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Alleviating feature fatigue of
multi-generation products

Jinze Chai, Liya Wang, Quanlong Shi and Mingxing Wu
Department of Industrial Engineering and Logistics Management,

Shanghai Jiao Tong University, Shanghai, China

Abstract
Purpose – Feature fatigue (FF) will lead to negative Word-Of-Mouth (WOM), which damages the
brand’s long-term profit and ultimately decreases the manufacturer’s customer equity (CE). It becomes
severer in multi-generation products because of the significant impacts of earlier generation products
on the CE of later ones. The purpose of this paper is to alleviate FF, it is imperative for designers
to decide what features should be integrated to balance initial revenue and long-term profit so as
to maximize CE.
Design/methodology/approach – In this paper, a novel method based on the Norton-Bass model is
proposed to alleviate FF of multi-generation products to help designers find optimal feature combination
that maximizes CE. The authors take the effects of adding features on product capability and usability
into account, and integrate product capability, usability, WOM and earlier-generation product’s effects
into the Norton-Bass model to predict the impacts of FF on CE in current product development. A case
study of a virtual product is presented to illustrate and validate the proposed method.
Findings – The advantage of the proposed method is highlighted in the cases of large feature number,
high-product complexity (low-product usability) and multi-generation products. The experiments show
that the earlier generations do affect the later ones from the perspective of maximizing CE.
The superiority of the proposed method compared with the traditional way to put all potential features
into a product during the product development is demonstrated. And the more features, the larger
CE obtained using the proposed model than the one obtained by traditional way.
Originality/value – Although, there are reports attempting to analyze and alleviate FF, most of these
studies still suffer the limitations that cannot point out what features should be added to the product
with the objective of maximizing CE. In addition, few studies have been carried out to alleviate FF
of multi-generation products. A novel method based on the Norton-Bass model and a genetic algorithm
is proposed to alleviate FF of multi-generation products to help designers find optimal feature
combination that maximizes CE.
Keywords Feature fatigue, Customer equity, Multi-generation product, Norton-Bass model
Paper type Research paper

1. Introduction
Nowadays, manufacturers (especially in high-tech or electronic industries) persist in
offering customers an ever-increasing number of features, aiming to improve product
capability and attractiveness (Angelis, 2008; Thompson et al., 2005). Customers are indeed
seduced by high-feature products at the purchase moment (before use). However, once they
start using the products (after use), they become dissatisfied with the complexity of these
feature-overloaded products. Their dissatisfaction will lead to negative Word-Of-Mouth
(WOM), and ultimately decrease manufacturer’s long-term profit (Li and Wang, 2011;
Li et al., 2013; Thompson et al., 2005). Therefore, a problem of balancing the benefit of
increasing “capability” with the cost of decreasing “usability” exists.

Thompson et al. (2005) used “feature fatigue” (FF) to represent the phenomenon
of customers’ inconsistent satisfaction with high-feature products before and after use.

Industrial Management & Data
Systems

Vol. 115 No. 8, 2015
pp. 1435-1456

©Emerald Group Publishing Limited
0263-5577

DOI 10.1108/IMDS-03-2015-0104

Received 30 March 2015
Revised 17 June 2015

12 July 2015
Accepted 16 July 2015

The current issue and full text archive of this journal is available on Emerald Insight at:
www.emeraldinsight.com/0263-5577.htm

This research was supported by the National Natural Science Foundation of China under Grant
No. 71072061/G020801 and 70932004/G0209.

1435

Alleviating
feature fatigue

D
ow

nl
oa

de
d 

by
 T

A
SH

K
E

N
T

 U
N

IV
E

R
SI

T
Y

 O
F 

IN
FO

R
M

A
T

IO
N

 T
E

C
H

N
O

L
O

G
IE

S 
A

t 0
2:

13
 0

8 
N

ov
em

be
r 

20
16

 (
PT

)



Many cases have been reported to show this problem (Li and Wang, 2011; Li et al.,
2013). A typical example is the BMW 745 car, whose dashboard alone has more than
700 features. This high-capability car is indeed attractive initially but, after use, most
of the owners are frustrated by the multi-function displays and the complicated iDrive
system (Li et al., 2013; Thompson et al., 2005). A survey in USA indicated that after
purchasing a high-tech product, 56 percent of the purchasers are dissatisfied with
its complexity (Rockbridge Associates, 2004; Thompson et al., 2005). Another study
showed that 63 percent of smartphone returns in UK have no hardware or software
fault but the reported problems related to product usability (Keijzers et al., 2008; Li et al.,
2013). Therefore, it is imperative for manufacturers to decide what features should
be integrated when developing a new product to make the product attractive enough
and not so difficult to use, thus alleviating FF.

Adding product features is a “double-edged sword” (Figure 1). On one hand, adding
features increases product capability and attractiveness, which will increase initial
acquisition rate and thus improve manufacturers’ initial revenue (IR) (Li et al., 2013;
Rust et al., 2006; Thompson et al., 2005). On the other hand, adding too many features will
decrease product usability and lead to customer dissatisfaction (or decrease of
satisfaction) (Li et al., 2013; Thompson et al., 2005). Consequently, dissatisfied customers
will take their business elsewhere in the future (Rust et al., 2006), thus reducing customer
retention rate. Furthermore, customer dissatisfaction will lead to wide-spread negative
WOM, and severely damages the reputation of the product and even of the manufacturer
( Jokela, 2004; Thompson et al., 2005), thereby having a detrimental impact on acquiring
new customers in the future, which will reduce future acquisition rate. Therefore,
adding product features will increase manufacturers’ IR, but adding too many features
may decrease manufacturers’ long-term profit and even their Customer Equity (CE)
(Thompson et al., 2005; Wu and Wang, 2011). Here CE is defined as the sum of Customer
Lifetime Value (CLV, the net present value) of all customers (Blattberg et al., 2001).

