network effects for online platforms accounting for customer acquisition
and dropout. As the generalizability of these prior studies to the context of payment methods is
unknown, we conduct a differentiated replication using eight years of transaction data from a
developed western economy. Results show that 1) Bucklin and Sengupta (1993b)’s Bass model
approach explains payment method diffusion within each adopting group but fails to explain
the interaction between the adopting groups, 2) the asymmetric indirect network effects
proposed in Stremersch et al. (2007) present symmetrically in the payment context, and 3)
Hinz et al.'s (2020) accounting for customer acquisition and dropout continues to be relevant,
but their single lag model structure fails to account for the dynamics presented in payment
innovation diffusion. While these findings demonstrate limited generalizability of past work on
modelling payment method diffusion, they do point to fruitful directions for future research in
this area; for example, to investigate the effect of generalizing the Bass model approach to
include customer dropout, and to expand the analysis of co-dependency to include multiple

periods of asymmetric lags.
Keywords:

Payment innovation, diffusion of innovation, co-dependent diffusion of innovation, two-sided

market, replication study
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2.1 Introduction

Shopping trips are usually concluded with transactions enabled by a particular payment
method, making the chosen way of paying an integral part of the retail experience (Bell &
Lattin, 1998). Although consumers may not be aware of the critical role of payment methods
in nudging their purchasing behaviour, researchers in the payment area have spent
considerable effort in examining how consumer purchases are impacted by the choice of
payment methods (i.e., Feinberg, 1986; Greenacre & Akbar, 2019; Hafalir & Loewenstein,
2011; Prelec & Simester, 2001; Shah et al., 2016; Siemens, 2007; Thomas et al., 2011). For
instance, Kumar et al. (2019) explore the impact of add-on features of mobile wallets on retail
customer engagement, assuming mobile wallets are widely adopted by consumers. This
assumption of sufficient diffusion of a certain payment innovation is shared among the
payment studies, where the successful diffusion is typically assumed rather than modelled. The
question of how payment innovation diffuses over time as the result of the changing
behaviours of the adopting groups has not been explicitly answered.

Diffusion of payment innovation relies on two adopting groups (consumers and
merchants), each adopting a separate component to jointly enable the usage of the innovation.
We term this type of innovation as co-dependent innovation, with two or more innovations
(components) requiring the presence of the other to function. Diffusion is then the result of the
joint uptake of the innovations or components of the system by two or more co-dependent
adopting groups. For example, a payment method innovation in the retailing context usually
constitutes a payment device adopted by consumers and a payment receiver adopted by
merchants. Therefore, payment method innovation fits the concept of co-dependent innovation,
and so do other emerging innovations, such as electronic vehicles and charging stations. A key
aspect of co-dependency is that utilities obtained by one adopting group will depend on the
depth of diffusion among the other adopting group. This creates key uncertainties — which
group acts first, and how does uptake rachet up between the co-dependent groups?

Peterson and Mahajan (1978) categorise two or more products based on the relationship
between them into independent, contingent, complementary and substitute products. Co-
dependency is clearly not consistent with independent or substitute products. Being contingent
implies the adoption of one product precedes that of the other, which is not the case with
payment methods, as there is no specification of cards being adopted earlier than terminals or
the other way around. Co-dependency may resemble complementarity, in which two

innovations are compatible and can be used together, such as the computer and internet,

26



wireless voice and data device (Dewan et al., 2010; Niculescu & Whang, 2012). However,
unlike complementarity, co-dependency features innovations that need to be used in
combination by two adopting groups simultaneously to gain any utility. This goes beyond
simple compatibility and thus calls for additional research, as none of the prior classifications
incorporates the necessity of being both complementary, i.e., can be used together, and
symmetrically contingent, i.e., must be used at the same time.

Despite the importance of understanding payment innovation diffusion as an example
of co-dependent innovation, knowledge in the area is scarce. Few studies model how payment
innovation diffuses among adopting groups, with the exception of Antonides, Bas Amesz, and
Hulscher (1999), who model the diffusion of ATM usage and banker’s cards in European
countries. Building on the linearised Bass model (Bass, 1969), the authors conclude that the
diffusion of the four payment systems under study is mainly driven by the internal influence,
such as social learning. The work models the general adoption outcome, without differentiating
consumers’ adoption from merchants’ adoption. To our best knowledge, no prior work models
payment innovation diffusion accounting for co-dependency — that is with explicit
consideration of the distinct adopting groups and the interaction between them. As an initial
approach to this problem, we identify mechanisms from other contexts with potential to
describe co-dependent diffusion and undertake a differentiated replication to assess the
generalisability of these mechanisms to the context of payment data. The objective is to
determine whether the mechanisms proposed in prior work can adequately describe how
payment innovation diffuses as the result of the interaction between the adopting groups. Key
questions are:

e What mechanism(s) underlying the interrelated or platform-based innovations can be
used to explain the co-dependent diffusion of payment method innovation?
e Do existing models perform adequately in the context of co-dependent diffusion?

Given the limited discussion of diffusion of payment method innovation in the payment
literature, we resort to literature of complementary innovation, new product growth in the
hardware-software paradigm as well as the growth of two-sided markets for relevant examples
that can shed light on the modelling of payment method diffusion. Specifically, diffusion of
complementary innovation is relevant due to the obvious overlap of complementary and co-
dependent innovation. We draw on the network effects identified in the hardware-software
dyads as well as the platform-based markets, given that the diffusion involves more than one

party. Based on the literature and its connection to our research questions, we select three
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replication targets — Bucklin & Sengupta (1993b) who studied the diffusion of complementary
innovation, Stremersch et al. (2007) who examine the hardware-software paradigm, and Hinz
et al. (2020) who examined a two-sided market.

Results show that our differentiated replication efforts fail to fully replicate the findings
of all three studies. The Bass model approach adopted in Bucklin and Sengupta (1993b)
succeeds in explaining the diffusion of single innovation within one adopting group. Still, it
fails to explain the interaction between adopting groups when co-dependent innovation is
involved. Stremersch and his colleagues conclude that the two-way indirect network effects are
rare in the consumer market, while we confirm the symmetric two-way network effects in the
co-dependent innovation diffusion. Although accounting for influx and outflow for service
innovation is theoretically sound, our replication fails to corroborate the generalizability of the
influx-outflow model proposed in Hinz et al. (2020) with payment data, as our results only
echo two out of the eight proposed relationships. A summary of the replication results is

presented as follows.

"Replication  Replication Modelling ~ Tested Relationship/Mechanisms in ~ Original ~ Replication
of Conclusion Framework Original Studies Studies
Bucklin and  Partially Multi-product Bass model for independent diffusion N N
Sengupta replicated ~ Bass model One-way co-diffusion effects \/ X
(1993b) Two-way co-diffusion effects \j X
Stremersch ~ Partially Time-series based Hardware installed base stimulates v v
etal. (2007) replicated  system of software availability
equations Software availability stimulates X +

hardware sales

Hinz et al. Partially Symmetric single  Same-side network effects on influx v X
(2020) replicated  lag structure of Same-side network effects on outflow \/ v
system of Cross-side network effects on influx N \/
equations Cross-side network effects on outflow N X

Table 1 Summary of Replication Results

In the following sections, we review the literature on payment methods and unveil the
gap in the knowledge that we aim to fill via the replication attempts. Then we describe the
study framework and introduce the data set employed, followed by details of each of the three
differentiated replication studies. We conclude each replication with a short discussion on the
key findings, emphasizing what is adaptable and what needs improvement. Theoretical and

empirical implications, limitations and future research directions are provided at the end.
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2.2 Literature Review

2.2.1 Payment Market

The payment market is a typical two-sided market, defined as a market in which one or
several platforms enables interactions between end-users and tries to get the two (or multiple)
sides “on-board” with dedicated activities on each side (Rochet & Tirole, 2006). As a result,
any factor that can assist either side with usage could contribute to the prosperity of the whole
market. Evans & Schmalensee (2005) use an excellent metaphor in their book to describe the
two-sidedness of the payment market, “Just as you cannot dance the tango without a partner, a
payment card needs both consumers and merchants”. Hence, in a two-sided payment market,
merchants’ acceptance of a particular payment method encourages consumers’ usage of this
method and vice versa. This interactive relationship between merchants and consumers, later
being expanded into a multi-sided payment ecosystem, attracts considerable research attention.

One prominent stream of research in the payment market literature addresses the
network externalities, also called the network effect (Rochet & Tirole, 2002). The notion of
network externalities, proposed by Katz & Shapiro (1985;1986), describes the utilities derived
by one group of users from consuming a network-based product or service being dependent on
the number of other users in the same network or cluster. Therefore, in the context of a
payment market, the utilities derived from utilising a novel payment method depend on both
the number of consumers who are willing to pay with the method and the number of merchants
who are willing to accept the same method.

Rochet and Tirole (2006) expand the idea of network externalities into cross-group
network externality, usage externality and membership externality and discuss each type in
details. A cross-group network externality indicates that the number of users on one side
positively affecting the number of users on the other side (Rochet and Tirole 2006). In the
realm of payment methods, several studies examine the driving forces of the cross-group
network externalities between merchants and consumers. Lee, Ryu and Lee (2019) examine
the network effect of merchants’ and consumers’ intention to use mobile payment services
with survey data. Their results confirm the interactive effect between the two sides and imply
that network providers should notice and strive to maximise the network effect to enhance
emerging payment adoption in the market. On the consumer side, results show that merchant
acceptance directly impacts consumers’ attitude towards mobile payment service and further
impacts consumers’ intention to use mobile payment. An indirect network effect, defined as

the synergetic effect derived beyond the usage of the service under study to include additional
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complimentary services as well, is confirmed to have a positive impact on consumers’
perceived usefulness of mobile payment services. On the merchant side, the direct effect of
consumer adoption, together with other factors such as brand value and perceived ease of use
contributes to the merchants’ intention to accept the payment innovation. In summary, a two-
way influence has been established in the study, confirming the existence of cross-group
network externalities. Rysman (2007) identifies a positive feedback loop between consumer
usage and merchant acceptance of a particular card payment method, supporting the argument
that the payment market is two-sided with the presence of cross-group network externalities.
The author finds that consumers concentrate on their chosen payment method and prefer to
have a repertoire of payment alternatives merely as backups. Results also show that after
controlling the effect of merchant acceptance on consumer usage of the card payment,
characteristics of consumers such as age, income, education and household size exert no
impact on the payment method usage.

2.2.2 Payment Adoption

Payment method literature shows considerable research efforts in understanding factors
that drive payment innovation adoption, covering card payment adoption since 1990s and
mobile payment as well as Near Field Communication (NFC) payment since 2010s (Antonides
et al., 1999; Arango et al., 2015; Ching & Hayashi, 2010; Kim et al., 2010; Oliveira et al.,
2016; Qi & Yang, 2003; Stavins, 2018). This stream of payment adoption builds extensively
on theoretical frameworks such as Diffusion of Innovation (Rogers, 2003), the Technology
Acceptance Model (Davis, 1989) and its extension (Venkatesh & Davis, 2000), and the
Unified Theory of Acceptance and Use of Technology (Venkatesh et al., 2003) and its
extensions (Venkatesh et al., 2012). Common drivers for adoption of payment innovation,
including contactless-enabled card payment and mobile wallets, include perceived ease of use,
trust, security, and social influence (e.g., De Kerviler et al., 2016; Leong et al., 2013; Oliveira
et al., 2016; Plouffe et al., 2001; Shin, 2009).

Perceived ease of use refers to the degree to which the prospective users expect the
technology to be free of effort (Davis et al., 1989) and is further argued to be the precedence of
the perceived usefulness (Davis, 1989). Given the casual influence of perceived ease of use on
perceived usefulness, this factor is seen as fundamental in technology adoption. Moreover,
studies find trust to be a key driver of potential adoption, given that trust helps the adopting
individuals overcome or at least attenuate uncertainties of the innovation (Corritore et al.,

2003). Another factor that is closely related to trust is security. Consumers’ security concerns
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in payment innovation are mainly directed towards the personal information stored within the
payment instrument, which could enable money transfer without payer’s verification (Sharma
et al., 2018). Social influence reflects adopters’ impact on non-adopters’ uptake of the
innovation, and this influence can occur either through word-of-mouth recommendation or
through visibility, as it is visible to people around the payer when a certain payment method is
used at the checkout.

Although considerable in volume, existing payment adoption literature concentrates on
the determinants testing for the likelihood to adopt based on the framework of established
theories mentioned above. Context-specific factors are examined for their impacts on adoption,
and those factors come from either the features of the innovation or the characteristics of the
adopting groups (Kim et al., 2010; Liébana-Cabanillas et al., 2014). The timing of adoption
and the aggregate level of adoption over time, namely the diffusion of the innovation, have not
been systematically studied. Moreover, most adopting studies focus solely on one adopting
group, even though multiple social systems are involved in the diffusion process. In the
payment innovation context, although diffusion requires the joint adoption effort of both
consumers and merchants, researchers appear to pay overwhelming attention to the consumer
side only. Exceptions include Au & Kauffman (2008) and Plouffe et al. (2001), as the former
propose a holistic framework to examine the economic gains and losses for consumers and
merchants along the diffusion of mobile payment in the market, and the latter conclude that the
bottom line is critical for merchants when considering payment innovation uptake.

In sum, prior research on payment methods principally examined context-specific
factors on consumers’ likelihood of adoption for payment methods and used the payment
market as an application of two-sided market. To our best knowledge, there is little research
examining the diffusion of payment innovation in a retailing context that considers the uptake
by both merchants and consumers, the interplay between the two groups, and the diffusion path

of the innovation over time. This study aims to fill this gap.
2.3 Overview of Study Framework
2.3.1 Brief on Differentiated Replication

As limited diffusion modelling work is found in the payment method literature, we
expand the search for modelling candidates to related areas with product/services similar to co-
dependent innovation or the context of two-sided markets. Tying back to the current study, the

focus is laid on whether the models used in the prior relevant work will also show
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generalizability for accommodating secondary data from the payment industry, determined
through attempts to replicate the mechanisms.

Uncles & Kwok (2013) summarise three forms of replication, including exact
replication attempts to repeat the study with the same data and close replication to allow slight
deviation. Those two forms can be considered strict tests of the power of the original work.
Uncles & Kwok (2013) highlight a third form of replication — differentiated replication —
which tests the existing knowledge in new conditions. As science is about demonstrating
empirical generalizability, differentiated replication serves this purpose well by testing the
boundary of existing knowledge with new data and scenarios (Hubbard et al., 1998). Given the
scarce knowledge about modelling the diffusion of co-dependent innovations such as payment
methods, the current study adopts differentiated replication to test the generalizability of
mechanisms used in other contexts to payment innovation diffusion.

Three pieces of modelling work emerge as the best candidates for differentiation
replication. Bucklin and Sengupta (1993b) examine the diffusion of complementary innovation
within two adopting groups. The authors term the interaction between the demand of the
innovation as the co-diffusion effect and model this effect under the framework of the Bass
model with a focus on the multiple-product growth mechanism (Peterson and Mahajan 1978).
As the payment innovation shares the commonality of complementary innovation adopted by
two distinct groups, we include the mechanism (i.e., co-diffusion effect) proposed in Bucklin
and Sengupta (1993b) work as one of the candidates for explaining the co-dependent diffusion.

The second candidate is the time-series model built for indirect network effects in
Stremersch et al. (2007). The original definition of network externalities, interchangeably
called network effects, describes the increased utilities derived by users upon the increased
number of other users in the same network (Katz & Shapiro, 1985). In empirical studies,
however, sales, shipments, or the number of subscriptions can be used as the proxy for the
outcome of network externalities, as consumer utilities or benefits can be too subjective to
quantify. In a similar vein, Stremersch et al. (2007) assume that the software availability and
hardware sales could represent consumers’ utility gain from the adoption and are comfortable
that both measurements incur no subjective judgment. The authors utilise a system of
equations to answer whether there are feedback effects between the hardware demand and the
software supply, which innovation kicks off the growth first, and whether the other follows. In
the payment context, if the model works as expected, it will provide valuable knowledge about
the temporal pattern of the co-dependent innovation growth, and thus inform payment network

providers about whom to target first to stimulate diffusion. Although ample studies have been
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theorizing the network effects, either direct or indirect (Katz & Shapiro, 1986, 1994),
Stremersch et al. (2007) pioneer in testing the existence of indirect network effects with data
from nine industries from the innovation introduction stage. Therefore, fitting the payment data
into the proposed time-series model will help our understanding of whether the model can be
used to describe the diffusion of payment innovation and shed light on the role of network
effects in the co-dependent diffusion of innovation.

The third modelling candidate is Hinz et al. (2020) drawn from the literature regarding
two-sided markets. The mechanism proposed in Hinz et al. (2020) focuses on the same-side
and the cross-side network effects and tries to disentangle the impact of influx and outflow
users on the user-base growth on both sides of the market. The authors assume that only
existing users of the platform-based market can spread the word-of-mouth about the market.
By distinguishing the influx and outflow of users, rather than measuring the net users increase,
the model proves to have better explanatory power than models that do not distinguish new
adopters and dropouts. As the payment market is a typically two-sided market catering to both
merchant users and consumer users, we deem the mechanism proposed for understanding a
two-sided market could be applicable in our scenario. As with studies on network effects, the
amount of theoretical work on two-sided markets exceeds the number of empirical studies,
making the present study a valuable contribution of substantive evidence in the field. The

following table summarises the key features of the replicated studies.

“Study  Study Context ~ Typeof  KeyDecision  Direction of Modelling outcome
underlying Maker Effect
mechanism
Bucklin and  Business to Co-diffusion effect Retailers and Positive Manufacturer and
Sengupta business context manufacturers retailer demand
(1993b)
Stremersch ~ Consumer Indirect network Consumers Positive but ~ Hardware demand,
etal. (2007) electronics effect small in and software
categories magnitude availability
Hinz et al. Online auction Direct and indirect ~Buyers and Positive and ~ Buyer and seller
(2020) platform network effects sellers negative demand
Current Payment Direct and indirect Consumers and  Positive and ~ Merchant and
study acceptance and network effects merchants negative consumer demand
usage

Table 2 Summary of Replicated Studies
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2.3.2 General Data Description

Our data provider, who wishes to stay anonymous, operates the payment network that
handles around 70% of electronic transactions in a developed western country. Payments made
at the in-store point of sale (POS) terminals and through the internet (i.e., online payment) are
recorded by the provider’s system. In the current study, we examine the contactless payment
innovation, which is limited to the chip cards that utilise Near Field Communication (NFC)
technology to pay at the in-store POS. Contactless payment methods enable payers to pay for
purchases under a certain spending limit with merely a tap between the cards and the POS
terminals. This novel way of paying was first introduced to the studied country in late 2011
and reached the one-million transaction milestone at the end of 2013. Therefore, to study the
diffusion of contactless payment innovation, we extract the transaction data with information
on individual card IDs and merchant terminal IDs between years 2012-2020, covering the
introduction and take-off periods of the innovation. Data prior to 2012 is excluded due to the
change of configuration in the provider’s system. To avoid the compounding impact of
COVID-19 starting in the second quarter of 2020, we discard all data after March 2020.
The data is obtained at the monthly level for the replication of Hinz et al. (2020). The diffusion
of cards is determined by the count of distinct card IDs in contactless transactions each month,
and the diffusion of terminals by the distinct terminal IDs. Card IDs used in the current month
that were not used in the past three months are considered as card influx and a similar
approach for the terminal influx. Note that the original work by Hinz et al. (2020) uses weekly
data for four years (i.e., data points = 209). However, we are constrained by the database
structure (i.e., the storage of transaction data is segmented by month) and thus obtain monthly
data for 8 years instead. Originally, four-month data and annual data were used in Bucklin and
Sengupta (1993b) and Stremersch et al. (2007) respectively. To achieve reasonable
comparability, we construct the count data for card IDs and terminal IDs in each quarter for the

replicating effort. Details of the data summary are included in Table 3 and Table 4 as follows.

Variable Min Mean Max Correlation with ~ Variable Description
Cumulative
Card Diffusion
Cumulative card 742 2,127,615 4,802,464 1 Active contactless card users
diffusion in the current quarter
Cumulative terminal 26 25,548 54,362 0.9961 Active contactless terminal
diffusion users in the current quarter
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Incremental terminal 0 1,658 4,701 0.1898 Incremental number of
usage contactless terminal users in

the current quarter

Table 3 Quarterly Data Summary, number of observations = 33

Variable Min Mean Max Variable description

Card usage 189 270,369 612,679 New contactless card users in the current month
influx compared with the users in the last three months
Card usage 0 226,509 610,550 Contactless card dropouts in the current month
outflow compared with the user base in the last three months
Card usage 189 1,472,045 3,428,438 Active contactless card users in the current month
Terminal usage 0 1371 3764 New contactless terminal users in the current month
influx compared with the users in the last three months
Terminal usage 0 880 3595 Contactless terminal dropouts in the current month
outflow compared with the user base in the last three months
Terminal usage 19 22,534 48,635 Active contactless terminal users in the current month

Table 4 Monthly Data Summary, number of observations = 99

In the following section, we briefly introduce the background, methodology, and model
output of each replicated study. A brief discussion concludes each study with comment on
whether a full replication is achieved and where lies the discrepancy. The general modelling
framework and the mechanism at work are the key focuses. Results of the replication aim to
answer the research question regarding the adequacy of existing approaches in modelling the

diffusion of co-dependent innovation.
2.4 Replicated work 1 — Bucklin and Sengupta (1993b)

2.4.1 Overview

Rooted in the classic Bass modelling framework and closely following the multi-
product growth model proposed by Peterson and Mahajan (1978), Bucklin and Sengupta
(1993b) model the co-diffusion process of complementary innovation in a business-to-business
context. The authors define the co-diffusion process as the positive interaction between the
demands for complementary innovations that have separate adoption tracks. A positive
feedback effect identified between the retailers’ demand for scanners and manufacturers’
demand for Universal Package Code (UPC) supports this conceptualisation. Bucklin and
Sengupta (1993b) is the only work emerging from our literature survey that explicitly models
the diffusion of two innovations adopted by two distinct adopting groups. Among vast research

outputs in the diffusion of innovation, we are not aware of any other work that explicitly

35



examines the innovation diffused co-dependently in a market with different adopting groups.
Although the Bucklin and Sengupta (1993b) work is carried out in the business-to-business
setting, we are keen to test whether the same mechanism can be used to explain the diffusion
within business users (merchant adopting group) and consumer users.

2.4.2 Data and Methodology

This section summarises the methodology employed in Bucklin and Sengupta (1993b)
with any adaption implemented in the present replication. One principle of conducting
replication with a new data set is that the new data should be of the same or higher quality than
the original one (Block & Kuckertz, 2018). The current work meets this requirement. Bucklin
and Sengupta (1993) use monthly data on 1) Purchases of the right to use UPC by
manufacturers, and 2) Scanners sold to retailers aggregated on a four-month basis. After this
wrangling, the study ended up with 39 data points covering 12 years from 1973 to 1985. Our
quarterly data also consists of adoption and use information for both merchant and consumer
groups, from 2012 to March 2020, with a total of 33 data points, roughly matching the data
granularity of the original study.

The proposed model in Bucklin and Sengupta (1993b) is based on a system of
equations in the form of linearised Bass model. In addition to parameters that originate from
the classic Bass model, accounting for the innovation effect and imitation effect, the authors
propose a co-diffusion effect represented by the parameter of the interacting term of the
scanner diffusion and UPC diffusion. The linearised Bass model is first applied to the scanner
diffusion and UPC diffusion separately, assuming no interacting effect. The results confirm
that the data fits the Bass model and therefore the individual model can serve as the baseline
for the proposed models with co-diffusion effects. The authors then construct three sets of
systems that consist of two one-way effects models (i.e., Scanner - UPC, UPC - Scanner)

and a two-way effects model that allows for simultaneous reciprocal interaction.

