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Abstract Among high-tech products, the mobile phone has experienced a rapid rate of innovation and a shortening
of its product life cycle. The shortened product life cycle poses major challenges to those involved in the creation
of forecasting methods fundamental to strategic management and planning systems. This study examined whether the
best model applies to the entire diffusion life span of a mobile phone. Mobile phone sales data from a specific mobile
service provider in Korea from March of 2013 to August of 2014 were analyzed to compare the performance of two
S-shaped diffusion models and two non-linear regression models, the Gompertz, logistic, Michaelis-Menten, and
logarithmic models. The experimental results indicated that the logistic model outperforms the other three models over
the fitted region of the diffusion. For forecasting, the logistic model outperformed the Gompertz model for the period
prior to diffusion saturation, whereas the Gompertz model was superior after saturation approaches. This analysis may
help those estimate the potential mobile phone market size and perform inventory and order management of mobile

2 <F FolElA A FolA o] 5EA Gy e SR galo] o]Fojx|al 9lon o]d ulg} A|EFFEF|E Bl
Ak o1 FA FHoll AFFEFIE A = A S o SRR Heo] Fa3ln ole Ay
A el 7P 71EA 24Eka 8 4 Qrh B AT BHL o] EAl ©iv|e WA Gk sl 8" 5
= 2= 2013\ 397E 2014 8U7HA] Sl 54 o] F 54 AH| ARI AR o] FFA
27] Af do]EE &-83te] o] EAl tiv]e] FujFo]l B R oSS AT HA ] RE S A StaA} gk 2 At

A vl 7 B3 e] Ao Rl aels=d F 7HA SAE S Q1 Gompertz9t logistic 23, 7 714 HAE 39

91 Michaelis-Menten¥} logarithmic 2388 R]ugtl 23 Aol w2 logistic L o] ZHUX Aol oA T} A 7)<

HYPur} dso] $-5e o7 WAy | BAIE7] A7 £ logistic 23 o] -3k L3}t

Aol 25 Gompertz K3 ©] el ol2fdt EA A= o) ssAl 9Ry] A RE FAsAY

514 Jo

3] 4
FEA Babslel Aln R FEe)

32 W
o
o H
&
to
2
e
3l
1%
i)
rir
fot
2
o

Keywords : Forecasting, Mobile phone sales, S-shaped diffusion model, Non-linear regression model

1. Introduction and semiconductors have experienced an unprecedented
rate of acceleration of technology innovations and
Over the past decade, high-tech industries such as  rapid product introduction cycles. Therefore, these

consumer electronics, telecommunications equipment, companies are more concerned with keeping pace with
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demand and ensuring availability of their products than
with accuracy of the data provided by customers [1].
As mentioned by Tina Teng [2], North America has a
shorter replacement cycle of less than two year for cell
phone. In particular, because the life cycle of mobile
phone tends to be short at less than 24 months, mobile
phone vendors face major challenges when developing
and deploying new mobile phone given the rapid rate
of innovation and mobile service providers face major
challenges when optimizing their operations without
creating excess inventory or overcapacity of their
mobile phone stock. Therefore, mobile phone vendors
must provide innovative products in order to retain
their customer base and to gain new revenue
opportunities. Mobile service providers which provide
mobile service with mobile phones supplied by mobile
phone vendors must acknowledge the life cycle of new
mobile phones and forecast their sales volume for the
future.

In order to analyze the diffusion pattern of mobile
telephony markets, growth models with an S-shaped
curve are applicable in a considerable volume of
research [3-6]. The S-shaped curve initially rises
slowly then accelerates when the service is widely
adopted and then levels off after the inflection point
and increases gradually as saturation approaches [6].
Regression analysis has also been applied to mobile
telephony markets [7-8]. Wu and Sandrasegaran [8]
predict that both of the global system for mobile
(GSM)

telecommunication system (UMTS) markets in Asia

communications and universal mobile
Pacific will keep experiencing an exponential growth.

