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Abstract: Customers are important intangible assets of firms. Customer equity (CE) and customer
equity sustainability ratio (CESR) cannot only provide a crucial basis for measuring the growth
potential of firms but also provide managers a reference standard to allocate the marketing resource.
This empirical study discussed the CE measurement of a mobile payments aggregator. With the
rapid development of mobile payment in China, it is very meaningful to calculate the CE of these
aggregators as an emerging business pattern because calculating CE cannot only help the mobile
payments aggregator evaluate its future business development but also help it to provide value-added
services and generate service fee from its clients, i.e., the retailers. The main purpose of this paper is to
calculate CE of a mobile payments aggregator generated from a specific retailer from the perspective
of technology diffusion. Based on the Bass model and Rogers’ theory of innovation diffusion,
we calculated CE and CESR for five segments, namely innovators, early adopters, early majorities,
late majorities, and laggards. The results show that it is the early adopters and the early majorities
who generate most of the profit and it is also these two segments that have the greatest growth
potential in the future.

Keywords: customer equity; customer lifetime value; customer equity sustainability ratio;
mobile payments aggregators; diffusion model; Pareto/NBD model

1. Introduction

Customers are important intangible assets [1–4] and sources of profits of the firms [5]. As an
important supplement to corporate financial indicators, customer equity (CE) and its derivative
indicator, customer equity sustainability ratio (CESR), are measurements of the financial status of a
firm’s customers and thus clearly reflect the future development trend and growth potential of the
firm [6]. Customer equity has thus become an important reference for investment decisions and this
concept has established its important position in both the academic and industry field [7–9].

Customer equity reflects the value of customers and is closely associated with the customer lifetime
value (CLV). CLV refers to the net present value of profits that a customer can bring to a firm during his
or her entire life of transactions with the firm [10,11]. Customer equity is then defined as the sum of
the lifetime value for all customers of the firm [2,12]. Skiera, Bermes, and Horn [13] further proposed
the concept of customer equity sustainability ratio (CESR), which is defined as the ratio of a customer’s
(or all customers’) future CLV (or CE) to the customer’s (or their) total CLV (or CE). The definitions of
major concepts and their abbreviations are shown in Table A1 in the Appendix A. Customer equity is a
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forward-looking indicator that measures the future profits generated by the customers and therefore it
can provide a reference foundation for firms to allocate marketing resources and formulate value-based
marketing strategies [1]. Although customer equity plays an important role in terms of either the
disclosure of stakeholder information [13,14] or the allocation of marketing resources [1], the accurate
prediction of customer equity remains a difficulty in research [3]. Many researchers have conducted
in-depth studies and explorations of the measurement of customer equity under different scenarios
using different data sources.

On the basis of previous research, this paper focuses on the measurement of customer equity for
the scenario of mobile payment that has continued its global growth due to the development of mobile
devices, Internet, and wireless communication technologies. China is experiencing rapid development
of mobile payment and ranks among the top nations in the world in terms of both the transaction
volume and the penetration rate. According to the data provided by the People’s Bank of China,
China’s banking institutions handled 60.531 billion mobile payment transactions with a total amount
of 277.39 trillion RMB in 2018. It is estimated that the number of mobile payment users in China will
reach 790 million in 2020. With the rapid development of mobile payment, many third-party payment
providers have sprout out, among which Wechat pay and Alipay are the main players. Under this
circumstance, mobile payments aggregators have been established as a new business pattern in order to
integrate different third-party payment methods and provide one-stop payment solutions for retailers.
These platform-based aggregators can take full advantage of the network effect. Besides providing
convenient and efficient payment solutions, these aggregators can also provide the retailers with
derived services such as membership management and precision marketing since they have direct
access to customer payment data. Predicting customer equity and customer equity sustainability ratio
based on customer mobile payment data is very important for these mobile payments aggregators.
One reason is that most income of these aggregators comes from a commission fee, which is 0.3% the
amount of each mobile payment. Calculating customer equity and the customer equity sustainability
ratio based on customers’ mobile payment data helps to assess the future development of these
aggregators. The other reason is that calculating customer equity and customer equity sustainability
ratio also helps the retailers, i.e., the clients of these mobile payments aggregators, to better understand
the value generated from their customers who are using mobile payment and thus helps to make
marketing and promotion decisions. Therefore these payment aggregators can generate a service fee
from their clients and it is gradually becoming an important source of income for these aggregators.
We can see that predicting customer equity and customer equity sustainability ratio is an essential task
for these mobile payments aggregators.

Mobile payment has been well accepted in brick-and-mortar stores. Shoppers can use their
mobile devices to scan the code and make a payment. This new payment method begun in 2015 and
has become the most popular payment method in brick-and-mortar stores. According to Payment
and Clearing Association of China, 89.1% of shoppers embraced this new payment method in 2018.
The rapid development can be explained from both sides of the retailers and the consumers. From the
retailers’ perspective, there are four reasons: firstly, mobile payment is faster than credit card and
cash payment, helping retailers to improve their customer services; secondly, using mobile payment
helps brick-and-mortar retailers attract a large number of existing Wechat pay and Alipay users in
online payment scenarios; thirdly, the commission fee on each mobile payment is 0.3%, however the
commission fee on each credit card payment is 1%; lastly, mobile payment offers offline retailers
new communication channels and opportunities for personalized marketing. From the consumers’
perspective, firstly, mobile payment is easy to use, especially for those who have already got used to
Wechat pay or Alipay for an online payment; secondly, mobile payment is good to use, on the one
hand it is more convenient than paying by cash or credit card, and on the other hand, the retailers
offered preferential treatment to the consumers using a mobile payment at the early stage of promotion;
lastly, imitating other shoppers at the cashier’s also contribute to the rapid development of this new
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payment method. Due to these above reasons, it took only three years for the mobile payment to
become popular in brick-and-mortar stores.