Retailers Scanner Adoption

Manufacturers UPC Adoption

Figure 1 Conceptual Framework of Co-diffusion Effects Modelling!

! The blue arrows indicate adoption, and the orange arrows represents co-diffusion effects.
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2.4.3 Model Specification

Bucklin and Sengupta (1993b) specify two linearised Bass models one with the co-
diffusion term to account for the interaction between adopting groups and the other without the
interaction. Our replication closely follows this model specification and applies it to payment
data. Four types of testing are carried out, namely 1) by applying the independent models to
card diffusion and terminal diffusion separately, 2) & 3) by combining each independent
model with one interaction model to form one-way effect testing and 4) by applying interaction
models to card diffusion and terminal diffusion jointly. We operationalise the diffusion of
cards and that of terminals based on the count of distinct innovation usage per quarter, as the

proxy of the sales data used in the original study. The following equations specify the models

for cards.
Independent Model:
Cum_card, = a; + (b; — a; + 1)Cum_card,_, — b;Cum_card?_, (Eql)

Cum_terminal, = a; + (bj —a; + 1) Cum_terminal,_, — bjCum_terminaltz_1 (Eq2)

Interaction Model: Adding the opposite side lag (t-1) and a term capturing the interaction
between the same side and opposite-side lags (t-1).
Cum_card, = a; + (b; — a; + 1)Cum_card,_, — b;Cum_card?_, + ¢;Cum_terminal,_, +
ciCum_card;_, * Cum_terminal,_, (Eq3)
Cum_terminal; = a; + (bj —a; + 1)Cum_termirwtlt_1 — bjCum_terminal,?_1 +

¢;Cum_terminal;,_, + c;Cum_card;_, * Cum_terminal,_, (Eq4)

The two-way interaction model is built with both equations from the “interaction
model” category.

Details of variable description are listed in Table 5. Figure 2 demonstrates the
cumulative growth of cards and terminals over the 33 quarters under study. The up-trending

plot shows a rough “S” shape, which may imply the potential for modelling growth with Bass

model.
Variable Notation Operational measure
Cumulative Cum_card, Count of distinct cards used in contactless payment in quarter t, divided by
card diffusion a constant of 8,528,916 to obtain the card penetration level
Cumulative Cum_terminal, Count of distinct terminals accepting contactless payment in quarter t,
terminal divided by a constant of 111,639 to obtain the terminal penetration level
diffusion
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Coefficient of a;; Willingness to adopt due to external influence

innovation

Coefficient of b ; Willingness to adopt due to social influence

imitation

Coefficient of Cij Interactive effect between the diffusion of cards and terminals

co-diffusion

Table 5 Variable Description
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Figure 2 Cumulative Diffusion Plots

2.4.4 Empirical Results

The independent models are estimated with Non-linear Least Square (NLS) approach
in R and the system of equations with interaction models are estimated with Seeming
Unrelated Regression (SUR). The above estimation approaches are consistent with the
replicated study.

Modelling results are presented in Table 6. It is evident that the independent model
well depicts the diffusion of cards within the consumer group and the diffusion of terminals
within merchant group, demonstrating the robustness and fitness of the Bass model. As with
most diffusion studies reviewed in the Chandrasekaran & Tellis (2015), imitation effects
dominate the diffusion process of terminals and cards. The ratio between imitation effect and
innovation effect (i.e., b/a) is larger in card diffusion than that in terminal diffusion, indicating
stronger word-of-mouth impact among consumers than among merchants. The independent
models also demonstrate reasonably good model fit, given the high correlation coefficient
between predicted and actual values.

Contrary to the results for the Bass model with assumed independent innovation, for

the Bass models with one-way interaction only the coefficient of innovation (i.e., a) proves to
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be significantly different from zero. The coefficient of co-diffusion (i.e., ¢) exerts no

significant impact on the diffusion outcome. We provide rationale for this mismatch with the

original study in the following section.

Replication Results — Independent

Estimate Std. Error t value Pr(>t])
Cumulative terminal a 0.011859  0.003715  3.192 0. 0033 %2
diffusion
b 0.043180 0. 017275 2.500 0.0181 **
MAD 0.2882 MSE 0.0002449 Correlation 0.9967
Coefficient
Replication Results — Independent
Estimate Std. Error t value Pr(>t])
Cumulative card diffusion @ @ 0.011455 0. 004274 2. 680 0.01184 **
b 0. 060012 0. 018876 3.179 0. 00342 ***
MAD 0.2689 MSE 0.0002891 Correlation 0.9961
Coefficient
Replication Results — One-way Interaction
Estimate Std. Error t value Pr(>t])
Card diffusion impacts 0.012834 0. 004345 2.954 0. 00629***
Terminal diffusion b 0.005858 0. 194843 0. 030 0.97623
c 0. 031786 0.186036 | 0.171 0. 86556
Replication Results — One-way Interaction
Estimate Std. Error t value Pr(>t])
Terminal diffusion impacts 0.012423 0.004652 | 2.671 0.0125 **
Card diffusion 0. 138536 0. 177888 -0.779 0. 4426
c -0. 088494 0. 189242 -0.468 0. 6437

Table 6 Empirical Summary of Replication against Bucklin and Sengupta (1993b)

Note: the two-way modelling results are not reported given the estimation fails to find convergent results

after 50,000 iterations.

2.4.5 Discussion

As shown above, the classic Bass model without co-diffusion effects fits payment data

well. Reasonable parameter estimates and sound model fit are found with the Bass model for

independent innovation diffusion within the two adopting groups. However, the system of

nonlinear equations fails to depict the interaction between adopting groups with payment data,

evidenced by the insignificant results from the one-way and two-way models. The attempt to

include a co-diffusion coefficient (i.e., ¢) leads to overfitting of the interaction model and

reduces the statistical validity of the system of equations. We suspect the model proposed in

2%% < 0.01; *** p < 0.001
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Bucklin and Sengupta (1993b) fails to accommodate highly correlated diffusion data. In the
case of scanner and UPC diffusion, the diffusion plots of the innovations over time show
moderate correlation, whereas in the co-dependent payment innovation context the diffusion
plots of the two series illustrate a high correlation as reported in Table 3. Since the proposed
interaction model includes a product term of both data series, high multi-collinearity
undermines the validity of the parameter estimates. Thus, the presence of high correlation
represents a boundary condition for Bucklin and Sengupta’s approach to modelling diffusion

of complementary innovations.
2.5 Replicated work 2 — Stremersch et al. (2007)

2.5.1 Overview

Stremersch et al. (2007) builds on the idea of indirect network effects, being reciprocal
enhancement between a pair of innovations, to propose a flexible time-series model to
understand the relationship between software availability and compatible hardware sales. The
key focus is to examine the magnitude of indirect network effects and unveil the temporal
priority between software availability and hardware installed base. Prior to Stremersch et al.
(2007), the empirical work on indirect network externalities is rare and whether the hardware
sales will lead and have a positive impact on the software availability is not examined.
Therefore, the proposed flexible time-series model contributes to the knowledge of network
externalities by not only depicting the interaction between the hardware and software with
empirical data, but also explaining the temporal leading and lagging effect. The original results
show that the availability of compatible software characterises consumers’ demand for the
hardware, and the development and launch of software is dependent on the size of the installed
base of hardware platforms (Stremersch et al. 2007). As a result, even though the software
providers and the hardware manufacturers don’t interact directly, their operational decisions
are influenced by each other through the consumers’ mediation, forming the indirect network

effects.

2.5.2 Data and Methodology

Stremersch et al. (2007) examines annual hardware sales, cumulative hardware sales
and software availability (sales) data from 9 categories, all shown to follow the hardware-
software paradigm in other studies (Gupta et al., 1999). Average prices of hardware in each
year are also included as a control variable. Our replication adopts quarterly data of terminal
diffusion and card diffusion. As we don’t have direct price data for terminals, we exclude this

control variable in our modelling. One reason for this removal is that for merchants, the
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surcharge rate on the contactless payment transaction tends to be consistent over time unless
drastic changes in their operating environment. According to the data provider, the rate is
negotiated between merchants and their own bank/schema based on the industry and the size of
their business. Therefore, the cost information is not available in the payment network system.
Another modification we made lies in the use of cumulative card usage instead of incremental
card usage to represent “software availability”. Availability of the contactless cards and
terminals is not constraint in our context, as the contactless function is an add-on feature for all
chip cards issued, and card payment has a long history in the studied country. Data confirms
that the total number of cards in use in the studied country only exhibits a very minor upward-
trending in the given timeframe while the uptake of contactless payment cards shows great
growth (illustrated in Figure 3). Hence, merchants are likely to be indifferent to the volume of
cards issued per year. Therefore, it is consumers’ willingness to adopt that places limitations
on the diffusion outcome. Note that these modifications are required for the extension to the

payment methods context.

Normalised Contactless Card Usage vs.
Normalised Total Card Usage
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Figure 3 Contactless Card in Use vs. Total Card in Use

The model proposed by Stremersch et al. (2007) is a system of log-transformed
equations with lagging effects and time trend factors. This flexible time-series model is
estimated with Seemingly Unrelated Regression (SUR). For each category examined, hardware
sales are explained by prior hardware sales, average hardware price, and software availability.
In turn, software availability is expected to be explained by cumulative hardware sales and
prior software availability. The parameters of the key variables are compared as evidence of
indirect network effects. Our replication adopts the same model specification, given the slight

modification to the variable as mentioned in the prior paragraph.
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Figure 4 Conceptual Framework of Indirect Network Effect Modelling?

2.5.3 Model Specification

The log-transformation is adopted in the original model to account for the non-linear
relationships. It is also noted that in the original work, there is asymmetric specification around
the cumulative hardware sales (i.e., hardware installation base) and the cumulative software
availability (i.e., released software programs). The authors assume the hardware sales in the
current period is driven by the hardware installed base and cumulative software availability in
the last period. We follow the same approaches here.
Log(Incrterminalt) = a + S *log(Incr_terminal;_,) + y * log(Cum_card;_,) + 6 xt + €; (Eq5)

Log(Cum_card,) = v+ A *log(Cum_card,_) + n * log(Cum_terminal,_,) + 1+t + & (Eq6)

Variable Notation Operational measurement
Incremental hardware  Incr_terminal, Difference between the count of distinct terminals used in
diffusion contactless payment in quarter t and the corresponding count

in quarter t-1

Cumulative hardware ~ Cum_terminal,_,;  Count of distinct terminals used in contactless payment in

diffusion quarter t-1

Cumulative software Cum_card, Count of distinct cards used in contactless payment in quarter
diffusion t

Trend variable t Time trend, set the first quarter as t =1

Table 7 Variable Description

2.5.4 Empirical Results

The following Table 8 summarises model fitness of the system of equations. The OLS-
R? shows reasonable model fit for the system of equations, and the McElroy R? reported under
each equation unveils better model fit for card diffusion (i.e., Adj. R2 = 0.98648) than for
incremental terminal diffusion (i.e., Adj. R2=0.331316). Detailed parameter estimates associated
with corresponding p-values are summarised in Table 9. It is noted that prior cumulative card

diffusion significantly encourages the incremental terminal diffusion (0.8691764, p<0.01), and

3 The blue arrows indicate adoption, and the orange arrows represent indirect network effects.
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positively impacts the current level of card diffusion (0. 387902, p< 0.05). Therefore, strong
same-side and cross-side impacts are established. However, incremental terminal adoption
shows no impact on the current level of terminal uptake, indicating the terminal diffusion in
each quarter is not impacted by the previous momentum. Our findings are supportive for both

directions of cross-side effects.

Replication study — Model Summary

N DF SSR detRCov OLS-R2 McElroy-R2
System 64 56 84.6016 0.163481 0700829  0.978158
N DF SSR MSE RMSE R2 Adj. R2
EqS 32 28 82.823 2.957964 1719873 0.396027 0331316
Eq6 32 28 1.77862 0.063522 0.252036 0.987789 0.986481

Table 8 Model Summary of Replication on Stremersch et al. (2007)

Replication Results — SUR estimation on Eq5 of Incremental Terminals

Eqg5 Estimate Std. Error t value Pr(>t])
Intercept -2.326592 2.3522781 -0.98908 0.3310946
log(Incr_terminal,_,) = 0.0446366 0.1937069 0.23043 0.82
log(Cum_card,_,) + 0.8691764 0.2998015 2.89917 0.0072 **
t -0.173647 0.0691219 -2.51218 0.018 *

I(jbusrer:lrt\)/zrti(())is 32 ieelrsllc?;rzg error 1719873 FDree%r;(frsnOf 28

SSR 82.822998 MSE 2.957964 ﬁfg‘;ff:i 4 033

Replication Results — SUR estimation on Eq6 of Cumulative Cards

Eq6 Estimate Std. Error t value Pr(>t])
Intercept 3.221391 0.477585 6.74518 2.5265e-07 ***
log(Cum_card,_,) + 0.387902 0.146759 2.64313 0.0133 *
log(Cum_terminal,_;) 0.610039 0.179206 3.40413 0.0020 **
t -0.017234 0.009238 -1.86555 0.073.

I(jbusrer:lrt\)/zrti(())is 32 ieelrsllc?;rég error 0.252036 FDree%r;(frsnOf 28

SSR 1778625 MSE 0.063522 ﬁfg‘;ff:i 4 0986481

Table 9 Empirical Summary of Replication on Stremersch et al. (2007)

2.5.5 Discussion
Our findings contradict the original conclusion made in Stremersch et al. (2007) in the

following three aspects.
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1. Cross-side effects are significant and two-way.

In Stremersch et al. (2007), the authors found weak (i.e., insignificant or negative)
evidence of cross-side effects between software supply and hardware demand, and thus
suggested that the argument of providing more compatible software in hoping to stimulate
hardware demand was not empirically supported. However, applying payment data to the
proposed model, we find the cross-side effects are prominent. Not only does the cumulative
card diffusion positively impact the cumulative terminal diffusion, the terminal diffusion also
positively impacts the card diffusion. This cross-side interaction implies a mutual positive
stimulus between consumers and merchants in the process of the co-dependent diffusion. Once
consumers succeed in paying with contactless payment method at the merchants’ checkout,
consumers tend to continue paying with the accepted method next time and merchants will
continue accepting this method.

2. Same-side effects are found on the consumer side.

Unlike findings in Stremersch et al. (2007) where the same-side effects mainly reside
on the hardware-side, which in the payment context is equivalent to the terminal diffusion, we
find significant same-side effects within both terminal diffusion and the card diffusion as well.
The finding implies that consumers also play an active role in promoting contactless payment
usage as their impacts are found both on the merchants’ usage and peer consumers’ usage.

3. Existence of two-way network effects.

Stremersch et al. (2007) conclude that the indirect network effect is not pervasive and
that most indirect network effects show in one direction only, i.e., hardware stimulates
software only, given the investigation of nine consumer electronics industries. Our results,
however, reveal that indirect network effects stem both from hardware to software and the
other way around in the payment method context. The underlying reason could be that the
complementary nature of contactless cards and contactless-enabled terminals solicit more one-
on-one interaction than hardware and software which are sold separately with distinct features,
such as the prices and genres observed in the consumer electronics categories. In addition, as
the payment data is derived from usage cases instead of sales data for programs available in the
catalogue, the replication study could potentially capture the interaction better. Each
interaction activity could contribute to the usage, which is not necessarily the case when using
hardware sales and software supply as indicators for diffusion in consumer market. Therefore,
the absence of the co-existence of two-way indirect effects in the original study may be due to

the lack of usage data for analysing consumer electronic products.
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2.6 Replicated work 3 — Hinz et al. (2020)

2.6.1 Overview

Unlike network effect studies that build on a common assumption of the significant
mediating role of consumers to facilitate diffusions of hardware and software, studies in two-
sided markets need to account for the interactions between the key decision groups on both
sides of the market explicitly. Hinz et al. (2020) examine network effects in a two-sided
market by investigating the influx and outflow of participants in an online auction platform on
both selling side and buying side. Specifically, the authors state their goal as to investigate the
conditions under which the estimation of same-side and cross-side network effects should
distinguish between its impact on the number of new customers (i.e., acquisition) and existing
customers (i.e., retention). Participants can leave the market as the result of unsatisfactory
experience or pressure from competition (Hinz et al. 2020). Only the active participants
staying with the platform can spread positive/negative word-of-mouth to both participants and
non-participants. The authors propose a new influx-outflow model, which outperformed an
existing net-change model as the extant one only shows the resulting impact after cancelling
the influence of actual influx and outflow. In the work of Hinz and his colleagues, the main
same side effects emerge to be the competitive only, as more participants in the past period
tend to decrease the size of participants in the current period. Due to the nature of the online
auction platform, more participants on one side will enhance the competition in bidding and
thus push the price to disadvantage that side. The main cross side effects are found to be
positive between sellers and influx of buyers as well as between buyers and outflow of sellers.
That means more sellers from the past will attract more new buyers to participate while more
buyers from the past will retain sellers to still be engaged. However, not all participant influxes
and outflows are associated with existing participators. The current number of sellers has no

impact on the buyers’ outflow and the current number of buyers fails to attract more sellers.

2.6.2 Data and Methodology

Hinz et al. (2020) utilise 102,096 transactions completed jointly by buyers and sellers
on an online auction platform. The authors estimate the number of active buyers and sellers
with a BG/NBD model, a model that informs the likelihood of a customer being active at a
given point of time. New customers of the platform, including the influx of buyers and sellers,
can be identified in the database. Therefore, by combining the active users and the actual
influx users, the number of outflow users is obtainable. As the data is analysed on a weekly

basis, a total of 211 weeks of data is fitted into the proposed model. One thing worth noting for
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the replicated work is the nature of the users’ adoption decision towards the platform, where
the authors explicitly state the relationship between users and the platform is non-contractual.
It is important to point this feature out, as in a two-sided market, users could be bound by
contracts such as subscription or membership, so that the size of the adopting groups may not
be a true reflection of the interaction between them nor the cumulative adoption outcome on
either side. We mimic the replicated work by using monthly data and counting the exact
number of active merchants and consumers. As it is derived from transaction information, our
data gives us an edge for accurate identification of active users versus churned users, so that in
our replication, the step of estimating active users with the BG/NBD model is no longer
needed.

The model proposed in Hinz et al. (2020) explicitly accounts for the impact of the
influx and outflow of buyers and sellers to understand the growth of users on both sides of the
market through same-side and cross-side effects. Therefore, four equations, respectively using
influx and outflow of buyers and sellers as outcome variables, are estimated simultaneously
using the SUR method. Only one lag is incorporated in the equations, assuming a Markov state
applied to the decision of adoption. Our replication study closely matches the model

specification.

Influx Buyers Buyers

Outflow Buyers

Influx Sellers

Sellers

Outflow Sellers

Figure 5 Conceptual Framework of the Effect of Existing Users on Influx and Outflow* Users

2.6.3 Model Specification
To study the effect of existing users on the influx and outflow of users on both sides of
the market, three pairs of variables, namely the influx, outflow and cumulative diffusion are

obtained for both terminals and cards. The six variables are then incorporated into four

4 The blue arrows indicate same side effects; the orange arrows represent cross-side effects; green dashed
arrows represent adoption.
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equations, representing the same side and cross side effects on both new uptake and churn.

Equations are specified as follows.

InfluxCard; = 6; * Cum_card;_, + 8, * Cum_terminal,_, (Eq7)
InfluxTerminal, = 63 * Cum_card;_, + 6, * Cum_terminal,_; (Eq8)
OutflowCard; = 65 * Cum_card,_; + &4 * Cum_terminal,_, (Eq9)
OutflowTerminal, = 6, * Cum_card;_, + 8g * Cum_terminal,_, (Eq10)

Differing from the online platform studied in Hinz et al. (2020), with a small group of

users in a larger population, the payment innovation could be adopted by the whole population

given its essential functionality. This characteristic of payment innovation makes it hard to

obtain brand-new users within a given timeframe. In our replication, we relax the definition of

new uptake and determine the new uptake as the newly identified users who have not used the

payment innovation in the past three months. Admittedly, this approach cannot rule out

returning users who adopted the contactless payment but happened to not use it in the past

three months. However, we deem this manipulation as a reasonable proxy for the new users

given the computing constraint of determining new users based on 5 million transactional

records per day.

Variable Notation Operational Measurement
New contactless InfluxTerminals, Count of distinct terminals that are newly adopted in the contactless
terminal uptake transaction benchmarked against three months before
New contactless InfluxCards, Count of distinct cards that are newly adopted in the contactless
card uptake transaction benchmarked against three months before
Terminal churn OutflowTerminals, OutflowTerminals,
= Cum_Terminals,_, — Cum_Terminals,
+ InfluexTerminal,
Card churn OutflowCards; OutflowCards, = Cum_Card,_; — Cum_Card,

Prior cumulative

terminal diffusion

Prior cumulative

card diffusion

Cum_Terminals;_,

Cum_Cards;_,

+ InfluexCard,
Count of distinct terminals adopting contactless payment in month
t-1
Count of distinct cards adopting contactless payment in month

t-1

Table 10 Variable Description

2.6.4 Empirical Results

In line with the Hinz et al. (2020) the system of equations uses SUR with Maximum
Likelihood Estimation (MLE). The OLS-R? shows reasonable model fit of the system of
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equations, while the model summary for each equation unveils better model fit for card
diffusion than terminal diffusion. Specifically, previous card diffusion and terminal diffusion
successfully explain the influx and outflow of card uptake with McElroy R-square at 0.87 and
0.75 respectively. However, the explanatory power is reduced in explaining the influx and
outflow of terminal uptake with McElroy R-quare of .55 and .16 respectively. We note that the
MSE values are high for all equations, which are likely due to the scale of the payment data
rather than insufficient explaining power of the model. Note that the replication of Bucklin and
Sengupta (1993b) opts for the cumulative percentage as the output and the replication of
Stremersch et al. (2007) takes the log transformation in the model specification to reduce the
unit. Therefore, compared with the Hinz et al. (2020), the manipulation in the prior two studies
leads to to lower MSE and RMSE, but does not necessarily indicate better model fit based on

these two metrics.

Replication study — Model Summary

N DF SSR detRCov OLS-R2 McElroy-R2
system 428 416 1.24E+12 1.73E+31 0.811091  0.759395
N DF SSR MSE RMSE R2 Adj. R2
Eq7 107 104 3.63E+11 3492894900 59100.718  0.87604 0.873656
Eq8 107 104 9.10E+07 874930 935.377 0.553641 0.545057
Eq9 107 104 8.72E+11 8387144927 91581357  0.758569 0.753926
Eql0 107 104 6.83E+08 6566214 2562.462 0.172318 0.156401

Table 11 Model Summary of Replication on Hinz et al. (2020)

Based on the parameter estimates, it is observed that prior level of terminal diffusion
discourages new card uptake (-10.67, p< 0.001), likely reflecting reduced potential as the pool of
non-adopters shrinks. When users adopt contactless cards or terminals, the prior level of
terminal diffusion discourages the churn rate (effect of diffusion of terminals on card churn: -37.46, p<
0.001; effect of diffusion of terminals on terminal churn: -0.7077, p< 0.001;). Although these ﬁndings
differ from the results in the Hinz et al. (2020), which claim to discover positive cross-side

effect but negative same-side effect, our findings are informative in the payment context.