In this paper, we attempt to provide an insight
concerning estimation and forecasting for mobile phone
sales based on a cumulative data from March of 2013
to August of 2014 in Korea. Towards this goal, two
S-shaped diffusion models which are the Gompertz and
logistic models and two non-linear regression models
which are the Michaelis-Menten and logarithmic
models, are employed in order to study their ability to

capture diffusion process dynamics. The corresponding
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results provide which diffusion model is the most
appropriate for Korea and whether the most appropriate
diffusion model is consistent in forecasting the
cumulative sales value of new mobile phones with real
sales data in the early stages after each phone’s release.
The results of this study may contribute to making of
sales predictions for the near future, estimating how
many units will be sold overall, and the approximate
date of the decline of each mobile phone depending on
sales data of each mobile phone in the early stages.

Reliable data sources are the most important factor
when making such forecasts. Without sufficient and
reliable data, it is impossible to obtain accurate results.
In this paper, we use data from a specific mobile
service provider in Korea. The dataset used for this
analysis contains information on mobile phones which
were released to the mobile phone service provider
from March of 2013 to August of 2014. The total
length of each time series is 18 months, and the time
unit here is the month. The software tool selected to
analyze trend lines is R for the Gompertz, logistic, and
Michaelis-Menten models and Excel for the logarithmic
model, because they can be easily accessed without any
additional cost.

This paper is organized as follows: In Section 2, we
give a brief introduction of the relevant parts of several
demand forecasting models and existing forecasting
models from the literature in related fields. The next
section analyzes the diffusion models and study
methodology is then described. The experimental
results based on the data from actual mobile phone
sales are presented in Section 4 to demonstrate the
advantages of the proposed models. Finally, we make

conclusions the paper in Section 5.

2. Research Reviews

A new product passes through a sequence of stages
from introduction to growth, to maturity, and to

decline. Sales of a new product begin with a small
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number of customers, grow to a peak at some time,
This

sequence is known as the product life cycle and is

and then decline again, perhaps to zero [9].

associated with changes in the marketing situation, and

then impacting the marketing strategy and the
marketing mix [10]. Most high-technology products are
adopted initially only by people with a keen interest in
this type of new technology known as early adopters.
Early adopters are often technologically sophisticated,
well informed, and not averse to any risks potentially
associated with the user of a new product [11]. Rogers
[12]

eventually leads to market saturation and that early

notes that the approval of early adopters
adopters are leaders in the trend toward market
saturation. Thus, because early adopters influence the
market cycle and promote market demand, research
about early adopters for demand forecasting is very
useful.

The Bass diffusion model [13] presents a rationale
of how current adopters and potential adopters of a
new product interact. In this model, adopters can be
classified as innovators or as imitators and the speed
and timing of adoption depends on their degree of
innovativeness and the degree of imitation among
adopters [13]. Mahajan et al. [14] broadly discuss the
characteristic features of diffusion models including the
Bass diffusion model. Bass diffusion model also has
been compared with other diffusion models to mobile
telephony markets [5-6]. Diffusion models such as the
Gompertz and logistic models are widely used for
forecasting market development [15-16]. These models
typically use an S-shaped curve to model cumulative
sales up to the end of a time period, which may be
thought of as cumulative distribution curves for
product life cycles. In mobile telephony markets, a
considerable volume of research has been carried out
on their diffusion at national [3-6] as well as at
international level [17-18]. There are also a number of
S-shaped curve applications in different fields, such as
technology forecasting and population forecasting
[16,19-21].
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Moving average methods are used to analyze a set
of data points by creating a series of averages of
different subsets of the full data set. There are three
most commonly used moving average formulas:
simple, weighted and exponential. The most recent data
is assigned the greatest weight, and each value receives
a smaller weight as we count backward in the series.
Given that the goal is to forecast future event
directions, it may be more effective to assign a greater
weight to more recent data points in the time series.
Among moving average methods, the remarkably good
forecasting performance of the exponentially weighted
moving average (EWMA) has been addressed by
several authors, the EWMA model is widely used in
business and industry [22].