Traditionally, manufacturers pay much more attention to maximizing initial
sales than to the deleterious impacts of usability problems on long-term profit, thereby
leading to FF (Rust et al., 2006; Thompson et al., 2005). Yet the evolution of just
restricting new product to fewer features is non-optimal due to the decrease of IR
(Keijzers et al., 2008; Li et al., 2013). The right way to alleviate (or even eliminate) FF
is to make a trade-off between product capability (which affects IR) and usability
(which affects long-term profit) to add a suitable number of features to the product so
as to maximize CE (Li et al., 2013; Thompson et al., 2005).

There are reports in the literature on attempts to analyze and alleviate FF (Li and
Wang, 2011; Li et al., 2013; Thompson et al., 2005; Wu and Wang, 2011). Most of these

Product
feature

combination
(integrate too

many
features)

Increase product
capability

Decrease product
usability

Increase
product

seduction

Decrease
potential

customers

Decrease
long-term

CE

Decrease
customer
retention

Satisfaction
decreased

Customer
acquisition

Increase

Decrease

WOM

Figure 1.
FF effects on CE
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studies still suffer the limitations that cannot point out what features should be
added to the product with the objective of maximizing CE. Wu et al. (2013) proposed
a new method based on the SIR epidemic model to solve the problem, but they only
considered one generation of the product (see discussions of the related work review
in the next section).

In this paper, we propose a novel method based on the Norton-Bass model to predict
and alleviate FF, which will help designers find an optimal feature combination in
current product development considering successive earlier generations. Product
capability, usability, inter-generation and WOM effects (positive and negative) are
integrated into the Norton-Bass model to predict the impacts of adding features
on customer acquisition process (i.e. acquisition and retention). Simultaneously,
we predict the impacts of product usability on customer retention. Based on the above
analysis, CE can be calculated in the early stages of product development according
to the customer transition model. Designers can get decision supports to decide
what features should be added to the product so as to maximize CE, thus alleviating
FF. The main contributions of this paper are: first,the proposed method can help
designers decide what features should be added instead of only deciding the optimal
number; second, Our model takes multi-generation products into consideration while
combining FF and CE in the process of product development.

The remainder of this paper is organized as follows. In Section 2 we review the related
works in the literature. The FF analysis method based on the Norton-Bass model is
proposed in Section 3. In Section 4, a case study of virtual product development is
presented. Discussions and conclusions are presented in Sections 5 and 6, respectively.

2. Related work
The term CEwas first used by Blattberg and Deighton (1996), and they defined CE as the
ideal balance between what companies spend on acquiring customers and what they
spend on retaining them. To calculate CE, Blattberg and Deighton suggested that a
company measure expected contributions from each customer, taking into consideration
their life expectancy. Later, the company should discount these expected contributions
(at the discount rate that the company expects to earn on its investments) to compute
their net present value. Afterwards, other authors enhanced the definition of CE or even
proposed different concepts and ways of measuring CE. Gupta et al.’s (2004) study
extended the work of different researchers (e.g. Blattberg et al., 2001; Niraj et al., 2001;
Reinartz and Kumar, 2000; Rust et al., 2000) and followed the traditional model, adopting
a financial approach of discounted cash flow to determine CLV for every customer, and
then to estimate CE (sum of all CLVs of the firm). The basis of their approach is that CLV
is the net discounted cash flow of future income derived from the acquisition, retention
and expansion of the customer base minus their associated costs. The computation of
cash flow used data obtained only from secondary sources, including actual information
on the retention rate of customers over time. However, this information is often
unavailable from secondary sources. In fact, Gupta et al. (2004) use estimations of this
rate in their own paper. A point worth noting is that in Gupta et al.’s model, the
acquisition of customers is possible at all times since the acquisition and loss of
customers occur in a continuous process.

The term “feature fatigue” was first used by Thompson et al. (2005) to represent the
phenomenon of customers’ inconsistent satisfaction with high-feature products before
and after use. There are reports in the literature on efforts to explain FF. Hamilton and
Thompson (2007) used construal-level theory to explain the reason for FF. They found
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that indirect experience triggers more abstract mental construal and increases
preference of high-desirability (capability) products, while direct experience triggers
more concrete mental construal and increases high-feasibility (usability) products.
Gill (2008) classified product features into hedonic category (which is associated with
experiential consumption, pleasure and excitement) and utilitarian one (which is related
to more instrumental/practical considerations), and showed that different categories
of product features have different effects on customers’ perceived capability and
usability. Yet, neither of above studies points out how to determine how many
and what features should be added to the product so as to alleviate FF.