Replication Results — SUR estimation on Eq7 of Influx Card

InfluxCards ~ Diffusion Estimate Std.Error t value
of Cards and Terminals (Int t
ntercept) 64589 8844.80 7.3025 p<0.001***
Cum_Cardst.1 0.2899 0.0391 7.4126 p<0.001***
Cum_Terminalse1 ;0 6700 2.5094 -4.2519 p<0.001***

Replication Results — SUR estimation on Eq8 of Influx Terminals
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InfluxTerminals ~

Diffusion of Cards and Estimate Std. Error t value Pr(>t|)

Terminals (Intercept) 313.22 160.46 1.9521 0.0516*
Cum_Cards.1 0.0008 0.0007 1.1778 0.2396
Cum_Terminalsc1 | -0.0033 0.0455 -0.0730 0.9419

Replication Results — SUR estimation on Eq9 of Outflow Cards

8?;3:351?%; ds and Estimate Std. Error t value Pr(>[t])

Terminals (Intercept) 41343 12545 3.2956 0.001 1%#*
Cum_Cards.i 0.6989 0.0555 12.5993 p<0.001%**
Cum_Terminals.1 | -37.4600 3.5593 -10.5245 p<0.001%**

Replication Results — SUR estimation on Eq10 of Outflow Terminals

g?ftff}lzzgft{%zicliz :m d Estimate Std. Error t value Pr(>|t)

Terminals (Intercept) -67.3480 355.27 -0.1896 0.8497
Cum_Cards.1 0.0117 0.0016 7.4400 p<0.001%**
Cum_Terminals.1 -0 7077 0.1008 -7.0212 p<0.001%**

Table 12 Empirical Summary of Replication on Hinz et al. (2020)

2.6.5 Discussion

Our replication confirms two out of eight conclusions provided in Hinz et al. (2020),
with one being the insignificant cross-side effect between prior card diffusion and new
terminal uptake, and the other being the positive same-side competition effect among card
diffusion. Specifically, Hinz et al. (2020) utilise the model to prove significant cross-side
effects in that existing buyers will attenuate sellers dropout and existing sellers will attract new
buyers. As for the same-side effects, the authors’ results show strong competitive effects,
evidenced by existing buyers discouraging new buyers and existing sellers discouraging new
sellers. Our findings, on the contrary, demonstrate positive same-side effect between existing
contactless card diffusion and new contactless card uptake while negative cross-side effect
between card diffusion and terminal dropout. One potential explanation for the mismatch could
be attributed to the nature of the market under study, where users on the same side of an online
auction market are set to compete for the limited resources provided on the other side, while
payment market does not solicit similar level of competition on the same side.

Although the original results are not fully replicated, the proposed model in Hinz et al.
(2020) provides valuable insights for modelling co-dependent innovation such as payment
methods. More participants on one side of the market could either lead to fierce competition,
as shown in Hinz et al. (2020) or ignite network effects to grow the market faster (as shown in
our replication results). Compared with the findings in Hinz et al. (2020) for the same-side and

cross-side effects, our results imply more vivid interactions between the participating parties in
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the two-sided market such as the payment market. There is also the possibility that the
interaction shall go beyond one single period lag to allow the impact to develop.
2.7 Conclusion and Implications

Given the gaps in the literature on payment method diffusion, we select three studies
with potentially useful modelling framework as the target for replication efforts to explain the
growth pattern of payment innovation: Bucklin and Sengupta (1993b) from the diffusion
literature, Stremersch et al. (2007) from the area of indirect network effects, and Hinz et al.
(2020) examining the interaction between two sides of a platform-based market. We fail to
fully replicate prior results.

Although the replication of Stremersch et al. (2007) shows significant effect between
the card diffusion and incremental terminal uptake, the theoretical implication differs from the
conclusion made in the original work implying weak and asymmetric indirect network effects
across 9 industries. Our findings, in contrast, show symmetric cross-side effects between card
diffusion and terminal diffusion, albeit a slight modification on the variable representing the
availability of software. For the other two studies, the replication results only confirm part of
the proposed mechanisms, namely the Bass model without the interaction effect for the card
and terminal diffusion in Bucklin and Sengupta (1993b) and part of the same-side negative
effect for card diffusion in Hinz et al. (2020).

The replication attempt for Bucklin and Sengupta (1993b) demonstrates the robustness
of the Bass modelling approach in accounting for the diffusion of payment innovation in each
group separately, whereas the interaction between the two adopting groups in the diffusion
process fails to be sufficiently explained. A better approach is needed to depict the interaction
between the adopting groups while accommodating the potential high correlation between the
diffusion outcome of co-dependent innovation. Therefore, a system of equations with
linearised format may avoid multi-collinearity compared with building interaction terms via
the product of individual diffusion outcome.

Results from the replication of Stremersch et al. (2007) provide insights on the
nonlinear growth features and the two-way interdependency between the involved innovations,
as a system of equations is an ideal approach for simultaneously estimating the diffusion
within multiple adopting groups. However, the context of consumer market does not exhibit
significant indirect network effects since the interactions between the hardware manufacturers
and software developers are mediated by consumers’ purchase decisions. Modelling co-

dependent innovation therefore needs to account for the distinct adoption decisions and the

50



direct reactions of each adopting group, which is a key component missing in the Stremersch et
al. (2007) work.

Although the replication results fail to replicate the findings in Hinz et al. (2020), it is
undeniable that the proposed approach sheds light on the understanding of participants on both
sides of the market. Differentiating influx and outflow adopters can be useful, especially in the
early diffusion stage when the user base could change drastically, and the approach allows for
lagged interactions between the adopting groups. Only by differentiating the impacts of
previous diffusion level on the influx and outflow shall we be able to discover the interesting
impact of terminal diffusion on preventing churn on both sides of the market. However, as
merchants usually take time to react to the market, it would also be useful to test more lags in
the modelling structure and examine whether merchants can also show encouraging effect on

diffusion in relatively long term.

2.8 Contribution

We contribute to knowledge of payment method diffusion by testing modelling
frameworks for the diffusion of co-dependent innovation. The co-dependency between the
innovation and the adopting groups implies that innovations evolve as a result of the
interaction between the adopting groups. This co-dependency idea is increasingly important in
modern society, as the society calls for cooperation and involvement (Gruber, 2020). However,
the diffusion of this type of innovation has yet to be studied and the modelling practices
explicitly designed for co-dependent innovation are scant. The current study attempts to fill
this knowledge gap by defining co-dependent innovation and proposing relevant approaches
for modelling the diffusion of co-dependent innovation based on similar mechanisms identified
in prior research for similar markets as the starting point. The current work contributes to the
theoretical advance in innovation categorization and thus lays the foundation for more research
on co-dependent innovation from all aspects.

Although we fail to fully replicate each prior study, the replication efforts offer
insights and limitations in modelling co-dependent innovation in a payment method context.
We find the Bass modelling approach describes diffusion within individual adopting groups
well, but the co-diffusion design in Bucklin and Sengupta (1993b) fails to identify interaction
effects between adopting groups due to collinearity. The system of equations approach in
Stremersch et al. (2007) shows the ability to identify cross-effects but is theoretically
unsatisfying as the hardware-software paradigm involves consumers as independent mediators

between the adopting groups, unlike payment methods where consumers are one of the
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adopting groups. The approach of Hinz et al. (2020) is theoretically more satisfying in the
payment methods context than that of Stremersch et al. (2007), and allows for the
identification of cross-effects, but is restricted to one-period lag, which may not be realistic in
the context of payment method diffusion. Further, it may be overreaching to simplify the
interaction between adopting groups as the network effects or co-diffusion effects.

Given the partial replication of the empirical results of all selected work, our replication
efforts highlight the importance of promoting modelling practices that specify the boundaries
and limitations of the model application. The boundary for any proposed models in any field is
strengthened with replication efforts, including a robustness test as an integral part of the study
or formal replication with different data contexts and time spans (Mueller-Langer et al., 2019).
Newly proposed models are expected to demonstrate reproducibility to be acknowledged as a
scientific method (Kerr et al., 2016). Otherwise, they are merely modelling approaches for
understanding questions in specific circumstances.

Last but not least, our replication work contributes to the payment modelling practice
by testing three potential mechanisms with eight years of payment method usage data.
Quantitative modelling is less common than the qualitative approach (i.e., Kim, Mirusmonov,
and Lee 2010; Liébana-Cabanillas, Molinillo, and Ruiz-Montafiez 2019; Wang and Lin 2019)
in prior payment method studies, likely due to the lack of availability of payment transaction
data. Therefore, empowered by the transaction data from a leading payment service provider,
the current work evaluates the generalizability of the chosen models to the payment innovation
diffusion. Our replication results point us in fruitful directions of adapting the models to meet
the modelling needs, such as to leverage the system of equations approach and to incorporate
multiple lag structures.

In sum, the failure of replicating the empirical results of the selected work, and the
theoretical limitations highlighted by the replication efforts, unveil the pressing need to build a
tailored model to examine the co-dependent diffusion of innovation. Although the mechanisms
proposed in prior work fail to fully explain the diffusion process of co-dependent innovation
taken up by more than one adopting groups, our results shed light on how a modification of the
proposed mechanism could be helpful in serving the purpose. Key priorities for investigation
include combining approaches used in prior research, such as relaxing the assumptions of no-
dropout (outflow) in the Bass modelling approach and/or relaxing the assumption of one-

period lags in estimating cross-effects.
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Chapter 3 The Diffusion of Co-dependent Services

Abstract

Co-dependent diffusion describes the uptake of innovations for which the base functionality is
contingent on the joint uptake of related innovations across two (or more) populations and thus
requires diffusion among each of them. For instance, the diffusion of a contactless payment
system is co-dependent as it requires joint uptake of card payment from consumers and
contactless terminals from merchants. To date, the innovation literature does not inform about
the driving forces and temporal pattern of co-dependent diffusion. To fill this gap, the authors
apply the Bass model with the churn rate proposed in Libai et al. (2009) to eight years of
transaction-based usage data of an innovative payment method. Results confirm that the Bass
framework captures core aspects of co-dependent diffusion, accurately modelling the diffusion
across the two adopting groups. The results also show the usefulness of churn rates as a proxy
for feedback effects in co-dependency, as their absence leads to underestimates of growth
potential. Simulation results show that as churn rates increase, the size of the imitation effect
increases while that of the innovation effect decreases, demonstrating how co-dependency is
impacted within this modelling framework. The insights from the current work suggest that the
diffusion of co-dependent service innovation differs between the adopting groups. Thus,
service providers should tailor their strategies toward each group to promote diffusion, with the

consideration of the respective churn rates.
Keywords:

Diffusion modelling, co-dependent innovation, churn rate, merchant adoption, payment

methods
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3.1 Introduction

Unlike traditional innovations in consumer durables categories, which function alone
once adopted, a growing number of technology innovations rely on the co-working of more
than one product or service. These innovations require interaction between the adopting groups
for successful diffusion. Examples include contactless payment cards and contactless point of
sale (POS) terminals, as well as electric vehicles and charging stations. We coin the term co-
dependent innovation to describe innovations that require joint uptake by more than one group
to enable functionality.

Prior research incorporates dedicated modelling approaches to deal with related
innovations, such as complementary innovations (i.e., Bucklin & Sengupta, 1993b; Cenamor et
al., 2013; Clements & Ohashi, 2005; Gagliardi et al., 2018), contingent innovations (i.e.,
Bayus, 1987) and substitute innovations (i.e., Adner & Kapoor, 2016; Chandrasekaran et al.,
2022; Norton & Bass 1987). The applications in these studies include the PC and internet
(Dewan et al., 2010), CD players and CD titles (Basu et al., 2003) as well as game consoles
and game titles (Binken & Stremersch, 2009; Stremersch et al., 2007). However, all these
applications, mainly in the consumer durables category, involve related innovations adopted by
the same group (e.g., consumers). None of the prior studies accounts for the success of
innovations that relies on different adopting groups, a critical requirement of co-dependent
diffusion, which is itself an emerging feature of technological innovations in service industry.
It remains unknown how co-dependent innovation diffuses or how best to describe co-
dependency. The current study, therefore, sets out to clearly define co-dependent diffusion,
identify a candidate mechanism for modelling feedback effects between the two adopting
groups, and provide substantive evidence on the patterns of diffusion for the studied
innovation.

We address the questions raised above in a formal manner as:

RQ1: What are the driving forces of the diffusion of the co-dependent innovation for
each adopting group?

RQ2: Can the chosen approach detect feedback effects between these co-dependent
groups?

RQ3: Are these findings robust across different industries?

As prior modelling frameworks for related innovations and platform-based markets

fail to explain the co-dependent diffusion of innovation (evidenced in Chapter 2), we resort to
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a different diffusion model specification, dedicated to service innovation, to attempt to account
for co-dependency. We adopt the model proposed in Libai et al. (2009) that extends the Bass
modelling framework (Bass, 1969) by incorporating churn rates to account for dissatisfaction
from adopting units leading to discontinued usage. Churn rates were initially examined in the
management literature to measure the portion of customer dropout each period (Kumar &
Reinartz, 2012). Libai and colleagues believe that users of service innovations are likely to
return instead of dis-adopting for good, once the service is improved or the facilitating factors
are changed. Therefore, in essence, the churn rates describe the outcome of the interaction
between users and providers and capture the effects of discontinuance by either group due to
post-usage dissatisfaction. In the co-dependent diffusion context, we test the churn rates as a
proxy for the feedback effect between adopting groups.

The current study applies the service diffusion model to usage data of contactless
payment methods involving consumers and merchants in a developed western country. The
contactless payment innovation, introduced to the country in late 2011, qualifies as co-
dependent service, with its diffusion requiring consumers’ willingness to use and merchants’
willingness to accept to jointly enable the payment transactions to take place. The data
provider possesses 70% of the payment market share, and the data set we leverage consists of
the transaction data of the studied contactless payment methods. We derive the churn rates
based on real data. In addition, we simulate churn rates to gain insights on how the path of
diffusion would change as the churn rate changes.

Results confirm that the service diffusion model can depict the co-dependent diffusion
of innovation once the churn rates are adequately accounted for. The model fits well with the
diffusion of both adopting groups and demonstrates that the diffusion paths of contactless
payment innovation differ between consumers and merchants. Merchants tend to have a higher
imitation effect, likely resulting from peer pressure, while consumers exhibit a greater
innovation effect as the result of advertising and individual innovativeness. Zooming in on the
churn rates, the simulations show that the churn rate drives the innovation effect and imitation
effect in opposite directions as well as varying between consumers and merchants. The
different churn rates imply that the feedback effects between consumer and merchant adoption
are asymmetric.

Our contribution to the diffusion literature is threefold. First, we pioneer in examining
the diffusion of co-dependent service innovations with the Bass modelling approach and
demonstrate the feasibility of applying the service diffusion model to the co-dependent

diffusion of innovation. Given the co-dependency between the adopting groups, the diffusion
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paths could differ as per each adopting group’s initial intention and subsequential reaction to
the diffusion level of the other group. We leverage the diffusion of service modelling
framework proposed by Libai et al. (2009) to depict this co-dependency using the respective
churn rates as a proxy. The results confirm this model choice by showing sound model fit for
the diffusion among merchants and consumers and presenting distinct diffusion characteristics
for each adopting group. Merchants are featured with a higher churn rate and show more
significant imitation effects that drive the diffusion, while consumers have a lower churn rate
but higher innovation effects.

Second, we explicitly account for the diffusion of innovation on the merchant side,
which complements most diffusion studies focusing on the consumers’ uptake of
complementary or contingent innovation (Clements & Ohashi, 2005; Laukkanen, 2016; Mallat,
2007; Wu & Chu, 2010). As co-dependent innovations, such as payment method innovation,
rely on the joint efforts of consumers and merchants to diffuse, the diffusion outcome of
merchants is also critical. Our attention to the merchant side thus expands the knowledge of
innovation diffusion, enabling innovation facilitators to leverage such knowledge for better
diffusion outcomes. As part of the robustness testing, we also report the diffusion outcome
across key industries for merchants and present the general consistency in diffusion patterns.
However, it is worth noting that deviation is found for a small selection of industries, where
the industrial uptake of the innovation is later than their peers while the associated churn rates
are higher than peers. If greater imitation effects are believed to be the manifestation of the
high popularity of the innovation among users, the co-existence of high churn rates and high
imitation effects during the growth stage after the introduction for some industries, such as
automobile and transportation, conflicts with this common wisdom.

A third contribution relates to the utilisation of churn rates as a proxy of the feedback
effects between the adopting groups. The diffusion of service innovation can incur churning
due to temporary dissatisfaction emerging from poor service quality or inconvenience, leading
to service discontinuance (Libai et al., 2009). By applying the service diffusion model to the
co-dependent innovation context, we acknowledge the churn rate and use it to capture the
dynamics between the adopting groups. The churn rates also vary between the two adopting
groups, implying potential asymmetric feedback effects worth further exploring.

The study proceeds as follows. In the next section, we give an overview of the three
streams of literature that inform our study. Following this, we introduce the study framework
and hypothesis to guide the empirical work. A brief introduction is given to the empirical study

context — the contactless payment market in a developed western economy — with a description
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of the key data and measurement. To facilitate the understanding of merchant uptake in the
diffusion process of contactless payment, we compare the diffusion parameters of merchants
against that of consumers and further examine the industry-specific merchant parameters and
the impact of simulated churn rates on merchant adoption. To conclude the study, we discuss
the findings for theoretical and managerial implications. Limitations and future research

directions are laid out in the end.
3.2 Relevant literature

3.2.1 Diffusion of Complementary Innovation

In the seminal work on the diffusion of innovation, Rogers (2003) introduces the idea
of technology clusters, which in essence, describes the interrelationship between innovations
that can either be directly assessed by related functionalities they each provide or by the
interrelated behaviours of users. Functionally related innovations could boost the sales of each
other since the adopting unit can benefit from the combined functionalities offered by the
related innovations. Innovations that are not seemingly related can also see sales enhancement
if the innovations answer to similar consumer behaviour. For example, research shows that
recycling behaviours are related to energy conservativeness and therefore people who recycle
newspapers and cans are more likely to install solar panels (Leonard-Barton, 1981).

Marketing studies mainly examine the technology clusters based on related
functionalities. A handful of studies further distinguish technology clusters based on how one
product is directly related to the other. Contingent products refer to the situation where
purchasing a secondary product is contingent on purchasing a primary product (Bayus, 1987).
There is an implied sequence of purchases where the contingent decision of the second
purchase is based on the decision of the primary purchase (Rogers, 2003). In a similar vein,
video game titles and game consoles, CDs and CD players can all be viewed as pairs of
contingent products. Complementary products, sometimes used interchangeably with
contingent products, refer to a similar situation in that products shall be bought and consumed
together to achieve the full utility (Meyer & Winebrake, 2009). The complementarity arises
between the products to form a system, which allows the interaction between the products and
implies no strict sequence of obtaining the secondary after the primary (Chen & Liu, 2005;
Katz & Shapiro, 1994). Based on its definition, the complementary category encompasses the
class of contingent products and broadly categorises all products used together to enable full

functionalities.
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In the examination of complementary innovation, indirect network effects are
extensively discussed in both conceptual and empirical studies, covering compatibility as well
as demand and supply effects for complementary products (Basu et al., 2003; Binken &
Stremersch, 2009; Knittel & Stango, 2004). The hardware-software paradigm, which is by
nature a complementary pair, is deemed a suitable context for examining indirect network
effects and is thus extensively researched. Indirect network effects are identified between the
demand for the hardware and the software supply, as the increased availability of software
stimulates consumers’ demand for the hardware (Gupta et al., 1999). Since the hardware
manufacturers cannot directly influence the software providers, consumers are the key agents
in the market who buy from both sides and thus mediate the interaction between the two sides.
Stremersch et al. (2007) examine the indirect network effects across nine consumer electronics
markets with corroborative findings. In general, hardware sales precede software availability
growth, and the increased availability of software positively impacts the sales of compatible
hardware. Apart from the quantitative availability of software, the effects of software quality
and the multihoming features of the software are also examined under the framework of the
indirect network effect (Binken & Stremersch, 2009; Landsman & Stremersch, 2011).
Multihoming indicates the expanded compatibility of hardware that results in more significant
software growth beyond the original specialised functional match.

The co-diffusion process of complementary offerings proposed in Bucklin & Sengupta
(1993b) does not rely on consumers’ mediation. Instead, a positive interaction or feedback is
identified between the two groups of end-users, serving as a piece of supportive evidence of an
alliance between the manufacturers of complementary products (Bucklin & Sengupta, 1993a).
In another example, Lee et al. (2019) build on the technology adoption model (TAM) (Davis,
1989) to explore mobile payment adoption from the perspectives of both consumers and
merchants. The authors propose an integrated adoption model that examines the reciprocal
relationship between consumer adoption and merchant acceptance. Results confirm the
existence of network externalities with the respective adoption model and quantify the
magnitude of the externalities with the integrated model.

Despite the significant research efforts spent in understanding the diffusion of
complementary innovation, there is limited understanding of whether the knowledge can be
directly applied to the diffusion of co-dependent service innovation. On the one hand, co-
dependent innovation differs from complementary innovation in terms of the requirement of
co-dependency between more than one adopting group to enable the innovation

simultaneously. On the other hand, existing work on the indirect network effects and the co-
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diffusion in a business-to-business or consumer product setting may seem relevant for co-
dependent innovation of consumer services. Yet it is unknown whether the identified
interaction effects play a role in the service diffusion context. Therefore, Peres et al. (2010)
urged to gain more understanding of how service innovation diffuses in the modern world. Our

current study attempts to answer this call.

3.2.2 Diffusion of Services

Although service innovation has played an increasingly important role in the global
economy, compared with the extensive research on the diffusion of consumer durables and
electronics, research on the diffusion of services and technologies remains scant (Zhang Foutz
& Rao, 2018). Libai et al. (2009) provide one pioneering piece of work, if not the only one,
that examines the effect of customer disadoption and customer churn for service firms. A
distinguishing feature between services and products lies in the different utilities generated
from the repeated usage of the products versus services. Repetitive usage forms a critical part
of the revenue stream of service, while the initial purchase is the main contributor to product
success. Libai et al. (2009) point out in their service diffusion study that the growth of
repeated purchases is a critical source of the service providers’ revenue. Therefore, post-
adoption usage behaviour determines the commercial success of service-related innovation,
differentiating its role in consumer goods diffusion. However, most of the diffusion research in
the service domain still models the growth of the services in the same ways as it does for
consumer durables.

Noticeably, the rise of the sharing economy boosts service innovation. Studies on the
adoption of house sharing, i.e., Airbnb, and shared mobility, i.e., Uber, Didi, investigate the
growth of the new services and their impact on traditional industries (Chen & Wang, 2019;
Zervas et al., 2017; Zhang et al., 2020). In the shared mobility study, Zhang et al. (2020)
elaborate on a two-stage usage-adaption process of the diffusion of carsharing innovation. As
carsharing service is operated in regional areas, the initial adoption may be contingent on the
information flow — only those who possess the information about the carsharing stations in
their local area are in the position to make an adoption decision. Therefore, the initial adoption
peak could result from the information bottleneck instead of market saturation. The authors
further argue that continued usage determines the market potential only in the later stage. Due
to data constraints, their empirical work focuses only on the first stage of initial adoption and

leaves the second stage of long-term usage untapped.
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3.2.3 Diffusion of Innovation in Business-to-Business Context

The diffusion of service innovation in a business setting mainly gains research attention
in the information system area. In the business-to-business context, technology adoption
studies draw on the expectation-confirmation theory (Davis et al., 1989; Venkatesh et al.,
2003) and take the perspective of drivers of individual adoption instead of the aggregate level
of diffusion among the population.

Technology adoption in the business-to-business context relies on factors that differ
from consumer adoption, such as various perceptions used as the proxy for expectation.
Examples of driving factors of adoption include organizational structure characteristics and
organizational performance (Greenhalgh et al., 2004; Oliveira & Martin, 2011; Wolfe, 1994).
The theory then links the adoption outcome back to expectations to form an evaluation based
on business considerations (Kim & Malhotra, 2005).

In the marketing literature, although merchants are significant players in purchasing
activities, the focus of innovation diffusion is tightly centred around the consumer group. One
exception is Bucklin & Sengupta (1993b), whose seminal work examined the joint diffusion of
the Universal Package Code (UPC) symbol and the retail scanners in a business context.
Another is Plouffe et al. (2001), who compared consumer adoption and merchant adoption
towards a smart card system and concluded various characteristics of the adopting groups that
stimulate adoption. But again, this is merely adoption, not comprehensive knowledge of how
co-dependent innovation would diffuse over time.