The development and popularization of mobile payment in brick-and-mortar stores can be seen as
a diffusion process of a new technology. Consumers are different in technology acceptance. Segmenting
consumers based on their acceptance of new technology and understanding their behavior is more and
more important in today’s fast-paced and technology-driven world. Therefore, in this paper we use
the Bass diffusion model [15] to estimate the potential number of customers of a retailer and group
these customers according to their first-time adoption of mobile payment in brick-and-mortar stores.
On the basis of customer segmentation, a Pareto/NBD (Negative Binomial Distribution) model [16] is
used to describe customer behavior and estimate the customer retention rate. This paper thus proposes
a method of measuring customer equity under the scenario of mobile payment by combining the Bass
diffusion model and Pareto/NBD model. In this paper, we conduct an empirical study using data from
one of the leading mobile payments aggregator in China. These data are customer mobile payment
data of an offline retailer from May 2016 to May 2018. This period covers the whole diffusion process
of mobile payment in brick-and-mortar stores in China, which started in late 2015 and popularized
in 2018. The gradual adoption of mobile payments by customers during the 25 months can be seen
as the diffusion of a new technology, we therefore calculate customer equity of the mobile payments
aggregator generated from this specific retailer using the Bass diffusion model and Pareto/NBD model.
First, we use the Bass model to estimate the potential customer number and group customers into
five categories including innovators, early adopters, early majorities, late majorities, and laggards
according to their first-time adoption of mobile payment. Second, the Pareto/NBD model is used
to estimate the use frequency and retention rate of each customer category. Finally, the customer
equity and customer equity sustainability ratio for each customer category is calculated and the overall
customer equity of the mobile payments aggregator generated from this specific retailer is obtained by
summing up the customer equity of each customer category.

The paper is organized as follows. Section 2 presents a literature review of customer equity
modeling approaches, especially the measurement of customer equity based on a diffusion model.
Section 3 introduces the theoretical models of this paper. Section 4 presents the research methodology
and research framework. Section 5 presents empirical research and analysis results. Section 6 outlines
the managerial relevance of the study and summarizes the contributions of the paper.

2. Literature Review

2.1. Brief Introduction of CE

In recent years, marketing theory and practice have become increasingly customer-centered.
Customers and the relationship with customers are treated as important intangible assets of a firm.
These assets, like any other ones, should be measured and managed. This is the key idea of the customer
relationship management (CRM). This shift from a transaction-centered to a relationship-centered
marketing approach has led to an interest in measuring customer value. Customer equity and customer
equity sustainability ratio are being discussed more than ever before.

Customer equity is an essential metric to measure firm performance and it provides a good proxy
for firm value. Many researchers believe customer equity is a new tool for firm valuation [17,18].
This customer-based corporate valuation method can make better estimates of what a firm is really
worth than the traditional financial-valuation methods. The reason is that customer equity not only
focuses on the profit already generated by the customers but also consider their longer-term profit
potential. Customers are the underlying fundamentals of the firm value. Understanding the critical
behaviors of customers including their acquisition, retention, buying frequency, and basket-size gives
us a more precise estimate of future revenue streams. Customer equity brings us “a much higher
degree of precision, accountability, and diagnostic value to the new loyalty economy” [17].
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Customer equity is more than a metric to assess a firm’s underlying value. It can be rendered
as a way of thinking and doing business [19]. Successful implementation of customer equity helps
firms to adopt a customer-centric marketing practice. Maintaining the highest-value customers and
abandoning unprofitable customers is the cornerstone of a successful marketing program [7]. Firms can
evaluate the expected contribution of each individual customer or customer segments and then allocate
marketing resources to specific customers or customer segments in order to increase future profits.
For example, Kumar and Shah [20] propose a five-step process to find the optimal level of marketing
resources at the individual level based on customer lifetime value. In the aggregate level, customer
equity works in a similar way to help managers make customer-centric marketing strategies and thus
enhance the overall performance of the firm.

Since customer equity plays an important role in both customer-centric firm valuation and
marketing practice, the first question is how to measure it. Customer equity is a forward-looking metric
and it is closely related to future customer behaviors. Different approaches have been established
to measure customer equity given different circumstances and data availability. We here provided a
summary of literature on the modeling approaches of customer equity.

2.2. CE Measurement Model

The concept of customer equity was initially proposed by Blattberg and Deighton [7] and was
defined as the sum of the current customer lifetime value (CLV) of a company, i.e., the current customer
equity. Gupta, Lehmann, and Stuart [8] later proposed that the customer equity of a firm comprised
of two parts: the first part is the sum of the lifetime value of the current customers, i.e., the current
customer equity, while the second part is the sum of the lifetime value of the future potential customers,
i.e., potential customer equity. Currently, the customer equity of a firm is generally defined as the sum
of customer lifetime value for the current and potential customers of the firm [9], i.e.,

CE =
N∑

i=1

CLVi

where CLVi is the lifetime value of customer i while N is the sum of current and estimated future
customers. Gupta et al. [10] gave a basic formula for the CLV as

CLV =
T∑

t=0

(pt − ct)rt

(1 + d)t −AC

where pt is the payment made by a customer at time t, ct denotes the direct costs of the customer at time
t, d is the discount rate, rt is the probability of customer survival at time t, AC denotes the customer’s
acquisition costs, and T is the time horizon for CLV prediction. It is seen that basic factors determining
customer equity include the number of customers, the cash flow that the customer brings to the firm,
the survival time of the customer (i.e., the survival rate, retention rate, churn rate, or repurchase rate)
and the discount rate.

Using the basic formula, many researchers have explored the measurement of customer equity
and further developed different measurement models. See Table 1 for examples of customer equity
measurement researches.

1. In terms of the relationship between a firm and its customers, the approaches of customer
equity measurement can be divided into contractual models and noncontractual models [21,22].
In contractual settings, such as insurance, telecommunications, and magazine subscriptions,
firms can accurately understand the cash flow generated by their customers as customers usually
sign long-term contracts with the firms. In such cases, the measurement of customer equity should
focus on the prediction of whether customers in the following period will continue to subscribe
for products or services of the firm (i.e., investigation of the retention rate) [7]. Noncontractual
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models are used, for example, in the retail industry, where customers and firms are not bound
by contracts and customers may shift among different products or service providers. In such
cases, the measurement of customer equity involves not only the prediction of the frequency of
customers’ future purchases but also the prediction of customers’ future purchase amount [23].
The measurement of customer equity under a noncontractual relationship thus appears to be
more complicated.

2. In terms of the data source, the measurement of customer equity can be based on firm-level data
(such as financial data from annual reports) or individual-level data (such as individual transaction
data) [24]. For the former, the average customer lifetime value is calculated through financial
data and is multiplied by the number of customers to obtain customer equity. As no individual
customer lifetime value is involved in this top-down approach, it is also called an aggregate-level
approach [3,9,25,26]. For the latter, the lifetime value of each customer is calculated based on
individual transaction data. Customer equity is then calculated by summing up the lifetime value
of all customers. This bottom-up approach is also referred to as a disaggregate-level approach [23].