There are other reports on efforts to analyze or alleviate FF. Thompson et al. (2005)
proposed an analytical model to show the influence of the number of features on
manufacturer’s long-term profit and, to determine a suitable number of features to be
added so as to maximize CE, and they suggested that firms should offer a wider
assortment of simpler products instead of all-purpose and feature-rich products.
But they just focussed on the total “number” of features and considered all the features
to be equal, ignoring the differences between them, however, in practice different
features have different effects on FF. Li and Wang (2011) proposed a probability based
methodology for FF analysis in which Bayesian network technique was used to
analyze the uncertain relationships among product features and the combination
effects. But the method cannot find out how many and what specific features should
be added to the product so as to alleviate FF. Li et al. (2013) considered the feature
addition problem as a multi-objective decision-making problem, in which product
capability and usability are two conflicting objectives; and a FF multi-objective genetic
algorithm was proposed for solving the problem. Wu et al. (2013) proposed a new
method based on the SIR epidemic model to solve the problem, but they only
considered one generation of the product. Actually, products of earlier generations will
affect the attractiveness and the usability of the products of the later generations.
Meanwhile, the later generation products will also affect the earlier ones. For example,
people will become confused and dissatisfied if the later generation products are more
complex than earlier ones, as the usability of these products will decrease. Also, the
sales of the earlier generation will decrease if the later one is much better than the
earlier one. Therefore, FF of different generations has important impacts on CE. When
predicting the diffusion of a certain multi-generation product considering FF, the
effects of earlier-generation product should also be taken into account, which is
precisely ignored by other researchers.

In this paper, a novel method based on Norton-Bass model is proposed in order to
overcome the limitations of previous research and help designers to find an optimal
feature combination which will alleviate FF to maximize CE.

3. Predicting FF based on Norton-bass model
The framework of the proposed approach is shown in Figure 2. It consists of two
modules: first, customer purchase analysis; second, feature combinations optimization. In
the first module, the Norton-Bass model is utilized to depict WOM effects on customer
purchase behavior (in this paper we use customer transition processes, including
acquisition, retention and defection, to represent customer purchase behavior). Then, a
quantitative customer transition model considering WOM effects is proposed to analyze
customer purchase behavior under different feature combinations. In the second module,
a GA is used to search an optimal feature combination that maximizes CE. CE is used as
the fitness function of the GA that can be calculated on the basis of the first module.
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A chromosome represents a feature combination which will be inputted into the first
module for the calculation of CE. So the two modules form an iterative cycle, and the
iteration will stop when the optimal feature combination has been found. The details of
the proposed approach are presented in the following subsections.

Note that, in Figure 2 Ci and Ui are the capability and usability of feature i
respectively; PC and PU are the capability and usability of the product, respectively.

3.1 Customer purchase analysis
3.1.1 WOM effects on customer purchase. WOM has significant effects on customer
purchase. Positive WOM will facilitate customers’ acquisition, while negative WOM will
make many potential customers be “removed,” which in return decelerates customer
acquisition (Charlett et al., 1995; Anderson, 1998; Bansal and Voyer, 2000). Nowadays,
due to the developments in information technology, the increase in communication
between customers, has amplified WOM effects (Bughin et al., 2010). To model WOM
effects on customer purchase, we impose two restrictions. First, individuals affected by
WOM in one period start to purchase in the next period. Second, the spread of WOM is
restricted to those who have actually purchased the product (Hogan et al., 2004). That is,
we just consider experiential WOM which derives from a customer’s direct experience
with a product, ignoring those individuals who hear about the product, tell others, but do
not purchase themselves. Actually, experiential WOM is the most common and powerful
form of WOM, typically accounting for 50-80 percent of WOM activities in any given
product category (Anderson, 1998; Bughin et al., 2010).

WOM effects on customer purchase based on Norton-Bass model are shown in
Figure 3. The population of the target market can be classified into four groups of
individuals with respect to the states of their relationship with the manufacturer:

• prospects: potential customers;
• first-timers: newly acquired customers;

Feature
combi-
nation

PC

Norton-Bass
Model

WOM effects
on purchase

GA

NO

Yes

Input

Input

Feature combinations
optimization

Customer purchase`
analysis

Output

Fitness CE

Potential features

Ci

Ui
PU

WOM

Customer
Transition Model

Stop?
Optimal feature

combination

Feature
combination
alleviating FF

and
maximizing CE

Figure 2.
Framework of the
proposed approach

First-
timers

Repeaters
Customers

-loss
Prospects

Positive WOM Negative WOM

Figure 3.
The Norton-Bass
model of WOM

effects
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• repeaters: customers who will repurchase the product; and
• customers-loss: the customers who are not retained and the individuals who will

never be acquired.

The positiveWOM can make prospects transfer to first-timers, and also make first-timers
become repeaters; while the negativeWOMwill lead to customers-loss. TheWOM effects
on customer purchase reflect in the determination of Norton-Bass parameters. The
quantitative WOM effects will be given in Section 3.1.2.

Market potential m affected by product capability is not fixed. It means that market
potential is different for different products actually. We consider successive-generation
products in this paper, hence, it is reasonable to assume that the market potential is
fixed for each generation of a product.

3.1.2 Customer transition model. Customer transition means individuals can
transfer from one group to another with a certain probability (or “rate”; hereinafter, we
consider the two concepts of “rate” and “probability” to be equal). Possible transition
directions or paths are shown in Figure 4.

The rates of customer transitions are affected by many factors, such as product
capability and usability, advertising (Wang and Moon, 2013), WOM, product price,
product quality and customer service. According to the definition and the characteristic
of FF, in this paper we only consider the impacts of product capability and usability on
customer transition rates, assuming all else being equal. And we assume that customer
transition rates are homogeneous across individuals.