We summarise the literature from the aforementioned three streams that closely relate

to the current study as follows:
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Citation Innovations Consumer Merchants  Diffusion Merchant Key Insights
Adopters Adopters Over Time  Differentiator

Bucklin & Sengupta, Industrial innovation (Universal v v By size Study the diffusion of complementary innovations wit

1993b Package Code (UPC) symbol and a constant co-diffusion effect.
scanner)

Stremersch et al., 2007 Consumer electronics (Hardware v v NA Demonstrate the effect of cumulative hardware sales
and compatible software) (diffusion) on software sales(diffusion).

Gupta et al., 1999 Consumer durables (Digital TV v v NA Propose and test consumer response model to
and digital programs) forecast market evolution (diffusion).

Bayus, 1987 Consumer electronics (CD player v v NA Forecast sales (diffusion) for contingent products.
and CD discs)

Ladron de Guevara et Consumer electronics (PC and v NA Propose a modelling framework for cross-product

al., 2007 Internet) interactions.

Dewan et al., 2010 Consumer electronics (PC and v v NA Demonstrate the co-diffusion effects for PC and
Internet) Internet are prevalent across the globe.

Cenamor et al., 2013 Consumer electronics (Game v NA Demonstrate the platform adoption is driven by the
console and game titles) users of complementary products.

Niculescu & Whang, Service innovation (Wireless v v NA Demonstrate two-way co-diffusion effects between

2012 voice and Wireless data) base users and sophisticated users.

Plouffe et al., (2001) Service innovation (Smart Card v v None Driving factors for consumer adoption and merchant
System) adoption are different.

Au and Kauffman Service innovation (Mobile v v None Provide guidance on the technology adoption from

(2008) payment) an economic perspective.

Current study Service innovation (Contactless v v v By industries Demonstrate the impact of churn rates on the

payment methods)

diffusion of co-dependent innovation.

Table 13 Literature Summary
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Given the summary above, the gap in the literature is evident. Limited research has
been done to address the innovation taken up by two distinct groups. No prior work
investigates the diffusion of co-dependent service innovation between two adopting groups.
Prior knowledge on the diffusion of complementary innovation may not hold given that the
innovations being studied are adopted by a single group, i.e., the consumer group, instead of
requiring simultaneous usage by a dyad pair. The interactions between the two adopting
groups add to the uncertainty of the diffusion process, as the adoption and disadoption (i.e.,
churn) may influence not only the ongoing decisions of one group alone but also the two
groups collectively. Thus, the churn rate in the proposed model may capture the dynamics in

the interaction and pose as a proxy for feedback effects from one group to the other.

3.3 Study Framework

The current study examines the diffusion of co-dependent innovation across two
adopting groups with a three-stage design. When looking into long-term usage, our literature
survey shows that churning has been studied under the customer lifetime value topic as a key
obstructor of growing customer value in the long-term (Kumar & Reinartz, 2016). Marketing
activities such as free trial promotions help attract customer adoption during the early months
since the innovation is introduced, but risk incurring a higher churn rate at the end of the free
trial period due to the unsatisfied quality of the innovation (Foubert & Gijsbrechts, 2016). As
the diffusion of co-dependent innovation requires the co-working of the two adopting groups
to jointly adopt and use the innovation, the level of satisfaction between groups could be a
determinant of continual usage. To keep both user groups satisfied, providers of
interdependent innovations strive to increase the engagement of each group during each
interaction and hence avoid low satisfaction resulting in churn. The impacts of churn rates on
the diffusion of service innovation are studied in Libai et al. (2009); however, to our best
knowledge, no study has explicitly incorporated the churn rates in the diffusion of co-
dependent innovation.

Therefore, as the first step, we compare the Bass modelling with and without a churn
rate configuration to establish the diffusion characteristics on the consumer and merchant
sides. Then, we dive into the dynamics of churn rates as the proxy for the feedback effect
between the dual adopting groups. Lastly, we provide a special check for the diffusion of co-
dependent innovation across different industries. We hypothesise that each adopting group
impacts the diffusion of the innovation, and the diffusion outcome, in turn, impacts the

continual usage decision of each group through the churn rates. Therefore, the churn rate
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could be more important in the diffusion of co-dependent service innovation than that of
independent service innovation. An illustrative study framework is shown below.

As mentioned before, the payment market provides an ideal context for examining co-
dependent innovation. The diffusion of payment innovation, such as payment cards and

contactless payment methods, constitutes a pair of complementary innovations that requires

Adoption outcome by
h T consumers

—»
Consumer group P

Adoption outcome by

Merchant group > hant
merchants

Figure 6 Study Framework

the uptake by two distinct user groups — consumers and merchants. Therefore, our research
aims to disentangle the diffusion process to provide an understanding of the role of each
adopting group and the interactions between them that collectively impact the diffusion path
of contactless payment innovation. Next, we introduce the empirical context and describe the

data and measurement for the analysis.
3.4 Empirical Study
3.4.1 Sample

We investigate the diffusion of contactless payment methods using a transaction-
based data set containing weekly counts of distinct cards and terminals used in contactless
payment transactions. The data provider, who wishes to stay anonymous, operates the
payment network in a developed western country with more than 70% of the market share.
As contactless payment methods increase payment efficiency by reducing the hassle of
inserting a card into the terminal and typing in the PIN to complete the transaction, it is not
surprising to see rapid growth associated with them. Since their first introduction into the
studied country in late 2011, their usage has accounted for 30% of all transactions by the end
of 2020, indicating a 60% compound annual growth rate. The local payment network started
to label the payment cards and terminals used in contactless transactions at the beginning of
2012, and since then, the data has been consistently recorded. Therefore, our data accounts
for all transactions processed by the provider from 2012 to 2020, accounting for over 70% of

the share of non-cash transactions nationwide during the observation period (i.e., payments

64



made by cards, mobile apps, and webpage). The rich data set enables us to investigate the
diffusion of contactless payment methods among consumers and merchants and provides

ample information for merchants across all key industries.

3.4.2 Measurement

We present the variables and measurement used in the study as follow.

Variable Names Description Literature
Card Usage The count of distinct payment card numbers used in Carbo-Valverde et
contactless transaction in each period (weekly, bi- al. (2016)

weekly, four-weekly). The card numbers represent both
physical payment cards and virtual payment cards
associated with mobile payment.

Term Usage The count of distinct terminals used in contactless /

transaction in each period (weekly, bi-weekly, four-

weekly).
SIC ID Standard industry classification code that is adopted in Yli-Renko &
the studied country. Janakiraman (2008)

Table 14 Summary of Key Variables

Consumer Usage

We use card usage to represent consumer usage, which is measured by the number of
distinct cards used for contactless transactions in the specified time interval (i.e., weekly, bi-
weekly, and four-weekly). In line with Wright (2002), we assume that consumers choose a
focal mode of payment. One payment study uses card issuance size to represent card adoption
(Carbo-Valverde et al., 2016). After reviewing the card issuance data obtained from the
public source (i.e., the website of the Reserve Bank of the studied country), we deem this
measurement less relevant to the study of contactless payment diffusion. The issuance size
could serve as the base for general card adoption but not necessarily relate to the uptake
decision regarding a specific card function.
Merchant Usage

We use terminal usage to represent merchant usage, which is measured by the number
of distinct terminals accepting contactless transactions in each period. Specifically, we count
the number of terminals that have accepted at least one contactless transaction for the
specified time interval (i.e., weekly, bi-weekly, and four-weekly). An alternative
measurement related to the merchants’ uptake of contactless payment is the count of
contactless-configured terminals per period. However, after exploring the data based on

configuration, we deem this measurement could inflate merchant usage as merchants can
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refuse to take contactless transactions even with their terminals configured as contactless
enabled. Therefore, to avoid potential overrepresentation, we use the count of terminals based
on contactless transactions to reflect true contactless payment acceptance corroborated by the
evidence of contactless payment transactions.

We show the data range of card usage and terminal usage in the following table. The
standard deviation value shows that consumers’ usage decision tends to have a greater

deviation from its mean value, indicating a more dispersed diffusion outcome than that of

merchants.
Variable Mi 1% Median Mean 3rd Max Standard Correlation with
n Quantile Quantile Deviation  Card Usage
Card 33 143,729 773,046 893,457 1,645,505 2,220,417  741025.4 1
Usage
Terminal 12 4,153 17,068 19,600 34,858 42,683 15160.34 0.9951
Usage

Table 15 Summary of Card Usage and Terminal Usage

Standard Industry Code

Standard Industry Code (SIC) stored in our data provider’s database is formatted
based on the industry coding standard adopted in the studied region. It categorises merchants
into the industry classification based on their primary business. The database contains 218
unique SIC IDs. Consolidating subcategories into the main industry types initially yielded ten
industries. We decided to list “Restaurant and Café” as a stand-alone category as the demand
for payment innovation could be unique for restaurants and cafés compared with other
subcategories classified in “Entertainment and Hospitality”. SIC classifies restaurants and
cafés under “Entertainment and Hospitality”, a category also includes hotels, motels, night
clubs among others. Allowing “Restaurant and Café” to sit within the “Entertainment and
Hospitality” category tends to obscure the contactless payment innovation growth in
restaurants and cafes, whose market penetration appears to be greater than other sub-
categories, and thus fails to identify interesting details across industries (merchants). In
addition, payment network facilitators are interested in merchants running restaurants and
cafés, who are believed to have greater enthusiasm to accept contactless payment and to
benefit from fast checkout, albeit the extra surcharges. Therefore, grouping “Restaurant and
Café” separately provides more interesting managerial implications. We set out our

examination of the diffusion of contactless payment methods in 11 industries.
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As the diffusion process is time-dependent, industries that introduced the innovation

at a relatively late stage may enjoy rapid diffusion of the innovation as potential adopters may

have gained general knowledge about the innovation for a long time. Therefore, we extract

the first adoption week together with the median and the max adoption time from the

database and deem that these could be informative on whether the late users become

beneficiaries of the prior innovation growth.

Industry Description First Value Current %
Adoption distribution of total
Week (total Median Max  merchant
week = 429) uptake °
Retail Includes traditional retails and liquor ~ Week 36 3309 7730 18%
stores.
Restaurant and Cafe Includes restaurants and cafes. Week 1 2837 7096 16%
Supermarket Includes supermarkets of varied sizes =~ Week 45 3795 5764 11%
(i.e., chain stores, and independent
superettes). The size effect is
inherently captured by the terminal
counting as larger supermarkets
install more terminals.
Food Includes butchery, bakery, takeaway =~ Week 1 2607 5231 14%
food retailing.
Automobile Includes petroleum/service stations Week 38 1489 4257 8%
and automotive repair and service.
Pharmacy and Beauty  Includes pharmacy, health services, Week 43 1481 4148 10%
hairdressing, and gyms.
Transport and Travel Includes travel agencies, taxies, Week 63 1785 3991 6%
parking, and rental car services.
Entertainment / Includes entertainment, Week 1 3952 3150 7%
Hospitality accommodation, book, music, and art
related.
Clothing Includes apparels and jewellery. Week 32 815 2588 6%
Miscellaneous Includes storage, postal services, Week 2 480 1939 3%
telecommunication services, charities,
education, and real estate.
Government and Includes government, financial Week 72 58 275 1%

Finance

institutions, and insurance companies.

Table 16 Descriptive Merchant Adoption by Industry

5 % obtained after industry consolidation in March 2020
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3.4.3 Model-Free Evidence

A normalized plot between card diffusion and terminal diffusion is presented in
Figure 7. Normalization is done via dividing the actual value for each series by its mean. The
plot illustrates that terminal diffusion takes off slightly prior to card diffusion, but the two
diffusion paths cling closely to each other especially in the early weeks. Diversion emerges
after week 200, where terminal diffusion gathers significant momentum. The relative position
changes again after week 320 when terminal diffusion appears to approach a bottleneck while

card diffusion keeps soaring.
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Figure 7 Normalized Card (Consumer) Diffusion vs. Terminal (Merchant) Diffusion
3.4.4 Modelling Approach

The classic Bass Model is parsimonious yet robust in modelling the diffusion of
innovation (Wright et al., 1997). The model characterizes two different forces that drive the
diffusion of innovation since its initial introduction (Bass, 1969). One force is termed the
innovation effect, which depicts influences external to the social system that encourages
innovators to pioneer in adopting the innovation and communicate their adoption decision
and experience to the non-adopters. Research demonstrates that the fundamental role of
innovation effect at the introduction stage of the innovation is vital for an innovation to
diffuse. Without sufficient innovation effect, the target innovation has a limited chance of
reaching the wider population. In contrast, adopters who choose to adopt as the result of
influence from someone else’s adoption decision are called imitators. Imitators include both

early adopters and late adopters, both of whom are subject to the influence of existing
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adopters. Bass (1969) argues that adoption decisions can be influenced by both innovative
and imitative effects. However, the imitation effect kicks in after the innovation takes off and
is deemed fuelling the rapid growth of the innovation towards its market potential. The
market potential is defined as the ceiling of the number of adopters in a population and is
usually assumed to be constant (Mahajan et al., 1979).

Extant research proposes modifications to account for diverse diffusion scenarios
based on the classic Bass model. Relevant to the current study, Bucklin & Sengupta (1993b)
examine the diffusion of complementary innovation — UPC symbol and scanners — by
incorporating a co-diffusion effect as part of the innovation effect in the diffusion equations.
Mahajan & Peterson (1978) is among the early work that investigates a dynamic market
potential. Compared with a static ceiling of the number of adopters assumed in the classic
Bass model, the authors suggest that the market potential shall be expressed as a function of
previous adopters such that the ceiling of the number of adopters can be continuously
increased alongside the diffusion process of the innovation. Unlike the majority of diffusion
work focusing on consumer durables, Libai et al. (2009) modify the Bass model to fit the
service industry. Given the pay-by-usage nature of service consumption, data is available for
both adoption and churn or disadoption. Therefore, the authors include a retention rate, which
equals to “1-disadoption or churn rate”, applied to the innovation effect and the not-yet-
adopting population.

We adopt the modified basic Bass model with churn rates introduced in Libai et al.
(2009) to examine the diffusion of complementary innovation. Unlike innovation in
consumer durables, service-type innovation incurs churn as the adopters can stop using the
service temporarily or permanently. This pause or stop behaviour can be captured by the
usage data, which is not quite feasible for consumer durables since the durables can only be
captured at sales but not at dumping. Contactless cards are used by consumers and terminals
that accept contactless payment are taken up by merchants. The model assumes that the
probability of adoption for those who have not yet adopted the innovation is a linear function
of those who have adopted and continued to use it at the time of being influential.

Our model specification is consistent with the equation in Libai et al. (2009),
assuming that the leaving adopters may re-join the service at a later stage and thus shall not
be excluded from the total adopting population. For the given data interval (i.e., weekly, bi-
weekly, four-weekly), we share the perspective of existing literature that only the adopters

who have not churned spread the word-of-mouth of the innovation (Libai et al., 2009).
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Therefore, let § be the churn rate we model, and the (1-8) represents the proportion of

remaining active adopters. Full model specification and deduction is shown as follows.

dN;(t) _

pranin pi[m; — N;(©)] + q;(1 = 6;)

m(it) [m; — N;(t)] — 8;N;(t) (Eql)

m
Where:

N;(t) represents the number of contactless payment innovation adopters at the time ¢,
and i = 1 represents the card usage, i = 2 represents terminal usage.

p; is the real innovation effect for i = 1, 2;

q; 1s the real imitation effect for i = 1, 2;

m, is the real effective market potential for i = 1, 2.
By integrating equation (Eq1l), the model gives the relationship between effect diffusion
parameters and real diffusion parameters after accounting for the churn rate (§).

_ Ai+Bi

¢ L2q;(1-6))
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=0
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where i = 1 represents the card usage, i = 2 represents terminal usage.

3.5 Results

We fit the data of card diffusion and terminal diffusion into Eq(1) respectively and
estimate the model with nonlinear least square (NLS), an approach consistent with the NLS
estimation adopted in Libai et al. (2009). In general, the model output shows satisfactory
statistical power, with all parameters showing expected signs and levels of significance. The
churn rates for merchant and consumer adoption are based on transaction data. Inclusion of
churn rates results in a reasonable level of estimated market potential that approximates the
current payment market size of the studied country — the total number of payment cards in
use 1s around 5,280,000, and the number of active terminals on record sits around 150,000 in
2020 (data obtained by querying the database of the anonymous data provider). We provide
model summary as follows — Table 17 presents the diffusion characteristics without the churn
rate, and Table 18 presents the real diffusion parameters and market potential after

accounting for the churn.

70



Market potential Innovation effect Imitation effect

(m) () (@
Card Usage 2,240,204 0.00032 0.0146

(p<0.001) (p<0.001) (p<0.001)
Terminal Usage 42,487 0.00034 0.0168

(p<0.001) (p<0.001) (p<0.001)

Table 17 Model Summary — Bass Model without Churn Rate — Effective Estimates

Market potential Innovation effect Imitation effect Churn rate
(m) () (@
Card Usage 6,035,266 0.0001249 0.04045 0.025
Terminal Usage 155,727 0.0000941 0.06440 0.045

Table 18 Model Summary — Bass Model with Churn Rate — Real Estimates

It is evident that without the churn rates, card and terminal diffusion characteristics
appear similar, while the indicated market potential for cards and terminals deviates far from
the actual volume. After accounting for the churn rates, the diffusion characteristics, namely
the innovation effects and imitation effects, diverge, with the market potential for cards and
terminals becoming realistic.

By reviewing the overall model fit and the predicting power, we conclude that the
proposed Bass Model with churn rates works better for merchant usage than consumer usage.
All key parameters, namely the innovation effect, imitation effect, and market potential, show
reasonable signs and magnitudes, with strong statistical significance. By splitting the data
into 75% training and 25% validation subsets, the Mean Absolute Percentage Error (MAPE)
and Root-Mean-Square Deviation (RMSE) measurements are calculated for both the fitted
values (fitted by the training data) and predicted values (predicted with the validation data).
Merchant usage consistently shows lower values in both measurements than consumer usage,
indicating a better model fit. It is noted that the given the real data in the validation subset has
higher values, the Correlation Coefficient and RMSE are greater in magnitude, as those
metrics are in absolute terms. It is seen from the MAPE, which is not impacted by the
magnitude of the actual values, that the measurement on validation data does not deteriorate.

Refer to the following table for details.
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Training Validation

Correlation MAPE?® RMSE Correlation MAPE RMSE
Coefficient (r) Coefficient (r)
Card 0.9982 0.1149 33,129.94 0.9343 0.0610 155,173.4
adOptiOIl (p<0.001) (p<0.001)
Terminal 0.9975 0.0500 894.0201  0.8347 0.0275 1,397.3430
AdOptiOl’l (p<0.001) (p<0.001)

Table 19 Model Diagnostic Summary

RO1 Key Results — The Bass model fits the data well; Imitation effect drives merchant

adoption while innovation effect fuels consumer adoption.

By comparing the size of effects of both innovators and imitators on the diffusion
paths, we observe that the diffusion of co-dependent innovation relies much on the imitation
effect in each adopting group. When comparing the magnitudes of the diffusion drivers found
in the current study against the average size of effects summarised in diffusion literature, we
notice a sizable difference, as our p; and q; are much smaller than average values.
Chandrasekaran & Tellis (2015) records the mean values of the coefficient of innovation are
ranged between 0.0007 and 0.03, while the range of coefficient of imitation is between 0.38
to 0.53. Our results for both adopting groups fall outside of these thresholds. One explanation
could be that innovators may be scant at the introduction stage of the innovation due to the
higher uncertainties inherent in the co-dependent pair. Unlike independent innovation that
can be adopted and used alone, co-dependent innovation requires to be adopted and used
jointly. Therefore, anyone who is genuinely willing to adopt the contactless payment
innovation may ask the question of whether there will be sufficient adoption taken by the
other user group to enable the actual usage. Another possible explanation is that the
parameter estimates are lower due to the higher data granularity in the current research
compared to other Bass modelling studies. These explanations are not mutually exclusive.

RQ2 Key Results — Churn rates help depict the diffusion pattern better.

Results suggest that incorporating churn rates in the context of the diffusion of
contactless payment innovation is critical, as the estimated size of market potential only
appears to be reasonable when the churn rates are accounted for (Table 18). Data shows that
by the end of December 2020, the number of active payment cards used in contactless

transactions reached 4,000,000, and the number of merchant terminals accepting contactless

® Note: For training model performance, MAPE is calculated on left trimmed data to exclude the early fluctuations
commonly observed in diffusion time series.
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payments reached 64,000. Under the Bass modelling framework, the market potential without
churn rates predicts merely 2,000,000 for card usage and 420,000 for terminals, leaving no
room to grow. Ceteris paribus, the market potential predicts to be 4,000,000 and 155,000
respectively, when the churn rate is accounted for. Therefore, the model without churn rates
significantly underestimates the market potential for both diffusion paths. With the vastly
different market potential, it is reasonable to assume that the associated innovation effect and
imitation effect estimated by the Bass model without churn are by no means accurate.

As shown in Libai et al. (2009), churn rates impact the diffusion parameters
differently. Given the limitation of our data, we do not obtain the actual weekly churn rates
by tracking the contactless payment usage of every card and terminal, as this requires
comparing 5 million transactions daily. Instead, we model the churn rates based on the
realistic market potential. Results show that the churn rate for consumers sits around 2.5%,
while the churn rate for merchants reaches 4.5% on a weekly basis. It is not surprising to see
merchants showing a higher churn rate than consumers, given the fact that merchants
shoulder the costs of enabling contactless payment by paying transaction surcharges. The
potential benefits of accepting contactless payment for merchants include increased
efficiency at the checkout during peak hours and consumers’ appreciation of the convenience
of paying. If those benefits can be translated into more business or more returning consumers,
the merchants will be willing to pay for the costs. Otherwise, the increased costs may only
drag down the profits and lead to discontinued acceptance of the pricy payment innovations.

After accounting for the churn, the real innovation effect of consumer usage reduces
by 60% and its real imitation effect sees a large increase of 170%. The movement for
merchant usage is even greater, with a 72% drop in the real innovation effect and a 283%
gain in the imitation effect. The existence of churn rates steers the driving force of diffusion
towards the imitation effects, but the magnitude of the steering differs between merchants
and consumers. Thus, increases in churn rates impact the innovation effects and imitation
effect in different directions, indicating that the parameters of Bass model without churn rate
can be severely affected by omitted variable bias in the context of co-dependent diffusion of

service innovations.

3.6 Robustness Tests
To test the robustness of the results, we re-run the model with bi-weekly and four-
weekly data of both consumers and merchants. Bass (1969) indicates that the diffusion

parameters can depend on the time scale used in the modelling. Therefore, we expect the
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magnitudes of p and q to vary when plugging in bi-weekly and four-weekly data. However,
the relative strength of the innovation and imitation effects for consumer usage and merchant
usage is expected to be consistent with the weekly output. That means, after accounting for
the churn rates, merchant usage tends to have a lower innovation effect and higher imitation
effect than consumer usage. We also expect the model fit of merchant usage remains to be
better than that of consumer.

Results confirm that the pattern identified with weekly data of merchant and
consumer usage is robust (Refer to Table 17 & Table 18 for Model Summary of the original
model and the Appendix B for Robustness Test Results). In addition, the modelling outputs
with four-weekly data shed light on the changes of churn rates. When data interval increases
from bi-weekly to four-weekly, the churn rates significantly increase for both consumer
usage and merchant usage. This meets the expectation that over a longer period, users’
intention to continuously use the innovation is subject to change. The hikes in modelled
churn rates for both user groups, merchant group and consumer group alike, suggest that
more users tend to stop using contactless payment methods when they experience the
innovation for more than two weeks. Evidence shows that merchants are more likely to dis-
adopt than consumers, given a 77% increase in merchant churn while a 40% increase in
consumer churn. Without further investigating the reasons behind the churn rates for both
groups, we offer one potential explanation, which could be the interaction outcome between
the merchants and consumers discourages a proportion of users and thus drives them away.
Since merchants are burdened with the contactless payment surcharges and consumers gain a
free ride, merchants tend to churn if the expenses are not justified, and consumers tend to
stop using contactless payment if the merchants patronised refuse to accept this means of
paying anymore. In sum, our findings are robust by delivering a consistent pattern of
diffusion for merchants and consumers with different granularity levels of data and unveil the

changes in churn rates for both adopting groups with different time spans.