3. In terms of the model type, customer equity can be calculated by taking deterministic and
stochastic approaches [2,27]. For the former, there are no random components involved in the
model. The heterogeneity among individual customers is usually not considered. Customer equity
can thus be directly calculated based on a simple formula [7,25]. For the latter, the stochastic
factors and the heterogeneity among customers are fully considered. Although the stochastic
approach is more complicated, it can make the calculation of customer equity more accurate [11].

4. In terms of the specific modeling approach, customer equity can be calculated using probability
models, econometric models, persistence models, computer science models, and diffusion/growth
models. Probability models are built under certain probability distribution assumptions of
customers’ purchasing behaviors. For example, the customers’ future purchasing frequency
can be predicted using a Pareto/NBD model [16] and a BG/NBD model [28], the amount of
customers’ future purchase can be predicted using the normal distribution [29] or log-gamma
distribution [30], and the Conway–Maxwell–Poisson distribution is used to jointly model the
purchase frequency and purchase quantity [31]. The central concept of econometric models is to
explain different purchasing behaviors of customers through a series of covariates. This approach
emphasizes factors that affect customer equity and its components. Commonly used econometric
models include the simple regression model, the logit/probit model [32,33] and the survival
analysis model [34]. When the time series data is long enough, persistence models, including the
unit root test, cointegration model, and VAR model, can be established to predict customer equity,
quantifying the long-term dynamic effects of different covariates in customer equity modeling [35,
36]. Computer science models introduce machine learning and modern nonparametric statistics
to the measurement of customer equity. These models need no theoretical assumptions and
generally have stronger predictive ability than parametric models. The main models used are
the support vector machine (SVM) [37], random forest [38], Lasso regression, and generalized
additive model (GAM) [39]. Diffusion/growth models emphasize the prediction of the number
of future customers and thus lay a foundation for customer equity measurement. The diffusion
models are discussed in detail below.

2.3. CE Measurement Using a Diffusion Model

Customer equity is the sum of the lifetime value of a firm’s current and potential customers.
It is thus important to estimate the number of potential customers and the customer retention rate.
For new products or services, it is more appropriate to estimate the number of potential customers from
the perspective of technology diffusion. Technology diffusion (also known as innovation diffusion)
refers to the whole process from the initial application of a new technology to its development and
popularizations and finally to its eliminations. The concept is originated from the innovation theory
proposed by Schumpeter [40]. Mansfield [41] later proposed the S-type diffusion model, laying a
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foundation for research in this field. In the field of product market research, Bass proposed the Bass
model to predict the diffusion of products and services [15].

Table 1. Examples of customer equity (CE) measurements.

Reference Customer-Firm
Relationship Data Source Model Type Modeling Approach

[7] contractual firm-level deterministic econometric
[25] contractual/noncontractual firm-level deterministic econometric
[22] noncontractual individual-level stochastic probability
[3] contractual firm-level deterministic econometric
[11] noncontractual individual-level stochastic probability
[8] contractual firm-level deterministic diffusion/growth
[23] noncontractual individual-level stochastic probability/econometric
[9] noncontractual firm-level stochastic econometric
[42] contractual firm-level deterministic diffusion/growth
[35] contractual individual-level stochastic persistence
[38] contractual individual-level stochastic computer science
[37] noncontractual individual-level stochastic computer science

The diffusion model reflects the adoption of new products and services by customers and some
researchers have applied the model in customer equity measurement [8,42,43]. Based on quarterly
data from annual reports, Gupta, Lehmann, and Stuart [8] calculated customer equity according
to the number of customers, retention rate, quarterly margin, and acquisition cost. The number of
customers was described by the technological substitution model, which appears as an S-shaped curve.
The retention rate was decided by industry experts or followed the industry average. The income and
cost data that determine profits were directly obtained from annual reports. Silveira et al. [44] believed
that the method proposed by Gupta, Lehmann, and Stuart [8] requires a constant retention rate and
contribution margin, and the method thus appeared more suitable to the calculation of customer equity
under contractual settings. Additionally, researchers have also studied customer churn using diffusion
models. For example, Hogan, Lemon, and Libai [43] studied the value of lost customers using the Bass
model while Libai, Muller, and Peres [42] emphasized the effect of customer churn on customer equity.
Libai, Muller, and Peres [42] believed that customer loss should be considered during the process of
service diffusion and they adopted a diffusion model to measure customer equity of a growing service
firm. Similar to Gupta, Lehmann, and Stuart [8], Libai, Muller, and Peres [42] also treated the customer
churn rate as an endogenous variable that could be obtained from industry experts, financial reports,
or related literature.

Through the literature review, we found that, firstly, customer equity measurements using
diffusion models usually adopt an aggregate-level approach. The retention rate is regarded as an
exogenous variable and can be obtained from annual reports, related literature, or industry experts.
This approach is appropriate for measuring customer equity in contractual settings. Different from this
top-down approach, which is based on public financial data in the current literature, customer equity
measurement in this paper is based on customers’ individual transaction data. The retention rate in
this bottom-up modeling approach is estimated based on customers’ transaction behaviors, which is
more appropriate for measuring customer equity in noncontractual settings. Secondly, aggregate-level
approaches in the current literature often take customers as a whole and calculate the average customer
lifetime value, without considering the heterogeneity of different customer groups. Although it is
much easier to calculate customer equity from the perspective of customers as a whole, ignoring the
heterogeneity of customer groups may cause large measurement errors. We, therefore, believe it
is necessary to calculate customer equity according to customer segmentation. Although some
scholars have proposed that customer equity should be calculated according to different customer
segmentations, there is still relatively little discussion on specific implementation methods. Gupta,
Lehmann, and Stuart [8], for example, proposed the idea of segmenting customers according to time
periods, however they did not discuss how to determine the specific time periods. Wiesel, Skiera,
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and Villanueva [6] clearly stated that the customer equity of the current, new and lost customers should
be calculated respectively, but data limitations would increase the difficulty of applying the method.
In this paper, we provide a specific customer segment method according to the time of adoption of a
new service (i.e., mobile payment in brick-and-mortar stores) and calculate customer equity on the
basis of five customer categories, namely innovators, early adopters, early majorities, late majorities,
and laggards. Finally, in this paper, we further calculated the customer equity sustainability ratio of each
category, an indicator that can be used to objectively evaluate the future increase in customer equity.