Customers are often seduced by high-capability products at the purchase moment,
which is independent of previous adopters (Angelis, 2008; Thompson et al., 2005; Rust
et al., 2006). According to the Norton-Bass model, external influence is independent
of previous adopters (Bass, 1969; Bass et al., 1994). Therefore, product capability can be
seen as external influence (p) that affects customer acquisition rate (pF) and will affect the
market potential (m) which equals to the number of prospects at time t¼ 0 (Figure 4).
On the other hand, usability problems caused by too many features will decrease
customer satisfaction, thus leading to a drop of strength of positive WOM, or even

First-
timers

Repeaters
Customers

-loss
Prospects

Customer Equity

PF

PC

PL

1-PL

1-PR

PR

1

Product Feature
Combination

Capability Usability

1-PF-PC

Notes:
Will affect ...

Transition and
its probability
Attractiveness
Satisfication

P

A·

A· :

W+
SA·

SA· :

W–
W+ :
W– :

Positive WOM
Negative WOM

Figure 4.
FF-CE framework
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leading to negative WOM. Dissatisfied customers and potential customers affected by
negative WOM will take their business elsewhere in the future, moving into the
group of Customers-loss (Rust et al., 2006; Thompson et al., 2005; Wu and Wang,
2011). Thus, product usability has impacts on future acquisition rate (pF, at time
tW0), customer retention rate (pR), and prospects’ defection rate (pC) which in
turn affects future acquisition rate (pF, at time tW0) (Figure 2). In light of the
definition of FF, we assume that repeaters are “immune” from FF and will move into
Customers-loss with a constant rate of 1−pL. CE is determined by the parameters
of m and pF, pC, pR, pL.

The following subsection will discuss the determination of the above parameters
which will affect the transition of customers based on the Norton-Bass model.

(1) Determining positive WOM effects. We propose the equations of positive WOM
based on the theory of Norton-Bass model and classic Bass model considering the FF
to describe the customer transitions between different generations of products.
Equation (1) refers to products which contain two generations, Equation (2) refers to
three generations:

n1 tð Þþ ¼ p1þq1
N 1 tð Þ
m1

h i
m1�N 1 tð Þ�S12 tð Þ½ �

n2 tð Þþ ¼ p2þq2
N 2 tð Þ
m2

h i
m2�N 2 tð ÞþN 1 tð Þ½ �

8><
>: (1)

n1 tð Þþ ¼ p1þq1
N 1 tð Þ
m1

h i
m1�N 1 tð Þ�S12 tð Þ½ �

n2 tð Þþ ¼ p2þq2
N 2 tð Þ
m2

h i
m2�N 2 tð ÞþN 1 tð Þ�S23 tð Þ½ �

n3 tð Þþ ¼ p3þq3
N 3 tð Þ
m3

h i
m3�N 3 tð ÞþN 2 tð Þ½ �

8>>>>><
>>>>>:

(2)

where pi and qi can be obtained from Equation (8) and (7) respectively, i means the
index of the generation. ni(t)+ presents the customer acquisition in each time period for
positive WOM; Ni(t) is the cumulative customer acquisition. S12(t) refers to the customer
transition from the First generation to the second generation. S23(t) refers to the
customer transition from the second generation to the third generation. The customer
transition refers to the customers switching from the earlier generation to the later
generation (Norton and Bass, 1987). Obviously, the value of the transition is based on
the adopters of the earlier generation. Based on the Bass model, we use the cumulative
adopters as the potential to calculate the transition. Thus, the customer transitions can
be acquired by the below Equation (3):

S12 tð Þ ¼ p2þq2
N 2 tð Þ
m2

h i
N 1 tð Þ

S23 tð Þ ¼ p3þq3
N 3 tð Þ
m3

h i
N 2 tð Þ

8><
>: (3)

(2) Determining negative WOM effects. Negative WOM will cause customers
loss instead of customer acquisition. We consider three successive generations here.
The equations can be extended to more generations actually.
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For the first generation, the customer acquisition in each time period can be
presented as:

n1 tð Þ ¼ m1�N 1 tð Þ�L1 tð Þ�S12 tð Þ½ �p1

L1 tð Þ ¼
Xt

i¼1

l1 ið Þ ¼
Xt

i¼1

q1
N 1 ið Þ
m1

m1�N 1 ið Þ�S12 tð Þ�L1 i�1ð Þ½ �

8>><
>>: (4)

For the second generation, the customer acquisition in each time period can be
presented as:

n2 tð Þ ¼ m2�N 2 tð Þ�L2 tð Þ�S23 tð ÞþN 1 tð Þ½ �p2

L2 tð Þ ¼
Xt

i¼1

l2 ið Þ ¼
Xt

i¼1

q2
N 2 ið Þ
m2

m2�N 2 ið Þ�S23 tð Þ�L2 i�1ð ÞþN 1 ið Þ½ �

8>><
>>: (5)

For the third generation, the customer acquisition in each time period can be
presented as:

n3 tð Þ ¼ m3�N 3 tð Þ�L3 tð ÞþN 2 tð Þ½ �p3

L3 tð Þ ¼
Xt

i¼1

l3 ið Þ ¼
Xt

i¼1

q3
N 3 ið Þ
m3

m3�N 3 ið Þ�L3 i�1ð ÞþN 2 ið Þ½ �

8>><
>>: (6)

lj (t) refers to the customers loss in each time period, and Lj(t) is the cumulative
customers loss till time t.

(3) Determining internal coefficient. The internal coefficient (coefficient of imitation),
q, is determined by the level of customer satisfaction (Stahl et al., 2003). For the purpose of
FF analysis, in this paper, customer satisfaction or dissatisfaction can be derived from
product usability. So the coefficient of imitation can be seen as a function of product
usability.