3.7 Simulation on Churn Rates

As the churn rate impacts the parameters of the modelling output, we further
investigate how changes in the churn rates will be translated into changes in the diffusion
parameters. Taking merchant usage as an exemplar case, with the effective diffusion
parameters determined by the data, we rely on the computer-simulating procedure to generate
stochastic churn rates to provide statistical estimates of the real innovation effect, imitation

effect, and market potential (Alvarez & Lippi, 2013). This approach will shed light on the
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impact of different churn rates on the three key parameters used to describe the diffusion of
co-dependent innovation on the merchant side.

The modelling output shows an average churn rate of merchant usage at 0.045.
Therefore, the simulation process specifies 10,000 random draws from a uniform distribution
bounded by 0 and 0.1, indicating that each random number between 0 and 0.1 has an equal

likelihood of being drawn. We share the simulating information as below:

Distribution Interval Number of iterations Mean

Churnrate  Uniform (0,0.1) 10,000 0.04975

Table 20 Summary of Simulated Churn Rates

By incorporating the randomized churn rates into the real diffusion modelling, we
generate 10,000 corresponding sets of real diffusion parameters. The average simulated
market potential (m) is 167,807, 7.76% higher than results from the real diffusion based on
data but is close to the total number of terminals registered in the database of the payment
provider. Therefore, the simulation is feasible given that the simulated market potential
illustrates an ideal world that all merchants accept the contactless payment in the end. The
average simulated innovation effect (p) is 0.0001127, slightly lower than the innovation
effect at 0.0001249 based on data. The increase of the market potential and the drop in the
innovation effect imply declining importance of innovators in the diffusion of contactless
payment innovation. Larger driving force may come into play after some users in the group
adopt and continue to use the innovation. This idea is echoed with the result of the mean
simulated imitation effect, which proves to be 9.86% larger than the imitation effect based on

data.

Variable Min 1 Quantile ~ Median Mean 3" Quantile Max

Innovation effect (p) ~ 0.00004958 0.00006358  0.00008752  0.0001127  0.0001379 0.0003439
Imitation effect (q) 0.0168 0.04296 0.06942 0.07076 0.09815 0.12943

Market potential (m) 42,504 105,960 166,989 167,807 229,894 294,777

Table 21 Simulated Model Output

The simulation results help describe how the market potential and the two driving
forces of diffusion will change as a result of changed churn rates within a specified range.
Since the churn rates for co-dependent innovation also embody whether both adopting groups
are willing to continue use the innovation based on their interactions, the relationships
between churn rates and the simulated innovation and imitation effects are also informative.

Figure 8 & 9 present the density plots for churn rates associated with the two diffusion
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characteristics respectively. It is observed that the churn rates are positively associated with
imitation effects, as higher churn rates may imply higher imitation effects. On the contrary,
churn rates negatively relate to the innovation effect, and the highest innovation effect occurs
when the churn rate equals zero. The pattern density also unveils that the simulated
innovation effect tends to concentrate on a lower range, i.e., between 0.00005 and 0.00015,

with churn rates spanning from 0.02 to 0.08.

Churn Rate vs. Innovation Effect

[
h Counts
3e-04 —
353
% 3
0.00025 — ‘ 287
265
53
28:04 21
15
0.00015 — 133
111
89
1e-04 67
45
23
1

5e-05 T T T T
0.02 0.04 0.06 0.08
churn_tsim

Figure 8 Simulated Churn Rate vs. Innovation Effect.
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Figure 9 Simulated Churn Rate vs Imitation Effect

3.8 Exploring Merchant Usage by Industry

Prior literature either selects a subset of related industries for analysis (Stremersch et
al., 2007) or examines the size of the merchants on top of their behaviour (Bucklin &
Sengupta, 1993b). None of the prior work examines the diffusion of innovation across all
major industries. Given the rich data set, our current work is able to assess the diffusion of

complementary innovation across all industries (later grouped into 11 major categories) in the
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studied country. This provides some interesting managerial implications as well as a further
robustness check on the main results.

Relying on the Standard Industry Code (SIC) information associated with each
merchant that operates terminals, we group all terminals used in the contactless transaction
by industry. After evaluating the nature of the business, we combine some similar industries
into a more conclusive one to reduce the undesired nuances in the findings. For instance,
“Entertainment and Hospitality” takes in “Book and Video” as well as “Music and
Photography” as the latter two are both activities for leisure time. The number of terminals is
also a consideration, leading to a moving-out of the food category from a general
“Supermarket and Food” group. After the consolidation, ten main categories and one
miscellaneous category are ready for modelling.

Data shows that 18% of the contactless payment enabled terminals are used by retail
merchants, followed by 16% by those running restaurants and cafés at the end of 2020. It is
not surprising that merchants in retailing and dining segments welcome contactless payment
the most. However, the model output of merchant usage by industry reports two interesting
findings, discussed in the following paragraphs. A detailed model summary of merchant
usage per industry can be found in Appendix C.

RQO3 Key Results — Late-adopting industries tend to show higher churn rates, while early-

adopting industries build solid user bases and witness less churning.

The Transportation and Travel industry exhibits the highest imitation effect (q =
0.1432), which is almost ten times larger than the imitation effect of the merchant population
overall. By reviewing the first adoption week for this category, we notice that merchants in
this industry took up contactless payments relatively late (week = 63, which is more than one
year later than the earliest adopters). Late entrants to the market, although missing the
benefits of first movers, tend to have an easier adopting environment, with more mature
techniques of innovation and higher willingness to use among consumers, as the result of the
growing size of early adopters. However, the Transportation and Travel industry also scores
the highest churn rate among the 11 industries, indicating that an unstable early adopter group
within the industry tends to fail the mission of consistently driving the usage of contactless
payment innovation.

Merchants in the Automobile industry are motivated to be early adopters of
contactless payment (p = 0.000465, which is four times higher than the merchants across all
industries). As merchants categorised in the automobile industry include service stations, the

willingness to become early adopters is justified by the importance of having a quick check-
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out process for service station merchants. Drivers are keen to get back on the road, and
merchants are keen to increase the turnover by reducing the queuing time, since there is a
limited number of pumps per station. A slow check-out process will end up with long queues
and low turnover, potentially turning drivers away as long as they have sufficient fuel to
patronise another service station nearby. Therefore, in the case of automobile merchant
adoption of contactless payment method, results confirm the importance of matching the
characteristics of innovation with the top business need to fuel the diffusion rate.

The Bass model with churn rate generally fits well with all industries, with a high
correlation of coefficient (i.e., average r = 0.988) between actual values and predicted values
per industry and a low RMSE (i.e., average RMSE = 197.313) across all industries studied.
The magnitude of RMSE depends on the range of the raw data. Therefore, considering our
data for merchant adoption ranges from 12 to 42,683, we deem the calculated RMSE,
although large in magnitude, can still be plausible. Note that the calculation of r and RMSE is
not weighted by the number of merchants in each industry. We present the plots of model fit
for 11 industries in Appendix C, where actual values are in blue, and the fitted values are in
orange. Here we comment on four typical examples, showing some of the best and worse
model fit. We see an obvious deviation from the general S-shaped diffusion paths for
merchants in “Automobile” and “Transportation and Travel” industries. However, the
diffusion plots of contactless payment among merchants in the “Restaurant and Café” and
“Entertainment/Hospitality” industries demonstrate great model fit, as the actual data closely

aligns with the fitted plots.
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Figure 10 Merchant Usage in Automobile Industry & Transportation Industry
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Figure 11 Merchant Usage in Restaurant and Café & Entertainment/Hospitality Industry

3.9 Summary and Discussion of Key Findings

The current study employs the Bass modelling approach to study the diffusion of co-
dependent service innovations. Results confirm that the diffusion paths of the co-dependent
innovations differ among the adopting groups (RQ1). Specifically, the imitation effect drives
diffusion on the merchant side, indicating intense peer pressure among merchants towards
adoption and usage. In contrast, diffusion on the consumer side is fuelled by the innovation
effect as the result of external influence (RQ1). By comparing the modelling output with and
without churn configuration, we confirm the importance of accounting for the churn rates in
the co-dependent diffusion. Therefore, churn rates can be used as a proxy of the interaction
and thus to depict the feedback between the co-dependent groups (RQ2). Applying the Bass
modelling to 11 main industries in the studied country, we provide substantive evidence of
how co-dependent innovation diffuses across industries and highlight the results against the
common wisdom about innovation uptake (RQ3). The key takeaway of the current study can
be summarised in the following three aspects.

We answer RQ1 by confirming that the diffusion of co-dependent innovation differs
between the merchant and consumer adopting group with the Bass model. The parsimonious
yet robust Bass model shows that the diffusion among merchants has higher imitation effects
than that among consumers, with and without churn rate accounted for. Consumers show a
lower imitation effect and a similar innovation effect as with merchants when consumer
churn is not accounted for. However, accounting for the churn rate reverses the relative sizes
of innovation effects of consumers and merchants, with greater innovation effect found in the
card diffusion. This reversal reveals a stronger persuasion from external communication, i.e.,
mass media advertising (Lee et al., 2014) for consumers’ usage decision. Moreover, the
inclusion of churn rate pushes the imitation effect on the merchant side to be the dominant
forces in driving the diffusion, as the innovation effect slides while the imitation effect gets a

boost. Merchants, therefore, show greater responsiveness to word-of-mouth or peer pressure
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in their usage decision of co-dependent innovation. The model fit for the diffusion by
consumer and merchant groups proves plausible, with high correlation coefficients and low
deviations between the predicted and actual data points.

We propose the churn rate as the proxy for the interaction between the adopting
groups in the diffusion of co-dependent innovation. Consumers will churn if they
continuously get unsatisfactory experiences when their usage decisions mismatch with
merchants’. A similar situation applies to merchants. Hence, the churn rate's relative size
represents the interaction outcome. It is evidenced that when accounting for the churn rates,
the model output satisfies the face validity and demonstrates good statistical and predictive
validity. By simulating the churn rates for the merchant group, we depict how changes in the
merchant churn impacts the diffusion characteristics of contactless payment terminals.

Our examination of the 11 industries (treating Restaurant and Café separately from
the Entertainment and Hospitality industry) covers the whole population of the active
merchants in the studied country and answers our third research question regarding the
industry-specific impact. We are the first to study the usage behaviour of merchants by
industry, and the results are informative in the following three aspects. The diffusion of
contactless payment in the restaurants and cafes is in line with our expectation, such that the
diffusion rate is strong, (i.e., the combined real innovation and imitation effect combined
reaches 0.0513), driven by merchants’ desire to facilitate the check-out process and bring
consumers more easiness and convenience. However, our common knowledge about
merchants in dining services does not secure them with any leading position of innovation
effect nor imitation effect in the diffusion of contactless payment, since neither the effects top
those of remaining merchants in other industries.

As discussed in the result section, we see that the "Automobile” industry leads the
real innovation effect in contactless payment uptake. When linking the constituent members
in the automobile industry to this unexpected result, we find this strong innovation effect
makes good sense. Services stations constitute a large portion of merchants in the automobile
industry, and speedy checkout is in high demand at service stations, given the limited number
of petrol pumps. Contactless payment innovation outperforms all the other means of payment
by providing a smooth and fast check-out process. Therefore, matching the contactless
payment features with the merchants’ needs contributes to the early adoption of contactless
payment, implying a strong innovation effect, in the automobile industry.

Another diffusion surprise comes from the “Transport and Travel” industry, where a

sharp uptake of contactless payment happened between week 200 and 215. As the result,
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modelling outputs for merchants in transport and travel show a high imitation effect, three
times larger than the “Restaurant and Café” industry. Three facts draw our attention to dive
into the details of the merchants in this industry. First, merchants classified in this category
are taxis, rental car companies and public parking operators. As those businesses are likely to
be run in a large scale, we have reason to believe that the usage decisions may come from a
high level and are applied to many terminals in a short time. Second, we notice the first
adoption week for this industry is rather late (i.e., week 63), which confirms our postulation
that if the decision comes from the management, the management would surely like to see the
usage picks up successfully in other industries first. Lastly, a high churn rate found in the
“Transport and Travel” industry may indicate there are some drawbacks or at least frictions
when trying to take advantage of some already popular innovation without a solid user base.
This flip of churn may discourage users from the other group, i.e., consumers, when they use
contactless payment successfully for one taxi ride but then find the payment is not accepted
in their next ride.

To our best knowledge, the current study is the first of the kind to simulate churn rates
for modelling and to provide density plots for the relationship between churn rates and the
innovation and imitation effects. Other research opts a specific churn rate from the data or
uses an industry average as the proxy. The plots (i.e., Figure 8) show a non-linear relationship
between churn rates and innovation effect, indicating a greater deduction in innovation effect

when churning just starts to emerge.

3.10 Limitations and Future Research Opportunities

Although our study presents some interesting findings of the diffusion of
complementary payment innovation among merchants, we acknowledge that there are
limitations in aspects of data measurement, model specification and the context of a single
market.

Data Measurement

Diffusion of consumer durables is typically examined with sales data. Although there
is criticism regarding the starting date of the sales to be accounted for, and the fact that the
sales usually fail to distinguish first adopters from returning customers, measuring diffusion
by sales is still a widely acceptable practice. However, in the diffusion of service domain,
there is not much dedicated guidance on the measurement of service usage outcome.

Diffusion of service can be examined through sampled households with a decision-

based measurement on whether to use it or not (Datta et al., 2015). However, the sampling

81



approach is less realistic in the diffusion studies, as the diffusion is supposed to be studied
against the whole population, which consists of innovators, early adopters, and laggards who
are those late adopters. It is not feasible to know beforehand who are the innovators and who
are the laggards to construct a stratified sample that approximates the population. Therefore,
the diffusion of service still relies on the outcome variable, such as the number of
subscriptions and/or registrations to approximate sales in the consumer durable categories
(Hogan et al., 2003; Lilien et al., 2000). In the current study, we aim to use the analogy of
subscription in the payment market and adopt the transaction-based measurement for the
usage of contactless payment by both merchants and consumers. We opt for transaction-
based over the configuration-based for the reason discussed in prior section. In addition, we
find transaction-based measurement aligns with the number of subscribers in that both
measurements associate with the paying-by-usage notion. Configuration alone will not incur
any cost of use, so it fails to accurately depict adoption and usage.

However, we acknowledge that the chosen data measurement still shares the
shortcoming of not being able to distinguish first users from returning users as with most data
used in the diffusion of consumer durables innovation. Flagging the first usage of terminals
and cards is deemed redundant in the payment system, as the key focus of the payment
provider is to ensure continued usage of both adopting groups. As our data provider does not
pursue this flagging practice at the introduction of the contactless payment, retrospectively
adding a flag to the terminal ID and card ID is computationally demanding. Not to mention
that if first adopters disadopt after their first trial, they are not much different from the other
non-adopters in the aspect that no positive word of mouth will be spread. This is starkly
different from the adoption of consumer durables, where a purchase distinguishes adopters
from non-adopters due to the financial commitment. Therefore, our data set does not differ
between first and returning users. We believe the count of total distinct cards and terminals at
each snapshot time shall ease the concern of whether the user is a first adopter or not.

Model Specification

The current study adopts the Bass model with churn rates to model the diffusion of
co-dependent innovation. Although the output exhibits a satisfactory model fit, and the churn
rates appear to be a good proxy of the feedback between the adopting groups, we see two
limitations associated with this modelling approach. First and foremost, the model does not
explicitly incorporate lag terms to show which adopting group moves first and how one
group reacts to the diffusion outcome of the other group. As the key objective of the current

study is to demonstrate the difference between adopting groups in terms of co-dependent
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diffusion, we assume no lagging effect at this stage. A related issue is that the Bass model
parameters are fixed throughout the diffusion process, and this may fail to fully account for
the dynamic effects present in the diffusion of co-dependent innovations. Alternative models,
such as Vector Autoregression Model (VAR) and Vector Error Correction Model (VECM),
may account for the simultaneous estimation and asymmetric temporal effect along the
diffusion process.

In addition, we acknowledge that the use of churn rates as a proxy for the feedback
represents a hindsight measurement that is not available for predicting diffusion outcomes.
Given the payment market context, it is unfeasible to track the usage of individual cards and
terminals in contactless transactions among 5 million transactions per day. Further research
should consider other measurements as the proxy of interaction or utilise a recursive
algorithm with greater computing power to track the actual interaction rates between co-
dependent innovations in contexts other than the payment market.

Single Market Context

We only study the diffusion of contactless payment in a single market. According to
the “Global Innovation Index 2021 report (WIPO, 2021), the overall innovation input and
output of the studied country is ranked in the top 20 in 2020. The country is viewed as
“performance in line with level of development”, sharing the same comment as a few
European countries. In the index, there are countries rated as outperformed — innovation
performance above their levels of economic development, such as Sweden, Switzerland, the
US, and the UK. It would be informative to choose countries stratify-sampled by innovation
ratings to examine the patterns of the diffusion of co-dependent innovation across countries.

In addition, the studied country is considered a late adopter of the contactless payment
innovation, with around 27% of in-store transactions being contactless at the beginning of
2020. For some European countries, such as Denmark, Poland and Netherlands, this number
has been over 50% since 2018 (De Best, 2019). As the contactless payment markets in those
countries may approach market saturation and thus possess data that cover both the take-off
and the slowdown stages, it will be interesting to apply the modelling approach of the current

study to those mature markets and gauge the impact of churn rates on diffusion stages.
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Appendix B Robustness Test Results

Table 1.1 Summary Table with Bi-weekly data

Variable Min Median Mean 3" Quantile  Max Correlation with
Card Adoption

Card Usage 86 1,029,441 1,147,716 2,066,436 2,766,449 1

Terminal 15 18,336 20,917 37,029 45,115 0.9959

Usage

Table 1.2 Summary Table with Four-weekly data

Variable Min Median Mean 3" Quantile  Max Correlation with
Card Adoption
Card Usage 170 1,302,724 1,418,171 2,511,988 3,383,582 1
Terminal 19 19,367 22,213 39,214 47,755 0.9963
Usage
Table 2.1 Modelling Output of Effective Diffusion with Bi-weekly Data
Market potential Innovation effect Imitation effect
(m) (0 (€
Card Usage 2,240,204 0.00080 0.0274
(p<0.001) (p<0.001) (p<0.001)
Terminal Usage 45,125 0.0007 0.0335
(p<0.001) (p<0.001) (p<0.001)
Table 2.2 Modelling Output of Effective Diffusion with Four-weekly Data
Market potential Innovation effect Imitation effect
(m) () (@
Card Usage 3,350,656 0.0018 0.0541
(p<0.001) (p<0.001) (p<0.001)
Terminal Usage 47,920 0.0014 0.0672
(p<0.001) (p<0.001) (p<0.001)
Table 3.1 Modelling Output of Real Diffusion with Bi-weekly Data
Market potential Innovation effect Imitation effect Churn rate
(m) () (€
Card Usage 5,355,345 0.000421 0.05337 0.025
(p<0.001) (p<0.001) (p<0.001)
Terminal Usage 105,162 0.000294 0.08181 0.045
(p<0.001) (p<0.001) (p<0.001)
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Table 3.2 Modelling Output of Real Diffusion with Four-weekly Data

Market potential Innovation effect Imitation effect Churn rate
(m) () (C)
Card Usage 5,472,885 0.001128 0.09163 0.035
(p<0.001) (p<0.001) (p<0.001)
Terminal Usage 104,382 0.000629 0.15927 0.08
(p<0.001) (p<0.001) (p<0.001)
Table 4.1 Model Diagnostic Table with Bi-Weekly Data
Training Validation
Correlation MAPE RMSE Correlation MAPE RMSE
Coefficient (r) Coefficient (r)
Card Usage  0.9980 0.1056 37,852.24 0.9400 0.0921 264,657.9
(p<0.001) (p<0.001)
Terminal 0.9979 0.04872  799.9036 0.9057 0.0375 1881.034
Usage (p<0.001) (p<0.001)
Table 4.2 Model Diagnostic Table with Four-Weekly Data
Training Validation
Correlation MAPE RMSE Correlation MAPE RMSE
Coefficient (r) Coefficient (r)
Card Usage  0.9976 0.1154 48,819.39 0.8845 0.0881 309,814.2
(p<0.001) (p<0.001)
Terminal 0.9981 0.0487 802.3474 0.9157 0.0326 1656.586
Usage (p<0.001) (p<0.001)
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Appendix C Merchant Usage by Industry
Table 1 Model Summary and Model Fitness

Industry Real market Real innovation  Real imitation Churn  Predictive power
potential (m) effect (p) effect (q) rate’ Correlation RMSE
Retail 27,247 0.00043741 0.01222 0.008 0.9904 325.8166
Restaurant and Cafe 17,132 0.00008468 0.05124 0.03 0.9978 169.4665
Supermarket 9,075 0.00008340 0.03853 0.02 0.9955 216.7826
Food 10,261 0.00016816 0.03892 0.02 0.9960 170.5483
Automobile 8,463 0.00046501 0.01826 0.01 0.9649 301.5220
Pharmacy and 8,345 0.00009285 0.04052 0.02 0.9591 517.9531
Beauty
Transport and 5,105 0.00000119 0.14319 0.04 0.9921 220.9752
Travel
Entertainment/ 6,380 0.00008333 0.03853 0.02 0.9981 69.6504
Hospitality
Clothing 5,507 0.00010176 0.03739 0.02 0.9970 68.1058
Miscellaneous 4,806 0.00013760 0.02103 0.01 0.9869 97.1331
Government and 637 0.00002491 0.05190 0.03 0.9903 12.5391

Finance

7" Churn rate is obtained on the weekly basis to match the data used in the model.
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Figure 2 Plots of Diffusion among Merchants by Industries
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Chapter 4 Dynamic Effects in Co-dependent Diffusion of Innovation

Abstract

Technological change has increasingly led to innovations requiring uptake by more than one
population. To diffuse, those innovations rely on two-sided markets, such as digital
marketplaces that connect groups of buyers and sellers (e.g., Alibaba, AirBnB, Uber) as well
as networks formed by two populations, each adopting component innovations (e.g., electric
cars and charging stations, or contactless payment terminals and contactless payment
instruments). A key feature of two-sided markets is that the attractiveness of the innovation to
one population (e.g., drivers) depends on the level of adoption by the other population (e.g.,
riders). Hence there is co-dependency. The current study examines dynamic effects in the
diffusion of contactless payment innovation in a developed western country. Applying the
Vector Error Correction Model (VECM) to eight years of weekly payment data reveals the
pattern of the interactions and short and long-term effects in the innovation diffusion between
the consumer and merchant adopting groups. There is a co-dependent relationship between
the two, with consumers showing more significant response to the variation in merchant
usage than vice versa. This insight goes against the common wisdom that merchants, as the
cost-bearers of the innovation, will be more responsive to a consumer usage shock. These
effects are time-varying, with the interaction prominent in the early years since the
introduction of the innovation, decaying to insignificant before the diffusion plateaued.
Results indicate that platform operators can tailor their user acquisition strategies to
accommodate the needs of the more sensitive adopting group by sustaining the usage at the

early stage to drive diffusion in the long run.