3. Theoretical Model

3.1. Customer Segmentation Based on a Diffusion Model

From the perspective of innovation diffusion, there are two aspects that need to be discussed,
which are the time-point of adoption and the reason of adoption. On the one hand, the time-point that
customers adopt new products or services tends to be different. Rogers [45] believed that the adoption
time (t > 0) followed the normal distribution with an average of µ and a standard deviation of σ
(expectation µ and standard deviation σ). He also proposed segmenting customers into five categories
according to their adoption time; i.e., 0 < t < µ− 2σ for innovators (theoretical proportion of about
2.5%), µ− 2σ ≤ t < µ− σ for early adopters (theoretical proportion of about 13.5%) µ− σ ≤ t < µ for
the early majorities (theoretical proportion of 34.0%), µ ≤ t ≤ µ+ σ for the late majorities (theoretical
proportion of about 34.0%), and t ≥ µ+ σ for laggards (theoretical proportion of about 16.0%). On the
other hand, the reasons why customers adopt new products or services differ. Bass [15] pointed out
that the adoption of new products or services by customers mainly stemmed from external influence
(e.g., mass media) and internal influence (e.g., interpersonal communication and imitation among
customers). Customers who adopt new products owing to an external influence were innovators while
those who adopt new products owing to an internal influence were imitators.

In view of the above two aspects, Mahajan, Muller, and Srivastava [46] believed that, firstly,
the assumption that the time of adoption by customers followed the normal distribution was not
necessarily applicable to all new products or services. Instead, the parameters of the adoption time
distribution and the actual proportion of the five customer categories should be estimated according
to the diffusion model and actual data; secondly, innovators not only appeared in the early days but
probably at each stage of the diffusion process. The distinction between innovators and imitators
does not depend on the adoption time but rather on the adoption motivation (i.e., an external or
internal influence). Following the idea of Mahajan, Muller, and Srivastava [46], we estimate the number
of potential customers and develop adopter categories by considering both the adoption time and
adoption motivation.

3.1.1. Bass Model

Let Nt be the cumulative number of customers who adopt new products at time t and m be the
total population of potential adopters. The difference equation of the Bass model is

Nt+1 −Nt = p(m−Nt) + qNt(m−Nt)/m, (1)

where p is the coefficient of innovation and q is the coefficient of imitation. The increase in the number
of customers at t + 1 is derived from the following two groups.

Innovators among current potential customers (m−Nt). The number of innovators depends on
the coefficient of innovation, i.e., p. Obviously, pm is the number of first batch customers who adopt
new products at time t = 0, and these customers are innovators in the sense of adoption time, which
also correspond to the innovators proposed by Rogers. As the diffusion process continues, p(m−Nt)

innovators will continue to emerge in subsequent periods, and Rogers classified these customers into
other categories, such as early adopters. It is seen that innovators in the Bass model are not necessarily
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pioneers in terms of the adoption time. They are referred to as innovators because they make their
adoption decision without being affected by interpersonal communication or customer imitation.

Imitators among current potential customers (m −Nt). The number of imitators depends on
the coefficient of imitation, i.e., q. It is obvious that the number of imitators at time t = 0 is zero.
Imitators emerge in the following periods, together with innovators of the same period, forming the
categories defined by Rogers.

The solution to the difference Equation (1) is Nt = m 1−e−(p+q)t

1+
( q

p

)
e−(p+q)t , which gives the cumulative

number of adopters at time t. The cumulative distribution function F(t) is depicted by an S-shaped
curve in Figure 1a and expressed as

F(t) =
1− e−(p+q)t

1 +
( q

p

)
e−(p+q)t

, (2)
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The probability density function is depicted by the curve in Figure 1b and expressed as

f (t) =
(p + q)2e−(p+q)t

p
[
1 +

( q
p

)
e−(p+q)t

]2 (3)
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The number of adopters at time t can, therefore, be calculated as S(t) = m f (t) = m(p+q)2e−(p+q)t

p
[
1+

( q
p

)
e−(p+q)t

]2

and the time that the number of adopters peaks is expressed as

Tpeak =
log(q) − log(p)

p + q
(4)

The cumulative number of adopters and the number of adopters at peak time are respectively
expressed as F

(
Tpeak

)
= 1

2 −
p
2q and f

(
Tpeak

)
= 1

4q (p + q)2.

In Figure 1b the probability density function curve of the Bass model, the ordinate for the horizontal
dashed line is pm, which refers to the innovators of Rogers. We can see that the distribution of the
adoption time in the Bass model varies from the normal distribution that is proposed by Rogers [45].

3.1.2. Bass Model and Adopter Categories Proposed by Rogers

The Bass model has helped to further develop Roger’s research on adopter categories. On the one
hand, there are certain proportions of innovators and imitators among each adopter category classified
according to the time-axis of Figure 1b (except at time t = 0). The consideration of both the adoption time
and the adoption motivation can further enrich Rogers’ research on the five adopter categories. On the
other hand, both curves in Figure 1a,b are affected by the innovation coefficient p and the imitation
coefficient q. These two coefficients can be estimated from actual data, which means customers can
be segmented as long as the corresponding relationship between Rogers’ four adopter categories
(excluding innovators) and the time-axis in Figure 1b is identified. Additionally, the proportion of each
customer segment can also be estimated, effectively expanding the applicability of Roger’s research.

Mahajan, Muller, and Srivastava [46] proposed that, as shown in cumulative distribution function
curve and probability density function curve of the Bass model (Figure 1), the diffusion rate of the
Bass model changes nonlinearly. Thus, according to the changes in the diffusion rate, i.e., the second
derivative of f (t), four time intervals can be obtained, namely intervals of rapid growth, slow growth,
slow negative growth to rapid negative growth, and rapid negative growth to slow negative growth,
corresponding to the periods (0–T1), (T1–Tpeak), (Tpeak–T2), and (T2–∞) respectively. In the case

that d2 f (t)
dt2 = 0,

T1 = −
1

p + q
log


(
2 +
√

3
)
p

q

 (5)

T2 = −
1

p + q
log

 p(
2 +
√

3
)
q

 (6)

The customers in these four-time intervals correspond to the early adopters, early majorities,
late majorities, and laggards proposed by Rogers. Here,

F(T1) = F(Tpeak) −
1
√

12

(
1 +

p
q

)
(7)

F(T2) = F(Tpeak) +
1
√

12

(
1 +

p
q

)
(8)

The proportions of the early adopters, early majorities, late majorities, and laggards are then
F(T1) − p,F

(
Tpeak

)
− F(T1),F(T2) − F

(
Tpeak

)
and 1− F(T2) respectively.
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3.2. Estimation of CE and CESR