The piecewise function could be like the one below:

q ¼
qW 1�e�lq U�U 0j j� �

; UXU 0

�qW 1�e�lq U�U 0j j� �
; 0pUoU 0

(
(7)

qw refers to a coefficient which could also be described as the maximum of q; U0 is the
threshold in the piecewise function; λq is the coefficient which can adjust the curve of
the function. These parameters (qw, λq, U0) can be obtained by customer survey or data
mining, or determined by designers. Product usability U can be obtained through some
usability testing methods (Dumas and Redish, 1993; Li et al., 2013).

(4) Determining external coefficient. As discussed in the preceding, the external
coefficient (coefficient of innovation) p, can be seen as a function of product capability
(say p¼ f(C)). Like Blattberg and Deighton’s (1996) acquisition model, p does not
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increase without limit as product capability increases and has a characteristic of
Diminishing Returns. We assume that the external coefficient will increase faster in the
initial stage than the later ones, which means the curve of the function is a sigmoid curve.
Consider the differential equation ðdp=dCÞ ¼ lpðpA�p=pAÞ, pA is the maximum of the
coefficient. Therefore, by solving the equation, the function can be presented as below:

p ¼ p0pA
p0þ pA�p0ð Þe�lðC�C0Þ (8)

where p0 is the minimum of the external coefficient, pA is the maximum. C0 is
the initial capability of the product without adding any additional features, C is the
sum of the capability for the product. λ is the adjustment coefficient. The parameters
here can be obtained by customer survey or data mining, or determined by
designers.

(5) Determining Customer retention. Through the above analysis, retention rate (pR)
can be seen as a function of product usability (all else being equal). Once again, like
Blattberg and Deighton’s (1996) retention model, pR does not increase without limit as
product usability increases and has a characteristic of diminishing returns. Therefore,
we propose:

pR ¼ LR � 1�exp �KR � Uð Þ½ � (9)

Where LR is the ceiling rate (the ultimate rate) of pR under certain conditions
(e.g. certain customer service and marketing expenditure); KR is a constant that
controls the steepness of the curve. LR and KR can be obtained through customer
survey or data mining, or determined by designers.

With respect to the definition of FF, an individual moving into the group of
Repeaters means that he/she has not suffered from FF. So we consider the repeaters to
be “immune” from FF. However, not all repeaters will be retained by a manufacturer
(Reichheld, 1996). They will move into the group of Lost-for-goods with a certain rate of
1−pL, which is determined by other factors such as Customer Relationship
Management that is out of our research in this paper. So we consider pL as a
constant value:

R tð Þ ¼ R t�1ð ÞpLþn t�1ð ÞpR; tX2;

R 1ð Þ ¼ 0

(
(10)

3.3 Feature combinations optimization using a GA
Different feature combinations lead to different product capability and usability,
further resulting in different customer transition and CE. So it is a Combinatorial
Optimization Problem (COP) to find an optimal feature combination that maximizes CE.
Many methods have been reported in the literature to solve a COP, such as ant colony
(Liu et al., 2013), simulated annealing (Mirsanei et al., 2011), branch and bound
method (TemIz and Erol, 2004), Tabu-search (González et al., 2012), swarm intelligence
(Aydin, 2012) and GA (Ventura and Yoon, 2012). Among these methods, GA is a
particularly well-suited method for combination optimization problems because of the
characteristics of GA such as global search ability, easy operation, flexibility, short
computing time (Guan et al., 2009; Li et al., 2013) and simplicity of encoding the current
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problem into chromosome. Therefore, in this paper, we use a GA to solve the feature
combinations optimization problem.

3.3.1 Procedure. The procedure of feature combinations optimization based on
a GA is shown in Figure 5. CE is used as the fitness function of the GA. Each
chromosome generated in the GA represents a feature combination that will be
inputted into the customer transition model for CE calculation.

3.3.2 Chromosome coding. Each possible solution is represented by an encoded
chromosome. The genotype representation of the chromosome is outlined in Figure 6.
The binary value (x1, x2, …, xF) of each gene indicates whether the corresponding
feature is integrated into the product: “1” means YES and “0” means NO (assume that
all the features are uncorrelated with each other). The length of the chromosome string
is the total number of potential features, F.

3.3.3 Fitness evaluation. In this paper, the fitness is evaluated by CE that
can be calculated according to the customer transition model. As illustrated in
Figure 5, after defining potential features, designers should evaluate the capability
and the usability of each potential feature. Some methods can be used to evaluate

Define potential features

Chromosome coding of
potential features

Create initial population
gen=0

Fitness function (CE)
Calculation

selection

Crossover

Mutation

GA operators

Generate a new
Generation (Feature combination)

gen<max gen
Stop (Achieve optimal or

suboptimal solution)

Customer
transition

model

Evaluate the capability and
usability for each potential

feature

Figure 5.
Procedure of feature
combinations
optimization

1 0 1 1 ... 1 1 ... 1 0 1 0

f 1 f 2 f 3 f i f Ff 4 f (F –1)f (i +1)

x 1 x 2 x 3 x i x Fx 4 x (F –1)x (i +1)

Figure 6.
Chromosome coding
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a feature’s capability and usability (see details in Section 4.4). Product capability,
C, and the number of selected features, B, can be calculated according to the
chromosome:

C ¼
XF
i¼1

Ci � xi

B ¼
XF
i¼1

xi

Based on the previous analysis, we propose a formula to calculate the CE over a
T-year time.