Keyword:

Co-dependent diffusion, network effects, two-sided market, Vector Error Correction Model
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4.1 Introduction

Platform-based markets such as eBay.com, AirBnB and Uber are typical two-sided
markets where the marketplaces act as the intermediary that connects suppliers to customers
and vice versa, aiming to get both sides to subscribe to the platform (Eisenmann et al., 2006;
Muzellec et al., 2015; Rochet & Tirole, 2003). However, there are other two-sided markets
where the participating groups interact directly without, or with minimal, intermediary
facilitation. The success of those markets relies on direct interactions between each
participating side rather than interactions with the market platform. While the characteristics
of the two-sided markets determine interest in the initial adoption, continued usage after the
adoption is based on the subsequent reactions of one side on knowing the usage decisions
from the other side. For instance, card users will use cards for purchases if sufficient
merchants continue accepting transactions by cards. Electric vehicle drivers will purchase
and drive electric vehicles if they know that charging stations are easy to find along their
trips. This type of two-sided market breeds a new diffusion pattern of innovation specific to
those markets, where the innovations require continuous adoption efforts from both sides to
sustain the diffusion process through positive feedback. The current study investigates this
diffusion pattern, termed as the co-dependent diffusion of innovation in two-sided markets
based on the dependency between the adopting groups.

At present, co-dependent diffusion of innovation is hardly studied, yet has become a
more frequent phenomenon with ongoing technological development and disruption of
existing markets. Prior literature on diffusion of innovation examines the characteristics of
the innovation, the preferences of potential adopters, and strategies of platform operators to
boost diffusion. However, the co-dependency between the adopting groups and the feedback
loops between them remains unexplored. To fill the gap in the literature, the current study
leverages a unique data set containing eight years of weekly usage data of a typical two-sided
market, that is, the contactless payment market. Contactless payment methods, provide a
smooth paying experience at the checkout without the hassle of requesting users to insert the
card and key in the PIN for small-value purchases. Contactless payment is a typical two-sided
market because it relies on the joint uptake and usage of the innovation by two distinguished
populations — merchants and consumers (Rochet & Tirole, 2006).

The current study has two focuses. First, we examine the co-dependency between the
demand of both sides of the market for the diffusion of innovation. Specifically, we adopt

Vector Error Correction Model (VECM) approach to describe the diffusion characteristics,

90



such as 1) the magnitude of the driving forces of the diffusion within each adopting
population and 2) the symmetry of the feedback effect as a result of the interactions between
the adopting populations. Second, we investigate the dynamics of the interaction for
innovation diffused in the two-sided market. The dynamics are tested in two ways. One is
through the Impulse Response Functions (IRF) based on the VECM with lagged effect and
error correction terms. The other is through the moving window analysis, where the diffusion
penetration grows in the market, providing a changing setting for the adopting groups to
interact.

Results confirm the co-dependency between the adopting groups by showing the
responsiveness in the usage level of one side when the usage of the other side changes.
Consumers are found to be more responsive to changes in the merchants’ usage than the other
way around. Results also show a positive interaction effect between adopting groups in the
short term but a divergent trend of this two-way enhancement in the long run. Merchants’
usage change shows a permanent uplift in consumers’ usage, consumers’ usage change
exhibits a much smaller positive impact on merchants. In addition, the interaction is stronger
in the early stage of diffusion and decays as the market moves closer to saturation. The
knowledge provides insight for market promoters about whom to target, what customer
acquisition plan shall be effective and how to tilt strategy during different stages of the
diffusion.

The study is organised as follows. In the next section, we review seminal papers in
relevant research streams and point out the research gaps that the current work aims to fill.
Then we describe the study framework and state the research questions with testable
hypotheses. Data and methodology are introduced in the following section and results are
discussed after that. We conclude the study with a general discussion and managerial

implications, pointing to possible directions for future research.

4.2 Theoretical Background

Rogers (1983) proposed diffusion of innovation as a process by which an idea is
communicated through a social system over time. Diffusion has since been extensively
researched in the marketing domain as it applies to the consumer market (e.g., Mahajan and
Muller 1979; Norton and Bass 1987). However, diffusion can be complicated by factors such
as the release of successive generations of new technology prior to saturation (e.g.,
microchips), the requirement of purchasing complementary products by the same consumers

(e.g., gaming consoles and games, or software platforms and apps), or the requirement of

91



simultaneous uptake by multiple adopting groups, resulting a dependency between the groups
that either fuels or constrains the diffusion of the innovation. Given the nature of the

innovations diffused in two-sided markets, research has examined this last complication, with
discussion of potentially relevant work on the diffusion of interrelated innovations, two-sided

markets, and network effects.

4.2.1 Diffusion of Interrelated Innovation

In his seminal work, Rogers (1983) introduces the notion of technology clusters and
points out the research direction of understanding complexes of innovation and how
individuals perceive interrelated ideas. Promoting a cluster or package of innovation may
lead to a more rapid uptake in the market. To pursue this research direction, Bayus (1987)
forecasts the adoption of software contingent on the adoption of compatible hardware. Dewan
et al. (2010) examined the co-diffusion phenomenon between PCs and the Internet, finding
that the diffusion of PCs stimulates the diffusion of the Internet. Similarly, after reaching the
take-off point, the innovation that requires investment in complementary infrastructure
gathers a higher diffusion rate than the standalone innovation (Van Den Bulte 2000). It is
implied that the requirement for complementarity can be paid off with a faster diffusion rate
and potentially higher market penetration once the mass audience accepts the idea.

Research on the diffusion of interrelated innovation mostly focuses on the consumer
side of the market, where consumers are the sole and dominant decision-makers of adoption
and continued usage. Diffusion processes relying on the joint decisions of different social
systems receive little attention. One exception is Bucklin and Sengupta (1993b), which
discusses a co-diffusion process of complementary innovation in a business-to-business
context, namely, supermarket scanners and Universal Product Code (UPC) symbols. The
authors define the co-diffusion process as the positive interaction between the demands for
the complementary innovations from two separate adopting groups — the manufacturer group
and the retailer group. The manufacturers demand UPC symbols to track the shipment, while
the retailers demand scanners at the checkout to record sales and thus manage inventory. A
positive feedback effect identified between the retailers’ demand for scanners and
manufacturers’ demand for UPC symbols in their empirical study supports this

conceptualisation.

4.2.2 Two-sided Markets
The heterogeneity of adopting groups is also addressed in the early work of Rogers

(1983). However, only in recent years has research on the diffusion of innovation across
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segments started to generate fruitful results. By examining the saddles in the diffusion path of
innovation, Goldenberg, Libai, and Muller (2002) classify adopters into two separate
submarkets given their significantly different adoption rates. Additional examples can be
found in Bakshi, Hosanagar, and Bulte (2007) and Niculescu, Shin, and Whang (2012), in
which the diffusion process is examined between inherently different consumer segments.
While those studies emphasise more on the different characteristics of each segment rather
than the interactions between segments that would occur in a two-sided market, it is
reasonable to expect that the diffusion of interrelated innovations may also exhibit distinct
diffusion patterns across different markets or submarkets.

According to Rochet and Tirole (2002), a market exhibits two-sidedness if its
functionality requires getting both sides of the market on board, and the strategies taken by
one side of the market influence the decisions made on the other side. An operating system
and software, advertising allocation and TV programs, as well as a payment card market, all
exhibit this two-sidedness (Evans, 2003). Building on the theoretical base of the two-sided
market, a handful of empirical studies investigate the interactions between market
participants. Rysman (2004) empirically examines the two-sided market in the context of
yellow pages with a positive feedback loop identified between consumers’ demand for
information on the yellow pages and retailers’ demand for viewers attracted by the yellow
pages. In a similar vein, Wilbur (2008) examines the viewers’ demand for programs and
advertisers’ demand for viewers in the context of TV advertising. Unlike viewers of yellow
pages who will actively search for advertising information, viewers of TV programs are
advertisement-averse in general. Especially, the diverse preference of viewers adds to the
complexity of modelling the interaction between viewers and advertisers and thus raises the
equilibrium of the advertising amount as a result.

Other discussions pertaining to the two-sided markets are around the pricing policies
and the strategic competition (Seamans & Zhu, 2014). A skewed pricing structure, commonly
called the discriminant pricing policy, is empirically supported in a two-sided market as it
accounts for the heterogeneities between the two sides and helps get both sides on board.
Optimal pricing policy is further incorporated as a key input of competition evaluation,
leading to managerial decisions such as market entry and the choice of market alliance
(Arango et al., 2015; Bucklin & Sengupta, 1993a; Danaher, 2002; Weyl, 2010). However,
based on our literature review, little research effort has been spent on understanding how
innovation diffuses in a two-sided market. Given the structural differences between a two-

sided market and a traditional consumer market, the impact of the two sides on innovation
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diffusion could be different yet not explicitly addressed. The current study, therefore, aims to
fill this gap by investigating the joint forces from both sides on the diffusion path of
innovation.

4.2.3 Network Effects

The cross-side interaction effects in the two-sided market can be treated as a special
case of indirect network effects with the number of participants in the network limited to two.
(Parker & Van Alstyne 2005). Literature on network effects builds on the idea of network
externalities, originally proposed in Katz & Shapiro (1985) under the terminology of the
hardware-software paradigm. Sales of hardware and software are interdependent, with the
availability of compatible software affecting consumers’ demand for hardware, and the
development and launch of software being dependent on the size of the installed base of the
hardware platform (Stremersch et al. 2007). As a result, even though the software providers
and the hardware manufacturers don’t interact directly, their operational decisions are
influenced by each other through the consumers’ mediation.

Network effects are categorised into direct and indirect effects based on whether the
increase in values or sales happened within the same category (hardware and software
respectively) or across the different innovations (between hardware and software). In the
hardware-software diagram, direct network effect is hardly found in the hardware diffusion
(although some platforms encourage social and chat features, these are effectively trivial). In
contrast, indirect network effects are found as prominent drivers of the growth, as more
hardware users promote the release of more software titles, and this in turn, encourages more
hardware uptake (Basu et al., 2003; Gupta et al., 1999; Stremersch et al., 2007).

Nair, Chintagunta, and Dube (2004) measure the size of the indirect network effects
via empirically analysing the demand of the personal digital assistant. The authors account
for the endogeneity between the hardware sales and software availability by modelling the
equilibrium determination of software availability explicitly, rather than through the size of
the installed base of the hardware. A positive effect of software variety is found on the
hardware demand. Further down this stream, the quality of the software is found influential
on the demand for hardware and the magnitude of the impact tends to vary at different stages
in the hardware lifetime (Binken & Stremersch, 2009; Gretz et al., 2019).

In a two-sided market context, Rochet and Tirole (2006) modify the idea of network
externalities into same-group externalities and cross-group externalities. The authors claim

that the same group externalities are mainly due to competition or substitution, while the
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externalities stemming from the cross groups result from the two-sidedness of the market.
Hence, two-sided markets such as platforms are often characterised by indirect network
effects (Gretz et al., 2019; Zhu & Iansiti, 2012).

Caillaud & Jullien (2003) document that the indirect network effect in the two-sided
market raises the question of “chicken and egg”, pointing out a strategic dilemma for the
network providers in terms of how to attract both sides on board and which side to target
first. By examining the role of exclusivity, the authors suggest that relaxing exclusivity not
only enhances the number of users but also mitigates the influence of competition. The
results suggest that single-homing users, who partner with only one provider, tend to
demonstrate a stronger stance in the market while multi-homing users tend to show a
compromised stance with greater willingness to facilitate transactions. In other words, in a
two-sided market, the market status of both sides may not be equal, resulting in one side to be
more willing to facilitate the transaction by increasing the compatibility for the other side.

The role of exclusivity is further examined in Mantena, Sankaranarayanan, and
Viswanathan (2010) through the lens of platform competition. Instead of viewing the market
as a mature and static one, the authors offer quantitative analysis on the role of exclusive
contracting proposed across different stages of the market and recommend choosing business
strategies accordingly. Non-exclusivity is most beneficial at the intermediate stage while
exclusivity is preferred during both the nascent and the mature stages. The finding implies
that there is dynamics between the two sides as the market evolves and the indirect network
effects may shape the power of exclusivity in the market.

Although extensive research has been done for the two-sided markets, prior research
largely adopts a static or cross-sectional view of the adoption decisions and thus fails to
examine the dynamic interaction between market participants (McIntyre & Srinivasan, 2017).
The static view may be appropriate for single-purchased products such as music albums and
video games (Zhu & Zhang, 2010). But in the market where the decisions are made for each
usage case of service, which is more frequent than decisions for packaged goods, the static
view may fail to capture the evolution along the growth. In addition, extant studies assume
that only the same-side users can interact with each other and thus incur the direct network
effects, evidenced by users of social networks and telecommunication. Third parties mediate
the interaction between cross-side users; thus, only the indirect network effect is relevant.
Those assumptions tend to discard the necessity of obtaining a dynamic view in a two-sided

market, as the interaction between the two sides is deemed either unachievable or negligible.
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However, in cases where direct interaction is possible, the frequency and consequences of
interaction are increasingly important.

Despite vast research outputs in diffusion of innovation, we are not aware of any work
that explicitly examines the innovation diffused co-dependently with direct interaction
between the merchant population and the consumer population. While there are many studies
of complementary innovation or hardware/software interdependencies, the focal decision
makers are consumers. The hardware/software research stream focuses on the network effects
describing increases in the values of the network as the result of the increased number of
users (Fang et al., 2015), with a consumer-centric approach. The diffusion of related
innovations required to be adopted by separate populations has rarely been studied, and the
interactions between the related adopting groups require explicit examination. Therefore, the
current study aims to fill this research gap by examining how the consumer and merchant
groups drive the co-dependent diffusion of innovation and how these two social systems

interact over time.

4.3 Study Framework

To achieve the research goal, we coin the concept of co-dependent diffusion of
innovation to describe the usage growth of innovation that is jointly dependent on the
demand of more than one social system. This concept specifies the diffusion of innovation
driven by involved social systems in a two-sided market, which differs from the diffusion of
complementary products in a consumer market and the diffusion of information systems in a
business-to-business market.

We assume the co-dependency between the two sides is derived from their respective
demand for the interrelated innovation. Prior literature on the indirect network effects builds
a system of models based on the feedback effect between hardware demand and software
supply. That is, the hardware demand is a function of software availability, and the software
supply is a function of the hardware installed base (Stremersch et al. 2007). The end-users of
both hardware and software are the same group of consumers who are the key decision-
makers of what to purchase in the market. Thus, the network effect between the hardware and
software providers is mediated by consumers.

In the context of co-dependent innovation, we focus on the demand from two social
systems in the market, which may directly interact with each other. The adoption and
continued usage of the innovation depend directly on the joint efforts from both sides rather

than on the mediated effort through a third-party. Admittedly, there are separate sets of
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demand and supply within each social system, but we assume the demand will not be
bounded by the supply. The changes in the demand may result from the influence of same-
side users as well as cross-side users. Therefore, we address the overarching research
question as how the demand from both sides of the market shapes the co-dependent diffusion
process of innovation and how the driving forces from the two sides change over time. We
propose a feedback loop as the underlying mechanism to address the magnitude of the
drivers, the symmetry of the influence and the dynamics between the involved social systems.
Specifically, we aim to answer the following research questions:

RQ1: Whether there is co-dependency in the diffusion of innovation in a two-sided
market?

RQ2: How does diffusion evolve over time at each side of the market as the result of
the co-dependency?

We propose that the co-dependency is impacted by the feedback loop, and the cross-
group influence tends to dominate the diffusion of co-dependent innovation. The diffusion
outcome reflects the joint efforts, which can either encourage or discourage further usage
from both sides. As a result, the co-dependency tends to change over time due to the
feedback loop between adopting groups.

We adopt aggregate usage as the proxy of demand for the innovation for each side of
the market. Usage is measured by the number of distinct merchants or consumers engaged in
the platform in a given period. Unlike consumer package goods which have a wide range of
intensity of usage based on people’s consumption rate and perception of its importance in
daily life (Ailawadi & Neslin, 1998), service usage tends to be more consistent and
predictable, especially for paid-by-usage service categories. Those categories include
payment services, public or shared transportation services and some live-streaming
entertainment packages. In addition, the service usage rate contributes to the revenue for
services providers (Libai et al., 2009), and thus also reflects the construct of adoption widely
used in the literature on the diffusion of innovation. Hence, we find the aggregate usage is a
good proxy for the demand for the service and a key factor of managerial interest.

In the co-dependent diffusion process, it is critical to understand which side of the
market drives the growth of the innovation. Prior literature in the diffusion of complementary
innovation sheds light on this question by suggesting the driving force mainly comes from
the growth of the hardware, which constitutes the fundamental base of its complementary
part (Dewan et al., 2010). In other words, if the related innovation can be explicitly assigned

as primary innovation versus complementary innovation, then the installed base of the
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primary will be likely to determine the growth of the complementary. Most marketing
literature, when discussing the growth of the related innovation, follows the tradition of
treating one innovation as the primary and the other as the complementary. This paradigm
has been used for decades without being questioned with its suitability in today’s technology
world. However, some prominent features new to the two-sided markets include high built-in
compatibility, increased brand switching and consumer openness to multi-homing with more
than one provider. Taking an example from the multi-homing practices, once adopting
sharing bike services as a supplementary tool for short-distance commuting, consumers are
likely to be equipped with more than one sharing bike app to increase the availability of bikes
whenever they need one. Similar circumstances are observed in the food delivery industry
and car-hailing industry. Due to the growth of these phenomena, assumptions that assign
primary and complementary roles to related innovations seem less justified. For example,
hardware is less likely to accurately predict the demand for software as the likelihood of
multi-homing in the software industry increases. Thus, the driving forces of the co-dependent
diffusion of innovation in a two-sided market context cannot be confidently predicted based
on the existing knowledge. To shed light into this area, we form the following expectations
regarding the nature, strengthen and symmetry of the driving forces from the involved groups
in the co-dependent diffusion of innovation in the following ways:

H1. Consumer usage and merchant usage form a long-run co-dependent relationship
to evolve together.

H2. The effect of consumer usage on merchant usage will be greater in magnitude and
significance than the effect of merchant usage on the consumer usage in the short run.

H3. The effect of consumer usage on merchant usage will be greater in magnitude and
significance than the effect of merchant usage on the consumer usage in the long run.

As innovative services tend to attract high frequency of usage, we expect the feedback
loop identified in the co-dependent diffusion of innovation to gradually shape the relative
positions of the involved social systems along the diffusion process. As empirically
corroborated in the hardware/software paradigm, the demand for software is built on the
installed base of compatible hardware, implying that the hardware diffuses prior to the
prosperity of software. We may find a similar pattern in our research context as one side
leads the uptake, and the other side takes some time to catch up. However, if the intensity of
usage grows asymmetrically within each side of the market and different social systems exert
divergent impacts on the diffusion path of the innovation, the roles of the two sides could

switch at a certain point of time. As the tipping point often arises from dynamic change in the
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marketplace during new product diffusion, we aim to unveil the tipping point of the usage

growth of each side as the result of the dynamic interplay between the two sides.
4.4 Empirical study

4.4.1 Data and Measurement

The current study leverages eight years of weekly contactless payment usage data in
the developed western market, provided by a payment network provider with a 70% market
share who wishes to stay anonymous. To exclude the volatility incurred by COVID-19, we
drop the data from the week that COVID-19 hit the studied country and led to a country-wide
lockdown.

With the 429 weeks of data , we use the count of distinct contactless-enabled payment
cards used in a particular week to represent consumer usage, assuming that 1) people will
stick to one card for most of their daily purchases and only switch to another payment
instrument when the chosen instrument does not work and 2) the card attrition due to loss or
expiry is negligible compared with the diffusion trend of contactless payment. On the
merchant side, each merchant-operating terminal that accepts contactless payment for in-store
purchases in a particular week is counted as one merchant usage case. We acknowledge that
chain stores may operate multiple terminals, and the decision to turn on or off the contactless
payment acceptance function may be made either on store base, or across the whole chain
with all terminals under management. However, the chain store impact will not be material
given that small and medium-sized businesses are dominant in the market under study, with
only 0.4% of total registered enterprises recruiting 100 or more employees (data sourced
from the statistical bureau of the studied country). Further we see from the data that the
maximum number of terminals operated by a single registered merchant is 99, which is rather
negligible compared with 100,000 active terminals in the market.

4.4.2 Model-free Evidence

We summarise the key variable: card diffusion and terminal diffusion, in the tables

below, paired with plots representing the trend of the two processes over each year after

introducing the innovation.

Variable Operationalization Literature support

Card, Number of distinct cards used in contactless transactions ~ /
in week t

Terminal, Number of distinct terminals accepting contactless (Gjika et al., 2019; Mezini &
transactions in week t Spaho, 2018)

Table 22 Variables and Measurement
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Variable I Median 3 Max Correlation with
Quantile Quantile Card Diffusion
Card Diffusion 143,729 773,046 1,645,505 2,220,417 1

Terminal Diffusion

4,153 17,068

34,858 42,683 0.9951

Table 23 Descriptive Statistics

The plots of the usage pattern over time reveal two insights (Figure 12). First, the two

diffusion processes share similar upward trending patterns, with the first two years (i.e., 2012

to 2013) exhibiting minimal growth, followed by a steady gear-up from 2014 to 2018. The

high correlation coefficient in the descriptive statistics table also confirms this relationship

(Table 23). This feature echoes Rogers’ diffusion of innovation theory that the diffusion

usually starts with a slow growth rate and only picks up when the mass audience is reached.

The second insight lies in the differences among the general similarities. Although the

two processes show similar trends and timeframe, it is observed that the lines of the

corresponding year in the two plots diverge temporally in the growth rates after the year

2015. Several factors could lead to the divergence, including the mandatory up-take or churn

of a particular industry that shifts the merchant diffusion into a slightly different path. It

could also be a lagged effect from one group on the other, a factor we could provide

substantive evidence for in the analysis of the following section. It is noted that the drop in

usage at the beginning and end of each year is driven by the business closure requirements

for public holidays during the Christmas and the New Year period. This affects consumers

and merchants equally and thus does not have implications on the hypothesis testing.
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Figure 12 Plots of Active Card Diffusion and Terminal Diffusion Over Year 2012-2020
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4.4.3 Methodology

We adopt the Vector Error Correction Model (VECM) to examine the diffusion
process of contactless cards and contactless-enabled terminals with the given payment data
set. Innovations grow at different rates before reaching equilibrium and the growth rate is
found to be impacted by the external communication and the word-of-mouth within the single
adopting group (Bass, 1969). When there are two adopting groups in a two-sided market,
diffusion paths of co-dependent innovation may co-move or interwind with each other,
implying a feedback effect between the adopting groups that shapes the diffusion processes.
The economic interpretation of cointegration fits well in this context. Specifically,
cointegration can be used to describe the dependent diffusion paths with potential co-
movement. Although the each diffusion path may fluctuate due to internal and external
factors that drive the diffusion, a large deviation between the two paths is not expected to
continue (Wooldridge, 2019). Therefore, the temporal deviation is expected to exhibit the
track of reverting to the average level. If the two diffusion paths show divergent trends as
time goes by, the innovation may find it hard to thrive in the long run.

One key benefit of applying VECM in the current study lies in the model’s capability
to account for both short-term and long-term relationships between the two series (processes).
VECM treats all variables as endogenous, which is also beneficial as the method avoids
restricting the feedback effect to be part of either word-of-mouth influence or external
influence dictated in the traditional Bass modelling approach, thereby allowing for more
complex interactions to develop. This modelling advantage creates some ease in including
dynamic factors in the modelling, which allows the current work to pioneer in providing
empirical evidence to understand the dynamics in the diffusion of co-dependent innovation.

We follow the specification proposed in Johansen (1988) to model the card diffusion

and terminal diffusion with the following system of equations:

ACard; = Z 61xACard;_y + Z v1iATerm,_; + A, * ECT¢_p, + V44
K i
(Eql)
K=m-1 I=m-1
ATerm, = Z 6k ACard;_y + Z VoiATermy_; + A, x ECTy_;;, + Uyt
K i
In which,

ECT,_,, = Card;_,, —a — fTerm;_, (Eq2)
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A1, are derived to understand the speed of adjustment, which is the proxy of the feedback
effect resulted from the decision of the other side. To accommodate the long-run mean-
reverting speed of adjustment, we include the optimal number of lags (m) instead of the first
lag in the error correction term. This specification echoes with the idea that changes in the
diffusion level in the most recent period may not be immediately noticeable by adopters on
both sides, especially when the applied data set is on a weekly basis. Therefore, adopting the
optimal number of lags could better explain the cumulative feedback effect in the long run
(Liitkepohl, 2005).