3.2.1. Estimation of CE

Wiesel, Skiera, and Villanueva [6] proposed a method of calculating customer equity in contractual
settings. Assuming the average cash flow Ct and the retention rate of customers rt are constants that
do not change with time t, that is, Ct = CF and rt = r, d is referred to as the discount rate. Without
considering marketing costs, customer retention costs and customer acquisition costs, the lifetime

value of a single customer is CLV =
∞∑

t=0

CF×rt

(1+d)t = CF×r0

(1+d)0 + CF×r1

(1+d)1 + . . .. It is the sum of an infinite

geometric sequence in the case that
∣∣∣ r
1+d

∣∣∣ < 1 and may be rewritten as CLV = CF × 1+d
1+d−r . Thus,

customer equity CE = Nend × CF × 1+d
1+d−r , where Nend is the number of customers at the end of the

period. In contractual settings, the retention rate r = 1− Ncancel

(Nbeg+Nend)/2
, where Nbeg is the number of

customers at the beginning of the period and Ncancel is the number of lost customers. Pfeifer [47]
further improved the above method, firstly the author believed that new customers were immune to
(initial) churn and the retention rate can be adjusted to the ratio of the number of retained customers
to the number of customers at the beginning, that is r =

Nend−Nadd
Nbeg

, here, Nadd is the number of new
customers; secondly, the author proposed that the replacement of the beginning of the period with the
middle of the period as the time-point when there is cash flow appears more consistent with the actual
situation. Then,

CE = Nend ×

( 1
1 + d

)0.5
× r×CF×

1 + d
1 + d− r

(9)

The estimation of the retention rate r is the key to the customer equity calculation. However,
the above approach is only applicable to contractual settings and it is inappropriate to assume that all
customers share the same churn rate. We thus believe in this paper that, firstly, the classic Pareto/NBD
model can be used to estimate the retention rate in noncontractual settings; secondly, compared
with modeling customers as a whole, the estimation of the retention rates of different customer
segmentations can effectively reduce the estimation error caused by customer heterogeneity. The cash
flow CF is directly observable in contractual settings. In noncontractual settings, however, cash flow
depends on future purchase times and the single transaction amount, which can also be estimated
using the Pareto/NBD model.

3.2.2. Estimation of CESR

On the basis of customer equity, Skiera, Bermes, and Horn [13] proposed the concept of the
customer equity sustainability ratio (CESR). The CESR of customer i is defined as the ratio of his or her
future CLV (t ≥ 1) to its total CLV:

CESRi =

∞∑
t=1

CFi×rt

(1+d)t

T∑
t=0

CFi×rt

(1+d)t

= 1−
CLVi(t=0)

CLVi
, (10)

CLVi(t=0) is the CLV of customer i at current time t = 0. The customer equity sustainability ratio
of all customers (total number N) is expressed as

CESR = 1−

N∑
i=1

CLVi(t=0)

N∑
i=1

CLVi

= 1−
CEt=0

CE
(11)
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CESR takes a value between 0 and 1. A larger value indicates a higher future value of the customer
and a greater growth potential. The customer only has a current value if the CESR is equal to zero.

It is believed in this paper that time t in the second term of Equation (11) can be extended to time j,

which is more suitable for the actual problem, that is, CESR = 1−

N∑
i=1

CLVi(t= j)

N∑
i=1

CLVi

= 1−
CEt= j

CE . For example,

if j is three months or half a year, the growth space for customers’ value after three months or half a year
will be measured. Additionally, the customer equity sustainability ratio can be calculated separately for
different customer segments, allowing comparison of the potential values of different customer groups.

3.3. Estimation of Customer Purchase and Retention Rates Using a Pareto/NBD Model

The Pareto/NBD model, proposed by Schmittlein, Morrison, and Colombo [16], is a classic
probability model describing the future purchase behavior of customers in noncontractual settings
and thus lays a solid foundation for the calculation of the lifetime value of noncontractual customers.
The probability distribution is assumed as follows.

When a customer is “alive” (i.e., it maintains a transaction relationship with the firm),
the customer’s number of purchases X in a period of time t follows a Poisson distribution with
transaction rate λ:

P(X = x|λ, t) =
(λt)x

x!
e−λt, x = 0, 1, 2, . . . (12)

1. The time when a customer becomes “inactive” is exponentially distributed with churn rate µ.
The probability density function is:

f (t
∣∣∣µ) = µe−µt, t > 0 (13)

2. There is a difference in the transaction rate of individual customers. The transaction rate λ across
customers follows a gamma distribution. The probability density function is:

f (λ
∣∣∣γ,α) =

αγ

Γ(γ)
λγ−1e−αλ,λ > 0,γ,α > 0 (14)

The expectation of transaction rate and variance are: E(λ) = γ/α and Var(λ) = γ/α2 respectively.

3. There is a difference in the churn rates of individual customers. The churn rate µ across customers
follows a gamma distribution. The probability density function is:

g(µ
∣∣∣s, β) =

βs

Γ(s)
µs−1e−βµ,µ > 0, s, β > 0 (15)

The expectation of churn rate (retention rate = 1 − churn rate) and variance are: E(µ) = s/β and
Var(µ) = s/β2 respectively.

4. Transaction rate λ is independent of the death rate µ. The expected number of transactions from
the initial transaction period T0 to the observation period T is therefore

E(x(T)
∣∣∣γ,α, s, β, T) =

γβ

α(s− 1)

1− (
β

β+ T

)s−1 (16)

If a customer remains active in the future T∗ periods, the expected number
of transactions E(x(T∗)

∣∣∣γ∗,α∗, s∗, β∗, T∗) can also be calculated according to Equation (16). Here,
γ∗ = γ + x,α∗ = α + T, s∗ = s, β∗ = β + T.
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4. Methodology

4.1. Research Framework

This paper explored the measurement of customer equity using a diffusion model. Since customer
equity is the sum of the lifetime value of a firm’s current and potential customers, the following
aspects were discussed in detail. Firstly, the number of potential customers in the future was estimated
using the Bass diffusion model. Secondly, considering that customer heterogeneity may lead to huge
measurement errors, customers were segmented into five categories according to their adoption
time. Customers are usually segmented based on their demographic or psychographic characteristics.
However, in this study, we used the adoption time of mobile payment as customer segmentation
criteria. The reason is that the customer equity of this mobile payments aggregator generated from
this specific retailer comes from the commission fee of each transaction, which is directly connected
with the customers’ mobile payment behavior. Therefore, customers with a different adoption time
will contribute differently to customer equity. Segmenting customers according to their adoption
time and calculating customer equity based on these segmentations will make the prediction more
accurate. Besides, it also allows us to further look into the profitability of each customer category
segmented by a new technology acceptance degree. Understanding their behavior and profitability
is very important when new technologies are emerging in an endless stream. Thirdly, on the basis
of customer segmentation in step two, the classic Pareto/NBD model is used to explore the future
purchasing behavior and retention rate of each customer segment. Finally, the short-term customer
equity and lifetime customer equity of each customer segment were calculated separately. Additionally,
the customer equity sustainability ratio of each customer segments was further calculated and the
future development potentials of different customer segments were compared. The research framework
is shown in Figure 2.
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4.2. Data