CE ¼
XT
t¼1

n tð ÞMFþR tð ÞMR

1þdð Þt (11)

R tð Þ ¼ R t�1ð ÞpLþn t�1ð ÞpR; tX2;

R 1ð Þ ¼ 0

(
(12)

where MF and MF are the average yearly margin of a first-timer and a repeater,
respectively; d is the yearly discount rate; n(t) and R(t) are the number of first-timers
and repeaters at time t, respectively.

Using appropriate GA operators (selection, crossover, mutation), the proposed
approach can theoretically find out an optimal feature combination that maximizes CE,
therefore, designers can get decision supports for deciding what feature combination
should be integrated in the process of product development.

4. Case study
4.1 Case description
As is mentioned previously, we provide a case to show the process of our
method. Suppose a virtual product can contain 20 features at most, including the
initial feature. We need to predict the CE five years later considering both the effects
of FF and the two earlier generations. Also, we will find a good enough feature
combination of current product in development considering the two earlier
generations. There are three parts in this section. First part is the parameters
estimation of our case and model. The second one is the prediction of CE for different
feature combinations. The last one is to find an optimal solution for current product
development.

4.2 Parameters estimation
Some methods like Kano’s model or AHP can be used to evaluate feature’s and
product’s capability ( Jiao and Chen, 2006; Li et al., 2013; Wu and Wang, 2012).
Product usability can be obtained through some usability testing methods (Dumas
and Redish, 1993; Li et al., 2013). The other parameters of the proposed approach can
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be estimated by nonlinear least squares regression (Srinivasan and Mason, 1986), or
“guessing by analogy” (Bass, 2004). Since the work of parameters estimation is not
the focus of this paper, we estimate the parameters of the case study based on
previous research (Table I).

In Table II, we have ranked the feature capabilities already. We suppose that the
earlier two generations take the initial feature and the 0-8 feature combination
respectively.

All the parameters are calculated as previously mentioned. In the remaining part, we
will show the calculation of the parameters in Table I. In our case, we assume that the
market is fixed, say m¼ 1,000.

According to previous research (Hogan et al., 2003; Parker, 1994; Sultan et al.,
1990), the value of the coefficient of innovation (p) ranges from 0.0001 to 0.06
and averages 0.03. So we set pA¼ 0.06, p0¼ 0.03, λ¼ 1. Thus Equation (8)
reduces to:

p ¼ 0:03� 0:06
0:03þ0:03� exp � C�10ð Þ=10� �� � (13)

Features C ΣC U p PR

0 10.0000 10.0000 0.1379 0.0300 0.6734
1 0.2906 10.2906 0.1309 0.0343 0.6570
2 0.2840 10.5746 0.1231 0.0384 0.6372
3 0.2753 10.8499 0.1187 0.0420 0.6254
4 0.2453 11.0952 0.1108 0.0450 0.6029
5 0.2232 11.3184 0.1038 0.0473 0.5814
6 0.2217 11.5401 0.0994 0.0494 0.5669
7 0.2201 11.7601 0.0945 0.0512 0.5503
8 0.1919 11.9520 0.0899 0.0525 0.5338
9 0.1879 12.1399 0.0851 0.0537 0.5158

10 0.1340 12.2739 0.0805 0.0544 0.4976
11 0.1242 12.3981 0.0762 0.0550 0.4801
12 0.1229 12.5210 0.0728 0.0555 0.4656
13 0.1125 12.6335 0.0704 0.0560 0.4549
14 0.0851 12.7185 0.0669 0.0563 0.4390
15 0.0681 12.7866 0.0646 0.0565 0.4282
16 0.0472 12.8338 0.0620 0.0567 0.4157
17 0.0453 12.8791 0.0598 0.0568 0.4050
18 0.0365 12.9155 0.0572 0.0569 0.3919
19 0.0183 12.9338 0.0549 0.0570 0.3802
Notes: C is the feature capability, ΣC is the product capability, U is the product usability, p is the
external coefficient, pR is the retention rate, qis the internal coefficient

Table I.
The parameters
of the model in
this case

Features ΣC U p pR q

0 10.0000 0.1379 0.0300 0.6734 0.0454
0~8 11.9520 0.0899 0.0525 0.5338 −0.0002

Table II.
The parameters of
two earlier
generation
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Previous research shows that in a typical firm customers are defecting at the rate of
10-30 percent per year (Reichheld, 1996). Thus we assume LR¼ 0.9 and set KR¼ 10
for convenience. Then Equation (9) reduces to:

pR ¼ 0:9� 1�exp �10� Uð Þð Þ (14)

Also, we set qw¼ 0.03, U0¼ 0.09, λq¼ 1. Then Equation (7) reduces to:

q ¼ sign U�0:09ð Þ � 0:03� 1�exp �50� U�0:09j jð Þð Þ (15)

With respect to the definition of FF, an individual moving into the group of Repeaters
means that he/she has not suffered from FF. So we consider the repeaters to be “immune”
from FF. However, not all repeaters will be retained by a manufacturer (Reichheld, 1996).
They will move into the group of Customers-loss with a certain rate of 1−pL, which is
determined by other factors such as Customer Relationship Management that is out of
our research in this paper. So we consider pL as a constant value.