Key steps in the modelling process include:

1. Preliminary data test

We conduct unit root tests — Augmented Dickey-Fuller test (Said & Dickey, 1984)
and KPSS test (Kwiatkowski et al., 1992) — to determine the stationarity of card diffusion and
terminal diffusion processes. Stationarity in the marketing context indicates that all
temporary impacts from marketing mix variables will not permanently change the sales
baseline. However, in the diffusion of co-dependent innovation, the stationarity of the two
processes is not guaranteed. Any temporary shock from either adopting group may knock the
diffusion of innovation into a different track. One scenario can be a sudden regulatory change
that requests a sizable portion of users to suspend their usage. Without the participation of the
co-working party, it makes little sense for the remaining party to stay in the court, especially
when a replacement is handy to switch to. Therefore, a sudden external shock can impact
both adopting groups, one via direct restraint on usage and the other via the indirect influence
of limited co-working parties. A long-run shift in the diffusion level may loom for the one
that suffers a temporary restriction. In the end, the window of diminishing activities of the
focal innovation may give competing innovations a chance to catch up and grow their user
base. In sum, we are interested in the unit root stationary test results based on the diffusion
data, with the expectation that the processes may not be stationary.

2. Optimal lag order selection and Cointegration test

Once proved that the processes are non-stationary but become stationary when
differenced, a cointegration test is performed to further examine whether the two processes
are cointegrated. The optimal number of lags is selected based on the smallest Schwartz
Information Criterion (i.e., SC value). We apply the Johansen cointegration test to the card
diffusion and terminal diffusion series. Two tests are used for determining the number of

cointegration vectors: trace test statistics and maximum eigenvalue test statistics (Franses,
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1994). The current study performs the Johansen test with both types to confirm the number of
cointegration relationships.
3. Estimation of VECM

We estimate the VECM specified as Eq (1) with Maximum Likelihood Estimation

(MLE). Alternative estimation method can be the Engle-Granger two step approach (20LS),
which requires the § in the ECT to be known forehand (Juselius, 2006). As we expect the 8
to be estimated with bootstrapping method in our model, we opt for MLE. In the process, we
arbitrarily assign card diffusion as the “dependent variable”, which helps the interpretation of
the results. Mean Absolute Percentage Error (MAPE) and RMSE are reported for the model
fit.

4. Examine and interpret the Impulse Response Functions

As Dekimpe & Hanssens (1996) summarise in their work, Vector Autoregressive
(VAR) Model and Vector Error Correction Model (VECM) share the common advantages of
accounting for the dynamics among the processes; however, those type of models suffer from
difficulty in interpreting the parameters. In line with the literature, we derive the associated
Impulse Response Functions (IRF) to depict the short-term and long-term effects brought by
one unit shock of one process to the other. As for whether the short-run effect shall be
interpreted on period zero or period one, literature suggests that the frequency of the data
shall be a determining reason for short-term effect interpretation (Ronayne, 2011). If annual
data is used, the short-term effect is likely to be based on year zero. On the contrary, if daily
or weekly data is used, it appears be more realistic to interpret short-term effect at period one.
Therefore, in the current study, we define the short-term effect as the response at period one,
and the long-term effect as the cumulative effect after period one till the end of specified
number of periods ahead. 95% confidence interval is adopted, and the number of periods

ahead is set at 12 (i.e., 12 weeks), matching the nature of data in use.

4.5 Results

Based on the results of the Unit Root Tests (i.e., the ADF test and the KPSS test), we
confirm that the two diffusion processes are not /(0) stationary (refer to Table 24~28).
Additional Unit Root Tests are performed on the first-differenced processes, showing
stationarity for both processes (refer to Table 29). Therefore, the diffusion processes are
proved to be suitable for cointegration analysis and move forward to conducting the Johansen

cointegration test with the two 1(0) processes.
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Tables of Augmented Dickey-Fuller Unit Root Test with Diffusion Data (model selection

based on “BIC”)
Max.Lags Method  Tau3| 5%cr.” Phi2| 5%cr.”  Phi3| 5%cr.”  Conclusion
Card Diffusion 17 Trend -3.16/-3.42 14.9114.71 6.33|6.30 Non-stationary
Terminal Diffusion 17 Trend -2.44|-3.42 6.8314.71 2.9916.30 Non-stationary
Table 24 ADF Test Method = "Trend"
Max.Lags Method  Tau2|5%cr.” Phil| 5%cr.”  Conclusion
Card Diffusion 17 Drift 1.16]-2.87 16.30/4.61 Non-stationary
Terminal Diffusion 17 Drift -0.24|-2.87 7.2114.61 Non-stationary
Table 25 ADF Test Method = "Drift
Max.Lags Method  Tau3| 5%cr.” Conclusion
Card Diffusion 17 None 4.98]-1.95 Non-stationary
Terminal Diffusion 17 None 2.87]-1.95 Non-stationary

Table 26 ADF Test Method = "None"

Note: cr.” The critical values are taken from Hamilton (1994) and Dickey & Fuller (1981)

Tables of KPSS Test Results

KPSS Trend Statistics ~ Truncated Lags  p-value Conclusion
Card diffusion 0.44 17 0.01 Non-stationary
Terminal 0.31 17 0.01 Non-stationary
diffusion
Table 27 Trend Stationarity with Diffusion Data
KPSS Level Statistics Truncated Lags  p-value Conclusion
Card diffusion 2.47 17 0.01 Non-stationary
Terminal 2.474 17 0.01 Non-stationary
diffusion
Table 28 Level Stationarity with Diffusion Data
Dickey-Fuller Lag order p-value Conclusion
Card diffusion -10.096 7 0.01 Stationary
Terminal diffusion ~ -9.5185 7 0.01 Stationary

Table 29 ADF Test with First-order Differenced Data

Results of the Johansen procedure reject the null hypothesis that no cointegrating

vector found in the tested processes and thus indicate a cointegration relationship between

consumer usage and merchant usage. The cointegration is reasonably strong as the test

statistic (65.23) is much larger than the critical value (24.6) at 1% significant level. A
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constant is included in the Eq(2), which can be absorbed into the cointegration relation as an
intercept (Liitkepohl, 2005). This manipulation can be explained by the fact that the success
of co-dependent innovation cannot happen simultaneously in thin air — there will be one party
making the first move. The first movers, therefore, attract the other side of users to take up
the innovation, resulting in subsequent uptakes among non-users to kick-start the interaction
process. An argument can be made around how card diffusion can take place when there are
no merchants adopting contactless accepting terminals in the market. We refer to the
literature about innovation introduced with free-trial opportunities (i.e., Datta, Foubert, and
van Heerde 2015). Innovators are invited to try out the new product or service, and the try-
out can spread to a wider not-yet-invited group given positive word of mouth. Even though
the free trial does not guarantee a lasting relationship between the users and the providers, the
trial opportunity helps to increase awareness of the innovation at the introduction stage (Datta
et al., 2015; Foubert & Gijsbrechts, 2016). This awareness could be a kicking-off force for
co-dependent innovation, as awareness contributes to social contagion and thus boost
diffusion at an early stage (Iyengar et al., 2011).

Details of the Johansen Cointegration Test are summarised as follows.

Table of Johansen Cointegration Testing Summary

Johansen Procedure

Test type: Trace statistic, without linear trend and constant in cointegration

Eigenvalues: 1.347886¢e-01 8.313745e-03 -7.084575e-17

Values of test statistic and critical values of test:

Max. cointegration Test 10pct Spct Ipct
relations

r<=1 3.56 7.52 9.24 12.97
r=0 65.23 17.85 19.96 24.6

Eigen vectors, normalized to first column:

Card diffusion.I3 Terminal diffusion.I3 Constant
Card _diffusion.I3 1 1 1
Terminal diffusion.13 -59.33 430.00 -48.3162
Constant -130601.30 -12103540 64853.68
Weights W: This is the loading matrix

Card diffusion.I3 Terminal diffusion.I3 Constant

Card_diffusion.d

Terminal diffusion.d

-0.0210
-0.0005

6.378459¢e-07
-3.202841e-06

-2.781785e-17
3.080714e-18

105



Table 30 Johansen Cointegration Test Summary

Building on the largest eigenvalue and the corresponding eigenvectors, we construct the Error
Correction Model (ECM) as follow:
ECT,_3 = Card;_3 — 7.997 * Term;_3; — 17591.995 (Eq3)

As noted earlier, MLE is adopted for estimating the VECM. Unlike OLS estimation
of linear regression or the output of logistic regression, it makes little sense to interpret every
parameter estimate from VECM output. However, it is worth examining the sign and the
magnitude of 4, , as having one convergent cointegration relation, the A, , shall be negative.
Otherwise, any deviation from the equilibrium between the two processes will not diminish
over time and thus the equilibrium will not hold as time passes by. The outputs show negative
A1, values which assure the equilibrium reverting nature in the cointegrating relationship of
card and terminal diffusion. Further, we note that the equilibrium deviation has a larger
impact on card diffusion than on terminal diffusion (1,=0.0209, 1,= 0.0005, p<0.01),
indicating consumers are more sensitive towards changes in the prior diffusion process.

Table of VECM Model Output

VECM output
Full sample size: 429 End sample size: 426
Number of variables: 2 Number of estimated slope parameters: 10

AIC: 13296.51 BIC: 13341.11 SSR: 196432519662

Cointegrating vector (estimated by ML):

Card diffusion  Terminal diffusion Constant
rl 1 -59.33 -130601.3
Parameter estimates:

ECT Card Terminal Card Terminal

Diffusion.dl Diffusion.dl Diffusion.d2  Diffusion.d2

Equation -0.0209 -0.8682 30.3373 -0.6141 14.8654
card_diffusion (0.0026)***8 (0.0932)*** (3.4835)*** (0.0997)***  (3.7744)***
Equation -0.0005 -0.0217 0.7764 -0.0160 0.2164
terminal diffusion (6.6e-05)*** (0.0024)*** (0.0887)*** (0.0025)***  (0.0961)*

Table 31 VECM Output Summary

Based on the model output, we provide answers to the proposed hypothesis in the

following table (Table 32). All hypotheses are supported with the empirical output.

8 sk n<(0.001; ** p < 0.01, * p <0.05
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H2. The effect of consumer usage on merchant usage will be greater in magnitude and
significance than the effect of merchant usage on the consumer usage in the short run.
H3. The effect of consumer usage on merchant usage will be greater in magnitude and

significance than the effect of merchant usage on the consumer usage in the long run.

Hypothesis Results Support?

H1 There is co-dependent relationship between Confirmed cointegration relationship with ~ Yes

consumer usage and merchant usage. r=1

H2  The effect of consumer usage on merchant IRF shows an increasing and significant Yes
usage will be greater in magnitude and response for consumers usage. Although
significance than the effect of merchant an immediate response is observed in
usage on the consumer usage in the short merchant usage, the response becomes
run. insignificant quickly in the coming weeks.

H3  The effect of consumer usage on merchant Ay > A,in the VECM output, indicatinga  Yes
usage will be greater in magnitude and higher adjustment for consumer in case of
significance than the effect of merchant long run deviation from equilibrium. The
usage on the consumer usage in the long run.  conclusion is also corroborated in the IRF

for predictions in the long run.

Table 32 Summary of Hypothesis and Findings

The following table reports the predictive fit of the model. We adopt correlation
coefficient, MAPE and RMSE as the diagnostic measurement and calculate the
corresponding values between the fitted, actual, and predicted values. The model estimated
with full data available before COVID-19 hit the studied country fits the data very well,
evidenced by high correlation coefficient between the fitted values and the actual data, and
low MAPE and low RMSE per measurement. Using around 75% data for training and the
remaining 25% for validation, the diagnostics show sound predictive power. While the
correlation coefficients decrease for consumer and merchant processes with out-of-sample
data, the out-of-sample MAPE and RMSE remain reasonably low. The decreased correlation
coefficients may be due to the inclusion of end of year holiday season featured with 2

mandatory store closing days. Collectively, we conclude that the predictive fit of the model is

satisfactory.
Fitted Process Predicted Process
(n=426, full data) (n=108, out-of-sample data)
Correlation MAPE RMSE Correlation MAPE RMSE
Coefficient (r) Coefficient (r)
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Card Diffusion 0.9996 1.4830 21,466.5  0.9627 0.1180 266,825.1

(p<0.001) (p<0.001)
Terminal Diffusion  0.9993 0.3360 546.5 0.7998 0.1396 6,917.93
(p<0.001) (p<0.001)

Table 33 Model Diagnostic Summary

Figure of Prediction of Card Diffusion and Terminal Diffusion with Training data
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Figure 13 Plots of Model Forecasting

In line with the literature, we focus on the impulse response functions associated with
the VECM to understand the interaction between the cointegrated processes in the short term
and long run (Dekimpe & Hanssens, 1996). Impulse response functions help trace the
impacts of one unit change in one variable on the other variable for specified periods. As
shown in the following Figure 14, in Plot (A), a shock in terminal diffusion will incur short-
term boost to card diffusion, as more merchants configuring their contactless-enabled
terminals at the checkout will encourage consumers to pay contactless with their cards.
Likewise, a shock in the card diffusion will positively impact terminal diffusion, evidenced
by a significant merchant response (i.e., Plot (B)). However, the impact in the subsequent
periods diverge between card and terminal diffusion. Merchants’ shock keeps inspiring
consumers’ usage in the first two weeks, which peaks in the third week before dropping to a
more stabilized level in the following weeks. The impact is deemed lasting, supporting the
argument that a shock in contactless terminal usage will have positive impacts on contactless
card usage for about 3 months (i.e., 12 weeks). On the contrary, consumers’ usage shock
exhibits a diminishing positive impact on merchants’ usage, even briefly falling into no

impact area on week 3 as the confidence interval touches zero, and then bounces to a
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moderate impact in the following 8 weeks. Figure 15 confirms the pattern with 24 weeks’

forecast ahead.

Merchants' adoption shock to Consumer adoption - Transitory
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Figure 14 Impulse Response Functions (n.ahead = 12 weeks, cumulative = FALSE)
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Figure 15 Impulse Response Functions (n.ahead = 24 weeks, cumulative = FALSE)

Results summary

In sum, the results confirm a cointegration relationship between merchant usage and

consumer usage, and consumer usage appears to be more sensitive (i.e., greater in magnitude

and significance) to the variation of co-dependent diffusion in the market. A shock in

merchant usage positively impacts consumer usage in both the short run and the long run.

The response function, unlike marketing mix impacts that tend to converge to zero in the long

run, exhibits a permanent change to the diffusion path of co-dependent innovations. This
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observation resonates with the importance of leveraging the interaction between the two

adopting groups in the diffusion process of co-dependent innovation.

4.6 Robustness Tests

To test the robustness of the results, we re-run the whole modelling with bi-weekly
data. We expect that the data frequency will not impact the cointegration relationship
between the card diffusion and terminal diffusion. In addition, we expect the short-term and
long-term effect given one shock from one process to the other will be maintained. We
acknowledge the fact that the optimal number of lags shall be reduced with the bi-weekly
data, therefore parameters will not be identical. Results from Table 34 & 35 and Figure 15
confirm that all the key findings sustain with the bi-weekly data and thus the general
conclusions stay the same.

Tables of Robustness Test with Bi-weekly Data

Johansen Cointegration Test

Johansen Procedure

Test type: Trace statistic, without linear trend and constant in cointegration

Eigenvalues: 2.491538e-01 1.270696e-02 -5.969546e-17

Values of test statistic and critical values of test:

Max. cointegration relations ~ Test 10pct Spct Ipct
r<=1 2.71 7.52 9.24 12.97
r=0 63.46 17.85 19.96 24.6

Eigen vectors, normalised to first column:

Card diffusion.]2  Terminal diffusion.I2 Constant

Card diffusion.I2 1 1 1

Terminal diffusion.12 -91.20 -65.8982 -54.19009
Constant -939230.10 278479.1076 -20189.05902
Weights W: This is the loading matrix

Card diffusion.I3  Terminal diffusion.I3 Constant
Card_diffusion.d -0.0115 0.002335 2.619398e-16
Terminal diffusion.d -0.0002 0.000295 1.130645e-17

Table 34 Robustness Test -- Johansen Cointegration Test
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VECM output

Full sample size: 214
Number of variables: 2
AIC: 6930.41 BIC: 6953.90

End sample size: 212

Number of estimated slope parameters: 6

SSR: 220565662663

Cointegrating vector (estimated by ML):

Card_diffusion Terminal diffusion Constant
rl 1 -91.20403 -939230.1
Parameter estimates:

ECT Card Terminal

Diffusion.dl Diffusion.dl

Equation card diffusion  -0.0115 -0.9309 26.4981

(0.0014)*** (0.1435)*** (5.4410)***
Equation -0.0002(3.5e-05)*** -0.0261 0.6179
terminal_diffusion (0.0036)*** (0.1364)***

Table 35 Robustness Test -- VECM Output
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Figure 16 Robustness Test — Impulse Response Function with Bi-weekly Data

4.7 Rolling Window Examination

Empowered by the rich data set, we further study the cointegration relation through

different periods. The diffusion of innovation tends to exhibit an S-shaped path, indicating

changing adoption rates at different levels of innovation penetration. As time goes by, the

magnitude of the effect within the social system may change, and so may the effect of the

interaction between the co-dependent social systems. So, although our main study helps to

explain the pattern between consumer usage and merchant usage in both the short-term and

long-run, we wonder whether slicing the data into three windows will illustrate different

patterns. Therefore, we set up 3 moving windows for the 8 years of data (i.e., from 2012 to
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2019), each with 156 observations, covering three full years from January to December.
Moving window analysis helps to leverage data from the different time period with the same
sample size, enabling direct comparison of the results (Pauwels & Hanssens, 2007).

Two follow-up questions are expected to be answered with this exercise. So far, it is
unclear whether the cointegrating relationship between consumer and merchant usage
consistently presents over the whole 8 years. If the presence is confirmed, how does the
strength of the interaction tend to change? Will the interaction be enhanced, be stable or be
declining as diffusion reaches a higher level of penetration? Those questions regarding the
existence of dynamic interaction and the changes of the interaction direct our focus to the
results of the Johansen cointegration test, the magnitude of 4, , and the shape of the IRF.

Data plots per moving windows are shown in Appendix E Figure 1 followed by IRF
results in Appendix E Figure 2. Results confirm the cointegration between consumer usage
and merchant usage over time, but a clear pattern of declining relevance is spotted. Card and
terminal diffusion in the first four years, namely from 2012 to 2016, align in all three aspects
with our focal discussion in prior paragraphs (i.e., the existence of cointegration relationship,
the relative magnitude of A, , and the shape of the IRF). However, in recent years, both the
cointegration and the response functions upon shock indicate that the consumer usage and
merchant usage become less relevant to each other. This result implies the early stage of
diffusion a critical for the success of diffusion as the diffusion outcome depends highly on the
interaction of the two adopting groups.

It may go against the common wisdom that the interaction between adopting groups
will become stronger and more self-driven when there are enough users on both sides of the
market. Network effects are expected when the user base is enlarged and greater benefit is
associated (Katz & Shapiro, 1986). It may be natural to assume that larger network effects
lead to more effective interaction among adopting groups and thus further drive growth.
However, as Goldenberg, Libai, and Muller (2010) suggested in their work, network
externalities exert a substantive effect on the diffusion path mainly in the early stage of
diffusion. Our findings provide a potential explanation for this slowing down phenomenon,
via the interaction between adopting groups. Interaction should be facilitated as early as
possible, as when each side of the market has grown a large user base, the actions taken by
the opposite side appear to have a diminishing impact on the usage decision of the current
side. The diffusion rates and the penetration of the innovation are therefore plateaued as the

feedback effects diminish. A summary of the results is presented in the following table.
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2012-2014 2014-2016 2017-2019

Co- Response IRF Co- Response IRF Co- Response to IRF
integration  to long- integration  to long- integration  long-run
relationship  run relationship  run relationship ~ deviation
deviation deviation
Card -0.0128 Similar -0.0148 Similar 0.0101 Differ
Diffusion (p<0.001) (p<0.001) ] (p<0.001)
Terminal Strong -0.0003 Similar Strong -0.0003 Differ Marginal 0.0002 Differ
Diffusion (p<0.001) (p<0.001) (p<0.001)

Table 36 Rolling Window Modelling Summary

4.8 Discussion of Findings and Implications

Innovations that rely on the interactions between adopting groups are growing rapidly
in the market. Unlike typical examples of two-sided markets where the market organisers
(i.e., platform operators) have great power in pricing and regulating the involved parties, co-
dependent innovations diffuse based on the adopting groups and the interaction between
them. A strongly mediated platform-based market tends to lay out separate pricing or
promotional strategies on each side (Evans, 2009), leading to one side becoming more
favoured than other side(s). However, promoting on one side could incur undesired outcome
if the promotion terminates and the favourable terms are no longer offered. Users attracted by
free-trial promotions show a higher churn rate compared to regular users can be viewed as
one example (Datta et al., 2015). Therefore, encouraging engagement and interaction is
essential for two-sided service markets, as the driving forces of growth as well as the profits
come from the size of adopting groups and the continued usage of the service provided.
Given the gap in the literature, there comes a pressing need for market organisers to
understand how co-dependent innovation evolves before laying out strategies to leverage the
momentum between the adopting groups. Researchers who draw on the current knowledge of
diffusion of innovation, economics in the two-sided markets and network effects risk
underplaying the importance of the interaction between the adopting groups by not directly
estimating the impact of interaction and its dynamics.

The current study tests the co-dependency in adopting groups for co-dependent
innovation. The relationship between the adopting groups involved in the diffusion of related
innovation has been assumed rather been tested in prior literature. The Unit Root Test and
Johansen Cointegration Test results confirm the co-integrated relationship between card
diffusion and terminal diffusion, indicating a co-dependency between consumers and

merchants in their decision making of adopting and utilising the co-dependent innovations.

113



According to Juselius (2006), the interpretation of estimated coefficients from a
dynamic model is usually less straightforward than the ones from a static regression output.
Therefore, Impulse Response Functions (IRFs) are used to understand how merchant usage
and consumer usage interact. IRFs are means of measuring the influence of one variable in
the VAR or VECM system on the other variable(s). Given one “shock” in consumer usage
(merchant usage) at time zero, the IRFs represent the response of merchant usage (consumer
usage) in the subsequent periods. Based on the IRFs, we conclude that in the short term,
shock from merchants’ usage positively impacts consumers’ usage, and the impact grows in
the long run. The impact of one shock from consumers’ usage, though immediate and
positive, tends to drop quickly in the short term. As for the long run, we see both processes
translate the one-unit shock into a permanent lift.

As an indicator of the speed of adjustment, the size of lambdas provides information
about how sensitive adopting groups are towards the diffusion deviated from the long-run
equilibrium. The estimated lambdas show that the speed of adjustment for consumer usage is
larger than that for merchant usage. Consumers tend to be more sensitive, and show greater
magnitude and significance in response, given the diffusion outcome of co-dependent
innovation. This finding contradicts the common wisdom that merchants who bear the cost of
accepting contactless payment are expected to be more sensitive about whether the
consumers appreciate their acceptance of contactless payment or not. According to the
results, merchants tend to have higher tolerance even if the diffusion level fails to meet the
expectation.