The data used in our research come from a leading Chinese mobile payments aggregator that
integrates various mobile payment methods and provides one-stop payment solutions for 130,000
offline retailers. Among these retailers, we chose the offline mobile payment data of a large-scale
supermarket since the purpose of this paper was to calculate customer equity of this mobile payments
aggregator generated from a specific retailer and further provide value added services to these retailers
based on the calculation results. The data includes detailed records of customer payments made
by scanning the code using a mobile device between May 2016 and May 2018, totaling 25 months,
with 208,562 transaction data for 108,512 customers. The study was conducted on a monthly basis. We,
therefore, combined the transactions of a customer in the same month, calculating the total number
of purchases and monetary value of each customer per month. As we mentioned before, this period
covered the stage in which mobile payments were gradually accepted and widely popularized in
brick-and-mortar stores in China. This paper thus regarded the process of customers gradually
adopting mobile payments during the 25 months as the diffusion of a new technology. During the
data period, every month there are users joining and leaving, and the number of users, frequency of
use and amount of payment changed to various degrees. Since the mobile payments aggregator
receives a certain percentage of commission fee based on the amount of mobile payment made by the
customers of the retailer, this paper hopes to measure the customer equity of the mobile payments
aggregator generated from this specific retailer, not only helping the aggregator evaluate its future
business development but also providing value-added service to it client, i.e., the retailer. A line chart
showing the change in the number of users per month is shown in Figure 3.
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As shown in Figure 3a the change in the number of users and the number of new users slowly
grew in the first 10 months, rapidly grew in the 15th to 22nd months, and then grew more slowly from
the 23rd month. A total of 108,512 new users were added during the 25 months. The trend of active
users was basically similar to that of new users. According to Figure 3b the change in the composition
of users, the proportion of new users was initially higher than that of old users. The subsequent period
witnessed an alternating change of high and low proportions. After the 23rd month, the proportion
of old users was higher than that of new users. A total of 100,050 users were retained during the
25 months.

To further observe the customers’ use of mobile payment, the data were roughly divided into two
stages, each of which lasted about 1 year. The first stage is from May 2016 to May 2017, totaling 13
months. The second stage is from June 2017 to May 2018, totaling 12 months. In Figure 4 the length of
use shows distributions of the length of use for the two stages.
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In Figure 4a the distribution of the length of use in the first stage from right to left shows that in
the first stage, about 6% of users began to adopt mobile payment in the very early stage of the diffusion
process of mobile payment and they had a use history for more than twelve months. The proportion of
new users did not change much in the following months. The eighth month witnessed an increase
of 15%. The reason is that the mobile payments aggregator together with the retailer made sales
promotion during the Double 12 shopping festival. The number of new users then dropped and rose
again, by about 15%, during the eve of the May Day Holiday the next year. In Figure 4b the distribution
of the length of use in the second stage from right to left shows that the monthly number of new users
continued to grow steadily and slightly, and then dropped after the Double 11 and Double 12 shopping
festivals. It then peaked around the Spring Festival because of the sales promotion.

Figure 5 presents the distribution of use frequency, i.e., the number of uses, of customers sampled
randomly from the users in the first stage. The figure shows that, for users who began making mobile
payments in the first stage, most of them made mobile payments fewer than 20 times during the first
stage, while only a small number use mobile payment frequently. In the second stage, most of these
randomly selected users made mobile payments fewer than 30 times, and only a few of them made
mobile payments more than 30 times, showing that there was no obvious change in the behavior of
these randomly selected users.
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5. Empirical Results and Analysis

5.1. Parameter Estimation for the Bass Diffusion Model

May 2016 is regarded as the starting point for technology diffusion in this paper. The users of this
month are not only innovators proposed by Rogers, but also innovators in the Bass model. We took the
monthly cumulative number of new users as modeling data and use nonlinear least square method and
genetic algorithm (GA) respectively to estimate the parameters of the Bass model. The nonlinear least
square method implements the Taylor expansion of the model and estimates the model parameters
according to the minimum sum of squared errors. As a representative of the time-varying estimation
method, the genetic algorithm has gradually become the main method of parameter estimation of
the Bass model due to its flexibility and relatively small sample size. According to Venkatesan and
Kumar [48], the GA estimation of the Bass model is better than the nonlinear least square estimation
for small samples. Figure 6 shows the comparison between the fitted values of the two estimates and
the actual cumulative number of new users.
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Figure 6. Comparison between the actual cumulative number of new users and fitted values of
the models.

In Figure 6, the fitted lines obtained using the two estimation methods basically coincided with
each other. Overall, the fitted values of the two models were lower than the actual value in the early
stage, higher in the middle stage, and lower again in the late stage. This deviation is directly related to
the fluctuation of users caused by the sales promotions during the Double 11 and Double 12 shopping
festivals, May Day Holiday, Spring Festival, and other holidays. On the whole, the estimation of
the two models fit the actual number of users. The mean square error (MSE) of the nonlinear least
square estimation was 2113.545 while MSE of the GA estimate was 1893.29. The GA estimate was
thus adopted.

In the GA estimation, the estimated values of the innovation parameter p, the imitation parameter
q and the total number of users m were respectively 0.0032, 0.1734, and 182,343, and the number of new
users peaks in the 22.4th month (around the Spring Festival of 2018). We can see that the innovation
coefficient p was relatively small and imitation coefficient q was relatively large, which indicates
that most users adopted mobile payments owing to interpersonal communication and imitation
among people.