4.3 Prediction of CE
Assume the expected yearly margin is $1 per customer (first-timer or repeater, which
means MR¼MF¼ 1). And we assume a yearly discount rate of 10 percent, an average
yearly repeaters’ retention rate of pL¼ 0.08, and a time horizon for the customer lifetime
of five years as suggested by Berger and Nasr (1998). Adopting an elitist model
combining roulette wheel selection of the GA, one point crossover, 60 percent crossover
rate, 5 percent mutation rate, a population size of 100, maximum generation of 500
(for stop condition of the GA).

We take the 0~19 feature combination for an example (which is bold in Table I).
The figures below show the result of the prediction. Figure 7 shows both the customer
acquisition of each time period of earlier generations and the prediction of current
generation. The left figure of Figure 8 shows the CE of earlier generations and the predicted
CE of current product as time goes on. The other figure of Figure 8 shows the sum of the
earlier generations CE and the current one which is called the total CE as time goes on.
All the figures seem to be so called s-type-functions. These figures prove the validity of the
proposed model in some ways. Based on this method, we can use a GA to find a better
solution compared to the integration of all features which has been shown in Figure 8
(As it is not a large-scale problem with 20 features, so in this part we will calculate CEs of
all feature combinations to illustrate the validity and accuracy of the proposed model).

60

50

40

20

10

0

30

1 3 5 7 9 11 13 15 17 19 21 23 25 27 31 33 35 37 41 43 45 47 49 51 53 55 57 593929

nt2nt1 nt3

Figure 7.
Customer acquisition
of each time period
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4.4 Optimization of feature combination
We have realized the goal to predict the CE of current product with the effect of earlier
generations as time goes on, in other words, we have realized the goal to predict the FF
effects on CE considering the effect of earlier generations. But prediction is not enough,
we would like to do some optimization to help the decision making in the product
development. Considering the best way to alleviate FF is to maximize CE (Thompson
et al., 2005; Li et al., 2013).

Based on the previous formula, we can get the CEs of different feature combinations
for the Third generation product. Thus we can find an optimal solution. Table III shows
the final CE (5 years later) of the first and the second generation considering different
feature combinations of the third generation. The initial and final CE of the 3rd
generation are also shown in Table III. The total CE of three generations is placed in the
last column.

5. Discussion
From the case study, we can suppose a situation that, a product designers need to
design a new generation product, and there are 20 potential features, they must decide
which features should be added in the new product. In addition, there are already two
earlier generation products in the market of the same company. The designers have to
consider the effects of earlier generation products on the later ones. As discussed in
former sections, whether a product being successful or not has significant effects on CE
even the development of a company. Our approach is exactly aimed at solving this kind
of problem, helping the designers to find an optimal feature combination that will
maximize CE considering FF.

According to traditional methods that focus on maximizing initial sales, in the case
study, designers should add all the 18 potential features besides the initial features,
which makes manufacturers gain the highest IR of $30.9 (Figure 9(b)). However, this
makes manufacturers gain a CE of only $1,748.7, while the highest CE is $2,135.546
(Figure 9(c)). The optimal feature combination is 1~6 when considering CE of the third
generation only. It may be better to take the total CE into consideration in product
development for a company. In this case, the optimal solution is 1~4, which is different
from the third generation. Thus with respect to the evolution of just maximizing total
long-term profit, designers should add only 1~4 features. Adding further more features
leads to negative WOM that decreases long-term profit (Table III and Figure 7).

Feature Third initially First Second Third finally Total

1 18.63908 2,545.454 2,564.605 1,966.445 7,076.505
2 20.84429 2,545.456 2,558.625 2,047.175 7,151.256
3 22.82261 2,545.458 2,553.131 2,118.616 7,217.204
4 24.41299 2,545.459 2,549.229 2,133.926 7228.614
5 25.70138 2,545.46 2,546.200 2,131.088 7,222.748
6 26.82718 2,545.461 2,543.416 2,135.546 7,224.422
7 27.79654 2,545.461 2,541.162 2,125.274 7,211.897
… … … … … …
16 30.84500 2,545.463 2,536.602 1,815.666 6,897.731
17 30.90385 2,545.463 2,536.752 1,780.575 6,862.79
18 30.93264 2,545.463 2,536.945 1,748.734 6,831.142

Table III.
CE of each

generation and total
with different

features
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The results show that the earlier generations do affect the later ones. It becomes more
complicated when the optimization of the total CE is taken into consideration. Also the
results of the case study demonstrate that adding more features indeed increases initial
sales; however, adding too many features ultimately decreases CE due to usability
problems. There is an optimal feature combination a product should include to balance
capability and usability so as to maximize CE and total CE. This case study considers
only 18 potential features. In reality, some products have much more features. Thus, FF
problem may be more significant in most industries in real life (Figure 10).

Since the effect of one customer passing WOM to another is known as a “ripple
effect” (Hogan et al., 2004), adoptions of durable products may be more significantly
influenced by WOM than that of short life-cycle products. Thus designers of durable
products should pay more attention to alleviating FF relative to that of short life-cycle
products.

Thompson et al.’s (2005) model can find the “optimal number” of features a product
should include with the objective of maximizing CE. But their model focusses only on
the total number of features. Actually, different combinations of features will lead to
different CE, although they consist of the same number of features, as shown in
Table IV. Therefore, Thompson et al.’s (2005) model cannot give a suggestion of what
specific feature combination should be integrated. In this paper, the results in Table V
show that the proposed approach can point out what specific feature combination
should be integrated to maximize CE and thus alleviate FF.