As for the magnitude of the dependency, we find it gets stronger in earlier years and
dissipates in recent periods even though the innovation still grows. This finding goes against
the logic in the network effect theory, in which larger user bases tend to show stronger direct
network effects (Stremersch et al., 2007). In the video game industry, the supply of game
titles depends on the installed base of compatible game consoles, resulting in more console
purchase leading to more game titles being supplied in the market. This relationship is
deemed as a manifestation of indirect network effect (Stremersch et al., 2007). Our results
present declining interaction effects between adopting groups when there are more users in
both sides, and even when users tend to use the innovation more often. This change of
dependency may be explained by the possibility that consumers are generally less motivated
to learn about other brands or methods after they have settled on a satisfactory choice
(Bronnenberg et al., 2000). This satisfactory settlement could be enhanced in the co-

dependent innovation circumstance, where the required adoption and usage from the other
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side of the market provide more certainties for using this innovation. Therefore, as diffusion
reaches a certain level, the interaction between adopting groups shows diminishing marginal
benefits. It may become “business as usual” for users to engage in co-dependent innovation
as the result of the action out of habit. Any deviation from expectation, such as encountering
a merchant who does not accept contactless payment, will not cause consumers to doubt their
choice of the payment method. They may still try paying contactless next time at another
merchant.

Theoretical implications

We contribute to the extant literature on two-sided markets and service diffusion.
First, the current study explicitly accounts for the diffusion of innovation that builds on the
demand from more than one social system in a two-sided market. Specifically, we examine
the magnitude and dynamics of the interaction effects between the adopting groups in a two-
sided market. Interaction-based cooperation is required for co-dependent innovations to
thrive in this context. Prior literature that examines the interaction of multiple players in the
market resorts to the hardware-software paradigm. Although the hardware-software paradigm
provides the context that pairs the consumers’ demand for hardware to the level of supply of
the software, the interaction between hardware providers and software complementors is both
mediated by the consumers. In the context of the co-dependent diffusion of innovation, we
find that the respective demand from both the consumer and merchant side of the market
jointly impacts the diffusion path, and the impact is asymmetric, with consumer side being
more responsive to changes in the diffusion.

Second, to our best knowledge, we are among the first to examine usage-based
adoption in service diffusion modelling. Chandrasekaran and Tellis (2015), in their critical
review of diffusion literature, urgently call for expanding the research from consumer
durables to other categories such as services and agricultural products. Consumer durables
and consumer electronics are most frequently examined in diffusion studies, owning to the
availability of sales data and the variation of sales growth among successive generations. In
contrast, the usage case of service diffusion has received less attention, attributing to the
insufficient usage data. However, the importance of service research has surged in recent
years as more products transform into subscription-based services (i.e., Software as a
Service) and more services lay out their pricing plans, including recurring subscriptions and
pay-by-usage rates. Unlike consumer durables purchase when much thinking is given to the
one-time purchasing decision, consumers may opt services out of habit, which is likely to

result from the frequent usage case that increases the automation of behaviour and lowers the
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consciousness of intention (Markus & De Guinea, 2009). Therefore, the measurement of
adoption — by initial purchase versus by usage — distinguishes the diffusion of services from
that of consumer goods, where the service diffusion is the theoretical and empirical focus of
the current study. Results present the pattern of co-dependent innovation diffusion in the
service setting based on the weekly number of usage cases of each adopting group. The
diffusion of the co-dependent innovations consists of the initial adoption as the result of
advertising and word-of-mouth communication, the short-term usage fluctuation from both
sides, and the deviation from long-run equilibrium.

Methodological implications

Diffusion data shows a strong association with time. In fact, the classic Bass Model
(Bass, 1969) builds solely on the sales outcome and the passage of time. Studies from
multiple disciplines base their analysis on the Bass Model, with various modifications and
adjustments, such as including exogenous variables, changing the estimation methods, and
leveraging data from different industries and different countries, to help answer specific
questions (refer to Chandrasekaran & Tellis (2015) for a summary on the main
generalizations of Bass model). However, among the rich diffusion modelling literature, time
series methods see limited usage. The current study provides an application of VECM to the
diffusion data. The VECM model not only examines the dynamics in the diffusion process,
but also demonstrates the interactions between adopting groups. Prior diffusion work trying
to depict the interactions between separate adopting groups or adopting segments within one
group often needs to set up assumptions at the beginning. Those assumptions may include
which group or segment shall take up the innovation first, how to incorporate the interaction
effect between groups or segments in the classic Bass Model and what is the proper
estimation approach (Goldenberg et al., 2002). As the diffusion of co-dependent innovation is
novel with many unknowns, specifying the model right at front is challenging and could lead
to bias. VAR and VECM models provide the flexibility of letting the data tells how to
configure the model. Moreover, if the adopting groups are expected to interact, cointegration
test can shed light on how many processes are cointegrated and what those are exactly. Then,
VECM can be a good candidate to provide insight on short-term and long-term patterns. With
more platform-type markets relying on a certain level of cooperation from more than one
adopting group, we expect more time series models shall prove to be useful in understanding
both innovation diffusion and the adopting groups’ interaction.

Managerial Implications
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An important consideration from the managerial point of view is to understand how
merchant usage and consumer usage evolve as the result of the interaction between the two
sides. The stationary nature of the process indicates that all temporary changes, such as
temporary price promotions, will not lead to permanent increases in sales (Fok et al., 2006).
In contrast, the findings about the cointegrating relationship between consumer usage and
merchant usage substantiate that a shock on either side of the market can stimulate diffusion.
If market organisers struggle to understand the appropriate strategies for a two-sided market
and which side they should focus on first, our findings at least point in a clear direction. The
key to co-dependent innovation's success is enhancing interaction at an early stage. As long
as the two processes show co-integration, an easy push shall get the ball rolling, triggering an
enhanced feedback effect that leads to a permanent lift.

Providers can also leverage the momentum between the adopting groups based on the
knowledge of the changing dynamics of adopting groups over time. Prior research
emphasises the characteristics of the innovation and demographics of the adopting groups
with a static point of view. Little research has been conducted on co-moved diffusion paths
and the dynamics along such diffusion processes. Given that the interaction between the two
sides could foster momentum in the usage outcome, our modelling results show that the
responsiveness of each side towards the action from the other side and towards the diffusion
level in the market could differ. For instance, merchants are found with a surging response in
the short term, and consumers are found to be more responsive to changes in usage in the

long run.

4.9 Limitations and Suggestions for Future Research

Due to the data availability, the current study only examines one type of co-dependent
innovation diffused in one developed economy. Literature proves that country characteristics
and cultural differences could also contribute to the divergent diffusion paths of similar
innovation products (Dewan et al., 2010; Putsis et al., 1997). Dekimpe et al., (2000) examine
the global diffusion of technology, indicating that country wealth positively relates to
technological product diffusion, and so does the country’s prior experience with that
innovation. Therefore, it would be interesting to examine the diffusion pattern of contactless
payment innovation across a group of countries, with different levels of economic

development and different ideologies of potential adopters.
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Appendix E Moving Window Results

Figure 1 Model-free evidence — Moving Window Data Plot

4e+05-

w
g
>
&

Consumer Usage Over Time
g
S
2

1e+05-

0e+00 -

1250000 -

1000000 -

~
a

@

Consumer Usage Over Time

250000

2250000~

2000000~

Consumer Usage Over Time

1250000 -

0000 -

00000 -

1750000 -

1500000 -

Year 2012-2014 Consumer Usage vs. Merchant Usage

Seasonal plot: Active Consumer Adoption Over Time

Seasonal plot: Active Merchant Adoption Over Time

9000~
o
£
£
o
year IS | year
2012 gam — 2012
— 2013 § — 2013
// 2014 E — 2014
s
I}
= 3000~
o
1‘ é:‘?‘s ;.)é ;éé"ﬂl'lval:ll‘i'ﬂlﬂIﬂ'EIQ'Q'Q‘Z‘I’Q’Q‘Q‘P’H‘!‘G'B‘iﬂlﬁlﬁlﬁliﬁlglﬂ %3 Mb’s}agm’ﬁ‘z
Weeks in a Year Weeks in a Year
Year 2014-2016 Consumer Usage vs. Merchant Usage
Seasonal plot: Active Consumer Adoption Over Time Seasonal plot: Active Merchant Adoption Over Time
©
_E 20000-
E
year g year
2014 2 — 2014
— 2015 ﬁ — 2015
— 2016 2 — 2016
207 8 2017
2
5
=
10000 -
12345678910123438 2234847248066 123456789101234967132Q 2 334@ 223
Weeks in a Year Weeks in a Year
Year 2017-2019 Consumer Usage vs. Merchant Usage
Seasonal plot: Active Consumer Adoption Over Time Seasonal plot: Active Merchant Adoption Over Time
HH T
| il g Gt
40000 - \/
®
£
S
year g 35000 - / year
2017 8) " —— 2017
— 2018 g — 2018
— 2019 = — 2019
2
S
5
= 30000 -
//J [
-

12345678910123498 1890
Weeks in a Year

25000 -

12345678910123496 71820222270 2930 8334363894 122436285552
Weeks in a Year

118



Figure 2 Impulse Response Functions based on Moving Windows
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Chapter 5 Conclusion and Future Directions

The goal of this thesis is to gain understanding of the diffusion of a newly identified
type of innovation — co-dependent innovation — in two-sided markets. The co-dependent
innovations rely on more than one adopting group to function and therefore the diffusion
pattern may be influenced by the interaction between the adopting groups. However, prior
literature fails to clearly define this type of innovation and thus no modelling framework is
dedicated to understanding how co-dependent innovation diffuses. The growing number of
innovations featured with co-dependency, such as the payment method innovation and the
electric vehicles, poses an urgent need to understand how co-dependent innovation grows at
the aggregate level over time.

In section 5.1 we present the key findings from Chapter 2 to Chapter 4 and address
the research questions proposed at the opening section of the thesis. We then discuss the
theoretical contribution in section 5.2 and offer the managerial implications that can be
leveraged by managers to boost the diffusion process of co-dependent innovation in section
5.3. The thesis concludes with a discussion on the limitations and highlights the directions for

future research.

5.1 Summary of Key Findings

In Chapter 2, we attempt to replicate the mechanisms proven in the relevant literature
to understand whether prior mechanisms can be used to explain the diffusion of co-dependent
innovation. Three promising modelling frameworks are selected as the target for the
differentiated replication, namely the multi-product Bass model in Bucklin and Sengupta
(1993b), the indirect network effect tested with a nonlinear system of equations in Stremersch
et al. (2007) and the influx and outflow model for two-sided markets in Hinz et al. (2020).
We fail to fully replicate any of the proven mechanisms with payment data. Although the
Bass model with independent innovation specification works well for both merchant usage
and consumer usage, the interaction models account for the co-diffusion effect fail on both
merchant and consumer ends. Our replication results show significant same-side and cross-
side effects for merchant and consumer usage, which differ from Stremersch and his
colleagues’ conclusion that indirect network effects are rare and marginal. Only two out of
eight relationships between the existing users in the two-sided market and the influx and
outflow of users on each side are replicated with payment data. Results show that the co-
dependent diffusion of innovation implies cooperation instead of competition on the same

side and across sides, therefore only the cross-side enhancement is found significant in the
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replication efforts. In sum, we conclude that existing mechanisms aiming to explain the
interaction between two adopting groups involved in the diffusion of innovation fails to
adequately account for the diffusion pattern of co-dependent innovation.

Given the failure of replication, we resort to the robust Bass modelling approach and
propose to model the interaction between the adopting groups with the churn rates in Chapter
3. The diffusion of service model with churn rate proposed in Libai et al. (2009) is adopted
and applied to the co-dependent diffusion context with two distinct adopting groups. Results
show the usefulness of churn rates as a proxy for interaction effects in the co-dependent
diffusion, as their absence leads to the underestimation of growth potential and
misrepresentation of innovation effects and imitation effects within each adopting group.
Merchants exhibit a higher churn rate than consumers in the studied innovation diffusion,
against the common wisdom that cost-bearers are more likely to churn given the impact on
the bottom line. Simulation results show that as churn rates increase, there is a nonlinear
increase in the imitation effect and a decrease in the innovation effect.

In Chapter 4, we take a further step to account for the dynamics between the adopting
groups with a Vector Error Correction Model (VECM). Results of the co-integration test
confirm a co-integrated relationship between the merchant usage and consumer usage, which
can be translated into a long-run equilibrium between the adopting groups. The results of the
VECM provide further understanding of the temporal pattern of the innovation diffusion on
each side with a significant mean reverting factor. The Impulse Response Functions (IRF)
associated with the VECM indicate that consumer response to a shock in the merchant usage
is largest in the long-run while the merchant response to a shock in the consumer usage is
largest in the short-run. Common wisdom suggests merchants are responsive to the adoption
level on consumer side as merchants strive to meet the expectation of consumers and follow
the trend that consumers follow. Our results refute this and point out that merchants are most
responsive to changes on consumers’ usage decision immediately after the change is
observed. On the contrary, consumers exhibit gradual response to changes in merchants’
usage, but the response is in fact more prominent and pro-longed.

Based on the findings from the three studies, we offer the following answers to the

research questions addressed at the beginning of the thesis as follows.

How does co-dependent innovation diffuse in a two-sided market and what modelling

approach can be used to explain the co-dependent diffusion pattern?
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The co-dependent diffusion of innovation relies on the cooperative interaction
between the two adopting groups. There is also likely to be a cointegrated relationship
between the adopting group in the long run. That being said, the results shown in the third
study reported in Chapter 4 demonstrate that any shock from one side of the market will not
die down as those marketing mix effects normally would. Instead, the shock will boost the
diffusion to the next level on the other side, and then contribute to the growth of the side that
got the shock initially.

Given all the tests performed, we conclude that the VECM model is useful for
explaining the interaction between the adoption groups and showing the dynamics between

the adopting groups along the diffusion process.

RQ1: What mechanism(s) underlying the interrelated or platform-based innovations can be

used to explain the co-dependent diffusion of payment method innovation? Do existing

models perform adequately in the context of co-dependent diffusion?

The study presented in Chapter 2 answered RQ1 about whether the existing modelling
mechanisms are found sufficient to describe the co-dependent diffusion pattern. The short
answer is no. We fail to fully replicate any of the selected frameworks, although they are
theoretically relevant. The replication of Bucklin and Sengupta (1993b) unveils the limitation
of the multi-product growth model based on the Bass modelling framework in
accommodating high correlations between the co-dependent innovations. The high
correlation between the involved innovations is a signature of co-dependent innovations, as
their functionality requires the simultaneous uptake of the other innovation. Symmetric
feedback effects are found with the model proposed in Stremersch et al. (2007), while in the
original study, the authors conclude that even one-way effects are not commonly observed,
and thus the two-way effects are rare. Our results of two-ways effects echo the existence of
co-dependency between the adopting groups that the replicated model fails to depict. Among
the eight pairs of relationships tested in Hinz et al. (2020), our study with payment data only
manages to replicate two out of eight. Results in Hinz et al. (2020) show competition effects
within the same side of the market and enhancement effects across sides. The competition
effects may raise from the limited resources provided on certain “competitive” markets, and
thus may not be applicable to non-competitive markets where the general goal is to grow the
innovation in the market. Our failure to fully replicate the selected studies demonstrates the

importance of building a robust model that caters to the general diffusion pattern while
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specifying an appropriate term that represents the level of interaction between the adopting

groups.

RQ2: Can the Bass model proposed for service innovation be used to depict the co-dependent

service innovation? If yes, what can be used to explain the interaction between adopting

groups?

The second study presented in Chapter 3 provides substantive evidence of how the
payment method innovation data fits in the Bass model with churn rates. As the Bass model
is usually applied to single innovation diffusion, we first confirm the diffusion path of
contactless cards by consumers differs from that of contactless terminals by merchants, given
the different magnitudes of innovation effect and imitation effect of each path. Merchants are
found with strong imitation effect while the contactless card diffusion, based on consumer
usage, is mostly driven by innovation effect. These results indicate that the diffusion of co-
dependent innovation differs across the two adopting groups and there could be some
mismatch between the two sides that drives or impedes the diffusion process. Therefore, we
propose the churn rate, which is also find influential in other service innovation diffusion, as
the proxy of the interaction outcomes between the two sides. Merchants are found with a
higher average churn rate than consumers, and the churn rates of merchants varied with
industries. Industries that gradually build up usage cases from the introduction stage of the
innovation tend to witness less user churning, while the industries catching up during the

growth stage tend to have higher churn rates.

RQ3: How does the co-dependency between the adopting groups impact the co-dependent

diffusion over time?

The third study presented in Chapter 4 takes one step further to understand the
dynamics between the adopting groups in the co-dependent diffusion of innovation. Johansen
Cointegration Test results confirm the co-movement between the diffusion of contactless
payment on the consumer side and that on the merchant side. Therefore, when there is a
shock in either side of the market (i.e., within either adopting group), there is a corresponding
movement in the other group that answers to the change across sides. In terms of how reliant
each side is towards the variation of diffusion within the other side, we observe consumers
are more sensitive in terms of the response magnitude and the level of significance than
merchants. Consumers tend to shift their behaviour when they have unsatisfactory experience

when using contactless payment innovation at the checkout, and this swift behavioural
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change is more prominent in the introduction stage and early growth stage of the diffusion, as
evidenced by the rolling window analysis. As the co-dependent innovation diffuses with a
larger user base, the co-dependency between the adopting groups gradually dies out. Another
finding with the study lies in the long-term trend reflected in the impulse response functions.
Unlike the transitory impact of marketing mix factors on sales or usage growth, the shock
from one adopting group tends to have lasting impact on the other group, exhibiting a

permanent change to the diffusion path of co-dependent innovations.

5.2 Theoretical Implications

The current work provides theoretical implications for co-dependent innovation. We
distinguish co-dependent innovation from its close relatives, such as complementary,
contingent, and hardware-software paradigm. Two aspects specify the difference between the
co-dependent innovation from the rest: the requirement of uptake from two distinct adoption
groups and the requirement of joint uptake simultaneously.

To examine whether the difference between the co-dependent innovations and
existing innovation categories requires a new modelling framework to depict diffusion, we
conducted differentiated replication and assessed the empirical generalizability of past studies
(Uncles & Kwok, 2013). The replication results reveal the theoretical limitations of the
models selected for replication. Specifically, the multi-product growth model under the Bass
modelling framework fails to accommodate growth data with high correlation. The diffusion
of complementary innovations such as scanner and UPC can have divergent paths due to
factors such as pricing or cannibalization from the new generation. In contrast, the diffusion
paths of co-dependent innovation, are likely to be highly correlated as a result of the co-
dependency between the innovations and between the adopting groups. Therefore, the
presence of high correlation between the diffusion of the involved innovation could represent
a boundary condition for the model proposed in Bucklin and Sengupta (1993b).

The research of Stremersch et al. (2007), using an imbalanced model structure,
concludes that indirect network effects in the hardware-software paradigm are rare. However,
it may be the model specification and the data choice that result in the rareness of indirect
network effects, as the present study showed different results. A balanced modelling structure
could be more powerful in depicting the effects from two sides without subjective restriction
on whether the cumulative sales (usage) or the incremental sales (usage) affect the growth of

the related innovations.
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Furthermore, our partial replication of the two-sided market model proposed in Hinz
et al. (2020) demonstrates the limitation of the theoretical assumption that users on the same
side demonstrate competition effects within each side while users across sides show
enhancement to the other side. Fixing the number of lags at one period also limits the impact
of existing users on the influxes and outflows of users to be sourced from the most recent
period only.

In addition, we probed into the driving forces of the co-dependent diffusion of
innovation and found the direct interaction effect between the adopting groups to be either
proxied by the churn rates on each side of diffusion or examined directly with the system of
equations modelling approach. The diffusion of co-dependent innovations is driven not only
by the initial uptake as the result of advertising and word-of-mouth communication but also
by the short-term usage fluctuation from both sides. It would stretch the idea of network
effects in the co-dependent diffusion context to depict the interaction between both sides as
network effects.

The present work also provides a detailed modelling framework that can be applied to
study co-dependent innovations in other contexts, allowing the further accumulation of

knowledge and testing of theoretical frameworks in this area of growing importance.

5.3 Managerial Implications

Results in the current thesis provide significant managerial implications for
innovation providers in the diffusion process of co-dependent innovation. First, the findings
on the churn rates inform innovation providers in two aspects. The average churn rates are
differed between consumers and merchants, driving the efforts on user retention for
innovation providers to be mainly focused on the merchant side. In addition, the churn rates,
which we propose to represent the interaction between the adopting groups, varied by
industries for merchants. Results further show that the churn rates are less associated with the
industry type but more with the time when the industry started to adopt the innovation in
general, providing insights for innovation enablers on the importance of attending to the late
adopters. As churn rates are negatively correlated with the imitation effect, a higher churn
rate in the late adopting industry can spell a spiralling impact on both the consumer and
merchant sides, as the low imitation effect among merchants can discourage consumer usage
via interactions.

The level of responsiveness as the output of VECM offers managerial implication on

user acquisition by informing innovation providers about “whom to target first”. Given the
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evidence that consumers are more sensitive to the changes in the merchant usage outcome
and consumers’ response is the highest in the long run, innovation providers shall prioritize
the promoting efforts on the merchant side to stir a short-term boost, which later translated
into a long-run lift on the consumer side. Going hard and early, the merchant usage will
generate the desired response on the consumer side, and this response can last beyond a short
period (i.e., 6 weeks). Meanwhile, merchants who adopt early with a larger user base will
experience less friction when the diffusion in the market in general picks up. Fewer hiccups
in the usage decision on both sides of the market will help both adopting groups form

payment method loyalty and sustain the diffusion of payment innovation.

5.4 Limitations and Future Directions

Although pioneering in examining the co-dependent diffusion of innovation and
proposing the VECM framework to understand the co-dependency between the adopting
group, the current work is not free of limitations.

One limitation lies in the data source. As with many other empirical studies relying on
data from a single source of a single market, there is criticism regarding the data limitation
and thus questioning the generalizability of the findings. Setting out to study co-dependent
innovation, our empirical work relies solely on the payment method data set provided by a
leading payment network operator in a developed western country. Therefore, there is no
variation in the country-specific factors and no boundary testing about whether other co-
dependent innovations can be adequately understood with the proposed method. We are
aware that payment method innovation tends to rely heavily on the “usage case”, as the
prosperity of the innovation is determined by how many consumers and merchants use this
innovation. Other co-dependent innovations, albeit the co-dependency embedded within the
innovations and between the adopting groups, may also be impacted by the price of the
innovations and the subscription or charge plans if they are service based. Then it will be
interesting to know how much the variation of the diffusion outcome can still be attributed to
the co-dependency and how much could be resulted from other marketing mix factors such as
pricing.

Another limitation lies in the data measurement. As the daily usage measurement per
card and terminal is impossible to track due to the enormous transaction volume daily, we
adopt the count data to represent the usage. However, count data can only depict the binary
outcome — “either being used or not being used” — of a card or a terminal during the studied

time. We do not measure the “frequency” of usage. This limits our insight into how frequent

127



users of co-dependent innovation impact the diffusion outcome. It could be the case that
certain merchants in certain industries have more frequent users than sporadic users.
However, this limitation could be attenuated if consumers form loyalty to their primed way of
paying and will use a certain method for retailing purchases out of their habits. This has been
proven by Wright (2002), and so far, no other work challenges this conclusion.

The third limitation lies in the utilisation of net change of users instead of the
distinction between user influx and outflow. Although the modelling framework proposed in
Hinz et al. (2020) is informative regarding tackling the user influx and outflow on both sides
of the market, the VECM we proposed in Chapter 4 is based on the net change of users.

Apart from the data availability limitation mentioned above, we also base our decision of
model specification on reflecting the diffusion pattern of the innovation in general. Influx and
outflow of users tend to be more appropriate when the studied population is a subset of the
whole population. For payment method innovation, the impact of this limitation may be
immaterial as the majority will utilise at least one payment method to pay. However, for other
types of co-dependent innovation, applying user influx and outflow to the modelling
framework could be appropriate.

We believe that our work can pave the way for future research in this important area.
Future research can address the limitations listed above to help build a comprehensive

understanding of the co-dependent diffusion of innovation.
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