5.2. User Segmentation Based on the Diffusion Model

On the basis of the above Bass model parameter estimation, two important time points T1 and T2

were first calculated to be 15.2 and 30.2 respectively using Equations (5) and (6). These time points
respectively differentiate the early adopters from the early majorities and the late majorities from the
laggards. The proportions of the five user categories were then calculated according to Equations (7)
and (8). Finally, the proportions of innovators and imitators in each category were calculated. Figure 7
shows the user segmentation.
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In Figure 7 user segmentation, the dotted line parallel to the horizontal axis represents the number
of innovators, who are the first batch of mobile payment users. The innovators accounted for 0.32%
of the total users, having an actual number of 1208. The three vertical dotted lines represent the
time points used to classify early adopters, early majorities, late majorities, and laggards. According
to Figure 7 user segmentation, users who adopted mobile payments before the end of July 2017
(i.e., about 15 months after May 2016) are early adopters, accounting for 19.37% of the total users and
having an actual number of 27,007. Among them, 4.51% were innovators and 95.49% were imitators.
Users who adopted mobile payments from August 2017 to late February 2018 (i.e., month 15th to 22nd
after May 2016) are the early majorities, accounting for 29.39% of the total users and having an actual
number of 61,783. Among them, 1.57% were innovators and 98.43% were imitators. In Figure 7 user
segmentation indicates that as of the end of February 2018 (i.e., the peak time), new users accounted for
49.09%. Users who adopted mobile payment from March 2018 to the end of October 2018 (i.e., from the
23rd month to around the 30th month) were the late majorities, with 0.83% being innovators, and users
who adopted mobile payment after November were laggards, with 0.43% being innovators. The user
proportions of the two categories are respectively 29.39 and 21.52%. The number of the late majorities
was 18,514. Subsequent users were classified into the late majorities and laggards according to time
points. By the end of the 50th month, there will be a total of 182,343 users making payments by a
mobile device.

5.3. Modeling Customer Behavior Using a Pareto/NBD Model

A Pareto/NBD model was used to estimate the use frequency and the retention rate for the five
user categories. Due to the limited time span of the data, the late majorities and laggards were binned
in the parameter estimation. According to Schmittlein and Peterson [29], a two-step method of the
moments estimation was used to estimate Pareto/NBD model parameters.

In the first step, we chose Tm. For all customers making an initial use at least Tm time units ago,
we chose γ/α, s, β to minimize

Tm∑
T=1

[
E(x

∣∣∣γ/α, s, β, T) − xT(Tm)
]2

(17)

where xT(Tm) is the average number of uses for each user from the initial month T0 to the current
month T.
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Second step, estimate γ,α according to the estimated value of γ/α in the first step. For each
T = 1, 2, . . . , Tm we chose α̂T to equate Var(x

∣∣∣γ,α, s, β, T) with Var(xT(Tm)) where Var(xT(Tm)) is the
variance across customers in the number of uses from T0 to T. Average these estimates to obtain α̂

α̂ =
1

Tm

Tm∑
T=1

α̂T (18)

Based on the estimation of model parameters, the expected value of the number of uses in the following
month was calculated using Equation (16). The results of parameter estimation are given in Table 2.

Table 2. Estimation results using Pareto/NBD.

User Categories Number of Uses per Month Churn Rate

Innovators 1.28 0.011
Early adopters 0.41 0.0003
Early majorities 0.52 0.00012
Late majorities and laggards 0.56 0.028

5.4. CE and CESR Calculation

5.4.1. Calculating Customer Equity of Current Users

First step, estimate the monthly cash flow of a single user for each user category. This paper
defines the cash flow of user category k as CFk = Fk ×Mk × s, where Fk is the estimated number of
uses per month for category k, Mk is the estimated average amount of each payment (i.e., the total
payment made by category k divided by the total number of payments in this category), and s is
the commission fee for the transaction (generally assumed to be 0.3% of the transaction according to
industry practice). The calculation result shows that the monthly cash flows of a single user classified
as an individual innovator, early adopter, early majority, and late majority were respectively RMB 0.45,
RMB 0.79, RMB 0.97, and RMB 0.06.

Second step, estimate the short-term customer equity for each category. This paper defines the short
term as the future six months including the current month. We assumed that the monthly discount rate
d equaled 0.0025, which was the weighted average capital cost of the firm. According to the customer
equity calculation formula proposed by Gupta, Lehmann, and Stuart [8], without considering the user

retention cost and acquisition cost, CLVk =
6∑

t=0

CFk×rk
t

(1+d)t , where rk is the retention rate. Furthermore,

CEk = Nk × CLVk, where Nk is the total number of users in category k. Therefore, the short-term
customer equity for innovators, early adopters, early majorities, and the late majorities were respectively
calculated as RMB 2719.85, RMB 149,312.65, RMB 414,933.86, and RMB 7310.15.

Third step, estimate the lifetime customer equity for each category. The lifetime customer equity
for each category was calculated according to Equation (9). The result shows that the lifetime customer
equity of innovators, early adopters, early majorities, and the late majorities were respectively calculated
as RMB 4186.79, RMB 768,935.77, RMB 22,828,279.03, and RMB 36,489.05.

Fourth step, calculate the customer equity sustainability ratio for each category. According to
Equation (11), we took the short-time customer equity as the numerator and the lifetime customer
equity as the denominator in calculating the customer equity sustainability ratio. The result shows
that the customer equity sustainability ratios of innovators, early adopters, early majorities, and late
majorities were respectively 35.04, 98.06, 98.18, and 79.97%. We can see that the early adopters and the
early majorities had greater room for future profit growth, while the growth potential of innovators
was relatively low.
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5.4.2. Calculating Customer Equity of Potential Users

According to the parameter estimation of the Bass model, the future market size is expected to be
182,343. Subtracting the number of current users (108,512) gives the number of potential users (73,831)
in the future. Most potential users should be classified into the late majorities, with the remainder being
laggards. Assuming that potential users have the same usage behavior as most of the late majorities,
the estimation of the lifetime customer equity for the potential users is RMB 145,512.73.

Furthermore, the ratio of the current customer equity to the total customer equity, i.e., CCE
CE ,

was calculated. Define R = 1− CCE
CE , and it is obvious that the value of R lies between 0 and 1. The larger

the value is, the greater the future potential. Here, the calculation result was 0.47%. The small
percentage indicates that the profit margins brought by new users after October 2018 were quite limited.

6. Managerial Relevance and Conclusions

As the marketing theory and practice becoming more and more customer-centered, customers and
relationships with customers are treated as vital intangible firm assets, which should be measured and
managed. Customer equity (CE) is an essential metric to measure customer based assets and it can
further provide a new tool for firm valuation instead of financial-based valuation. Compared with
traditional financial-valuation, the customer-based firm valuation method is more precise and
more accountable especially for today’s loyalty economy. The reason is that customer equity is
a forward-looking metric, which means that it not only considers the profit that has been already
generated by the customers but also takes customer’s future profit potential into consideration. Besides
being a metric to assess firm’s underlying value, customer equity also works as an important base
for customer-centric marketing practice. According to customer equity, managers are able to identify
their most profitable customers and those unprofitable ones. Therefore, calculating customer equity
provides managers a reference standard to allocate marketing resource and make strategic marketing
decisions in order to increase future profits.