7,300

7,200

7,100

7,000

6,900

6,800

6,700

6,600
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18

Figure 10.
Total CE

Solutions Feature combinations NoF IR($) CE($)

1 11111011011101111101110111100110001101110011101111 36 69.3701 323.8400
2 11111111010110111001001101111110010111111010111101 36 68.8020 330.1833
3 01100010111011011111111011011011111110111010011111 36 51.0641 294.3052

Table IV.
CEs of different

combinations with
the same feature

number

Methods Feature combinations (solutions) NoF IR($) CE($)

Traditional 11111111111111111111111111111111111111111111111111 50 86.4604 276.4932
Proposed 11111111010110111001001101111110010111111010111101 36 68.8020 330.1833

Table V.
Compared results
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Though product tests may somewhat moderate FF problem (Thompson et al., 2005),
product iterations will extend the cycle time of product development (Ozer and Cebeci,
2010). The proposed method can help designers predict FF in the early stages of
product development. Therefore, it is believed that the proposed method provides
decision supports for designers to alleviate FF.

In order to evaluate the robustness of the proposed approach, we performed numerical
experiments with five different problem sizes, each of which has five sets of random data
(feature capability and usability). In this part, we use the method proposed by Wu et al.
(2013) to calculate the usability and capability of each feature dynamically, which might
only influence the concrete value of CE but will not affect the trend. The “Traditional”
method represents the traditional and common way to put all potential features into one
product and “Proposed” method represents the way proposed in this paper, which aims
at maximizing CE while considering FF. As shown in Table VI, on average, the proposed
approach increases the CE about 18 percent relative to the traditional method. Besides,
Figure 11 shows that the more the features, the larger the increase of CE (15.48 percent
for F¼ 40 while 27.9 percent for F¼ 200). This indicates that the more features a product
includes, the more likely it will lead to FF, which agrees with Thompson et al.’s (2005)
study. Therefore, the proposed approach can help manufacturers significantly improve
their CE, especially when there are too many features.

Data sets Methods F¼ 30 F¼ 40 F¼ 50 F¼ 60 F¼ 70

1 Traditional 233.3932 226.7812 247.9043 318.7648 286.5552
Proposed 261.6391 268.7817 306.2249 359.4612 362.3160

2 Traditional 200.0839 244.0753 279.4796 268.9315 311.7899
Proposed 247.3726 285.0477 323.8400 335.1096 367.8696

3 Traditional 182.3553 220.3532 272.8542 292.7887 295.5262
Proposed 223.7783 265.8221 304.9796 347.5220 351.6339

4 Traditional 219.2415 268.3587 276.4932 286.9500 307.4543
Proposed 253.8708 292.2475 330.1833 342.8159 364.3486

5 Traditional 198.9859 261.1604 248.0092 291.8017 295.8350
Proposed 234.0940 297.8394 294.3052 354.8753 346.3264

Mean Traditional 206.8120 244.1458 264.9481 291.8473 299.4321
Proposed 244.1510 281.9477 311.9066 347.9568 358.4989
Increase 18.05% 15.48% 17.72% 19.23% 19.73%

Table VI.
Results of different
problem sizes
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Figure 11.
Percentage of CE
increase with feature
numbers
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6. Conclusion
In this paper, we propose a novel method based on the Norton-Bass model to predict
and alleviate FF in product development considering the earlier generations. We focus
on predicting the impacts of adding features on CE considering the effects of earlier
generations, thereby providing decision support for designers to decide what features
should be added so as to maximize total CE and alleviate FF.

We firstl consider the market potential as an S-type-function of product capability
with diminishing returns. Then we adopt the Norton-Bass model to predict the impacts
of adding features on customer acquisition considering the earlier generations, where
the coefficients of innovation and imitation are considered as a function of product
capability and usability, respectively. And we consider first-timers’ retention rate as a
function of product usability. Based on the above analysis, predictive CE is calculated
in the early stages of product development. Designers can get decision supports using a
GA to search an optimal feature combination to be added.

The advantage of the proposed method is highlighted in the cases of large feature
number, high-product complexity (low-product usability) and multi-generation
products. The experiments show that the earlier generations do affect the later ones
from the perspective of maximizing CE. The superiority of the proposed method
compared with the traditional way to put all potential features into a product during
the product development is demonstrated. And the more features, the larger CE
obtained using the proposed model than the one obtained by traditional way.

Nowadays, most of the current studies still suffer the limitations that cannot point
out what features should be added to the product with the objective of maximizing CE.
In addition, few studies have been carried out to alleviate FF of multi-generation
products. So the main contributions of this paper are: first, the proposed method not
only can decide the optimal feature number in a new product but also can help
designers decide what features should be added so as to maximize total CE; second, our
model takes multi-generation products into consideration while combining FF and CE
in the process of product development. As far as we know, it is still a new study point,
we have not seen similar studies until now.

Some limitations call for further research. First, most studies of FF assume that the
features are non-structural and there are not interactions among them, which may not
be realistic. In this paper, we still only consider the effects of feature number, so based
on the conclusion of this paper, we can further take the feature structure into
consideration to improve our study. Second, in this paper, we calculate CE based on
static usability, capability and other parameters, but in practice, market information
changes in real time especially for fast upgrading product. So for further study, data
mining can be applied into our current model to identify customers’ needs dynamically
so as to revise design in time. Third, the population is considered to be homogeneous,
and some functions of the proposed method are based on previous researches of
customer behavior or marketing literature. However, the population is heterogeneous
with respect to valuation of the product in real life (Kalish, 1985). Customers’ behaviors
may change in some cases, which may influence decision making.
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