Some forecasting methods use the assumption that it
is possible to identify the underlying factors that may
influence the dependent variable. Regression analysis is
used to investigate the relationship between variables
by determining the values of parameters for a function
that best fits the input data. With the knowledge of
existing data, regression analysis can provide excellent
forecasts. There have been numerous studies applying
regression analysis in various business contexts,
including cosmetics [23], electricity [24], and air
quality [25]. Regression analysis has also been applied
to mobile telephony markets [7-8]. Although regression
analysis is a powerful forecasting tool, it does consider
only the impact of regressors. For example, the
telecommunication industry is expanding and dynamic
and is closely associated with other industries. A new
innovation in those other industries can have great
effects on the telecommunication industry. It also
should be noted that some factors cannot be easily
expressed in numerical terms, such as social and
political factors [8].

The sales trends curve with a sequence of product
life cycle is typically modeled by two functions
describing the cumulative and noncumulative spread of

the product. Using the noncumulative function, we can

casily assess changes in values since the previous data
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was published. However, cumulative function may give
us usefulness for determining the total value over time
and understanding how the total level of data has
Park and Oh [23]

cumulative data can be simpler to analyze than

increased [26]. propose that

noncumulative data in a time series. However,
cumulative data may be heteroscedastic and ordinary
least squares estimators (OLSE) from such data are not
the best linear unbiased estimators (BLUE), meaning
that the Gauss-Markov theorem does not apply [27].
Therefore, corrections for heteroscedasticity which may
occur in cumulative data are needed.

Thus, many technological forecasting methods have
been reported in literature, and they have been applied
widely [28]. Levary and Han [28] discuss that it is
important to determine the forecasting method that will
be most appropriate to a given situation, as forecasting
results are typically influenced by the forecasting

method used.

3. Research Methodology

The S-shaped curve of the growth curve model is a

mathematical model that has been applied to
cumulative data. The generalized S-shaped curves have
three main stages. The initial stage of growth is
approximately exponential; then, as saturation begins,
the growth slows, and at maturity, growth stops. The
cumulative functions can generally have the following
S-shaped

distribution, a nonsymmetric S-shaped curve [29]. The

characteristics: a  symmetric logistic
Gompertz and logistic models among the S-shaped
curves are commonly used to investigate mobile
telephony diffusion [3-6,17-18]. In this paper, we
utilize the Gompertz and logistic models to investigate
mobile phone sales diffusion.

Because the S-shaped curves are performed by using
a regression model that tests for non-linearity between
the dependent variable (to be forecasted) and time [19],
we also select regression analysis as the modeling tool

for mobile phone sales diffusion. Generally, because

the curve of cumulative data may be non-linear, we use
non-linear regression to fit data to a model. A
non-linear regression model is a form of regression
analysis in which observational data are modeled by a
function which is a non-linear combination of the
model parameters. Most popular non-linear regression
models for representing growth are using the
logarithmic and exponential functions. Among two
models, we select the logarithmic model and also
introduce the Michaelis - Menten model. The reason
why we use the logarithmic and Michaelis - Menten
models may be best-fit curves used when the rate of
change in the data increases or decreases quickly and
then levels out. In addition, the logarithmic model can
be used as a fix for heteroscedasticity of cumulative
data. Therefore, this section reviews the Gompertz,
logistic, Michaelis - Menten, and logarithmic models.