With the managerial importance, the calculation of customer equity and its derivative concept,
customer equity sustainability ratio, is being discussed more than ever before. In this paper, we focused
on the calculation of customer equity of a mobile payments aggregator. With the rapid development of
mobile payment in China, mobile payments aggregator, as a new business pattern, helps to connect
the retailers with different third-party payment firms, thus providing one-stop payment solutions
for retailers. Calculating customer equity of these mobile payments aggregators is very important
due to two reasons. The first reason is that customer equity helps to assess the future development
potential of these aggregators that are emerging business patterns with the recent development of
mobile payment. The second reason is that customer equity helps the retailers, i.e., clients of these
mobile payments aggregators, to better understand the buying behavior and the value generated
from the customers who are using mobile payment. Therefore the mobile payments aggregators are
able to provide their clients with value added services and help the retailers make customer-centered
marketing and promotion decisions. Generating a service fee from the retailers has gradually become
an importance source of income besides the commission fee. Measuring customer equity of the mobile
payments aggregator generated from a specific retailer is of great importance since it not only helps
the aggregator evaluate its future business development but also provide value-added service and
generate a service fee from the retailer. The main purpose of this paper was to calculate customer
equity of a mobile payments aggregator generated from a specific retailer from the perspective of
technology diffusion. The proposed method could contribute to the literature in two ways.

First, we used the Pareto/NBD model to estimate the retention rate. In the current literature,
customer equity measurement using diffusion models usually adopts an aggregate-level approach,
which means the retention rate is regarded as an exogenous variable and can be obtained from annual
reports, related literature, or industry experts. Compared with taking the retention rate as an exogenous
variable, estimating retention using a Pareto/NBD model based on individual transaction data is more
appropriate in measuring customer equity in noncontractual settings such as retailing.
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Second, unlike the aggregate-level approaches of modeling customers as a whole, this paper
proposed an operable customer equity measurement model based on customer segmentation,
thus reducing the measurement error caused by the heterogeneity of customer groups. Although some
scholars have proposed that customer equity should be calculated according to different customer
segmentations, there is still relatively little discussion on specific implementation methods.
In this paper, customers are segmented into five categories, i.e., innovators, early adopters,
early majorities, late majorities, and laggards, according to their adoption time of mobile payment.
Customer segmentation is usually based on demographic or psychographic characteristics. However,
in this paper, we proposed using the adoption time of mobile payment as customer segmentation
criteria. This is more appropriate because customer equity of this mobile payments aggregator
generated from the specific retailer comes from the commission fee of each transaction, which is directly
connected with customers’ mobile payment behavior, meaning that customers with different adoption
time of mobile payment will contribute differently to customer equity. The result shows that customer
equity of the early adopters and the early majorities are more than those of the other three categories
and the customer equity sustainability ratio of these two categories are respectively 98.06 and 98.18%,
indicating much room for future profit growth. The customer equity sustainability ratio of innovators
was only 35.04%, indicating limited room for future profit growth, despite their early adoption of
new technologies. Firms should increase marketing efforts to maintain relations with early adopters
and early majorities. Our method helps the firm to identify and target these customers in marketing,
such as distributing coupons, giving more shopping points or higher discounts. In the meanwhile,
firms should reduce marketing investments for the innovators and late majorities since their growth
potential is relatively lower. By doing this, firms are able to allocate their marketing resources more
appropriately and make their marketing investment more effective. Besides, our study also helps the
mobile payments aggregator to choose the most valuable market to target when promoting a new
technology-based service, such as face-scan payment, E-card, or electronic discount coupon. Our study
segmented customers according to their new technology acceptance degree and this segmentation
criteria is becoming more and more important when new technologies are emerging in an endless
stream. The empirical research shows that although innovators accept a new technology very quickly,
their future profit potential is quite limited. According to our study, it is the early adopters and the
early majorities that are the most valuable customer segments the payment aggregator should really
target when promoting new technology-based services.

Although our study focuses on the customer equity measurement of a mobile payments aggregator,
this calculation method also works for other aggregators with similar business logic and profit model,
such as health care and medical aggregator Apps like Apple Healthkit, smart home aggregator Apps
like Apple Homekit, and cloud service aggregator like Tencent Cloud. These aggregator apps act as
platforms connecting the product or service providers on the one side and their clients on the other.
Like mobile payments aggregators, these aggregators also have direct access to consumer data. Based on
consumer data, our study provided a method to segment customers according to their technology
adoption and then further calculated customer equity generated by each segment. This helps the
aggregator to target the most profitable customers when promoting a new technology-based service.
In future research, we could apply the proposed method to segment customers and calculate customer
equity and customer equity sustainability ratio based on technology diffusion model for these
aggregators, verifying that early adopters and early majorities are the categories that will generate
most profit in the future.

Our study developed a method to calculate customer equity of a mobile payments aggregator
based on the technology diffusion model. However, the customer equity we calculated was only a
small part of a whole picture, which means in this study we only focused on the customer equity
generated from one specific retailer. The adoption time of mobile payment and customer segmentation
were subject to the payment data of this retailer. Although the research could help this specific retailer
to better understand its customers and making relevant marketing strategies based on customer future
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potentials, it was not enough to get a whole picture of the development potentials of the mobile
payments aggregator since it had many other retailers as its clients. In order to overcome this limitation
and calculate total customer equity, in future research, the customer payment data of this aggregator
could be restructured as customer-centered instead of retailer-centered, which means merging an
individual customer’s payment records in different retailers according to his or her payment ID.
Then we can identify innovators, early adopters, early majorities, and late majorities in a more general
level. We can thus not only calculate the total customer equity of the payment aggregator but also
provide its clients, i.e., the retailers, with more customer information by comparing customer equity
generated from one specific retailer and total customer equity generated from all the retailers.
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Appendix A

Table A1. List of major concepts and abbreviations.

Concept Definition Abbreviation

Customer lifetime value
The net present value of profits that a customer
can bring to a firm during his or her entire life of
transactions with the firm

CLV

Customer equity The sum of the lifetime value for all customers of
the firm CE

Customer equity sustainability ratio
The ratio of a customer’s (or all customers’)
future CLV (or CE) to the customer’s (or their)
total CLV (or CE)

CESR
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