The Gompertz model is expressed as

dN K

— = M -

PR r/Nln N 8
where /V is the total penetration at time ¢, r is the
diffusion rate with actual penetration, and A is the
first-order

saturation level. The solution for the

differential equation is

N(t)=FKe * )

The logistic model is expressed as

rM1——

AN N
P K) 3)

The solution of the first-order differential equation is

M) =— B @)

1 +€fr(tfm)

The Michaelis-Menten model is one of the simplest
and best known models of enzyme kinetics in
which  the

biochemistry.  The equation in
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Michaelis-Menten model [30] based on is as follows:

o VS .
R, ©
where V. represents the maximum rate achieved by

the system, at maximum saturation of the substrate
v

"hax Values are expressed in units of

concentration.

product formed per time. K, is expressed in the units

of the substrate concentration that lead to the
half-maximal velocity.

The logarithmic model is expressed as

dN _ K

Ty ©

The solution of the first-order differential equation is

N(t) = Klnt+ C @)
The parameters that are most likely correct are those
that generate a curve that minimizes the sum of the
squares of the vertical distance between actual value
The

minimizes: the sum of squares (SS) defined by

and forecast value. least-squares regression

$5=3)(4,~ F)*

t=1

®)

where A, is the actual value, F; is the forecast value,

and n is the number of observations.
For model fitting, root mean square error (RMSE) is

applied as the performance criterion.

RMSE= HLE(AthtY
=1

In order to judge the performance of a forecast of

©)

a variable with a pronounced trend, we use RMSE and
mean absolute percentage error (MAPE) as appropriate

measures. The MAPE is a forecast accuracy measure.
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MAPE is calculated for all sets of data, and the model
with the smallest MAPE is considered to be the most
appropriate for forecasting. The measures of RMSE

and MAPE for forecasting are modified as follow:

1 m
RMSE= (|3 (A= Fy )’ (10)
t=1
A, —F
MAPE=L§] Lt L (11)
t=1 AL+t

where L is the last month of fitted durations, and m

is the number of forecasts.

4. Results

4.1 Model fitting

The rapid replacement rate of mobile phones
contributes to shortening their product life cycles,
leading to the introduction of various mobile phones.
Planning a new mobile phone requires a large number
of technical and commercial decisions to be made in
advance of the launch of the mobile phone. Many of
these decisions depend crucially upon knowing the
likely numbers of customers and the likely purchase
patterns of these customers. In order to model sales of
mobile phone, we use monthly data to fit a proper
diffusion model. The dataset used for this analysis
comprises sales data of 31 mobile phones which were
released by the mobile service provider considered here
from March of 2013 to August of 2014.

The software tools used to fit the diffusion models
are R for the Gompertz, logistic, and Michaelis-Menten
models and Excel for the logarithmic model, because R
is free and open source software, allowing anyone to
use, and Excel is nearly always included as part of the
Microsoft Office software package and then no
additional is Brown [31]

expense required as

mentioned.
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300000 = Table 1. Comparison of model fit of four models
o O 9
Lo ° o @ RMSE
25000 1 o No. . Michaelis- o
e ® Gompertz Logistic Logarithmic
a Menten
200000
1 7.4.E+03 1.2.E+04 6.7.E+03* 74E+03
5 Leooon | ° 2 6.3.E+03 8.6.E+03 6.3.E+03 5.6.E+03*
& . 3 8.5.E+03* 9.8.E+03 8.5.E+03 1.8.E+04
— 4 6.8 E+02 5.8 E+02* 6.1.E+02 8.6.E+02
o 5 3.3.E+03* 3.6.E+03 3.8.E+03 5.6.E+03
w000 | 6 2.9.E+03* 3.5.E+03 29.E+03 48.E+03
o 7 5.7.E+03* 7.8.E+03 6.7.E+03 6.1E+03
. 8 9.4.E+03 8.0.E+03* 1.0.E+04 8.4.E+03
0 s 10 M 2 9 2.2.E+04 9.0.E+03* 2.2.E+04 2.0.E+04
Month 10 7.7.E+03 4.8.E+03* 8.0.E+03 9.8.E+03
Fig. 1. Cumulative sales data of a specific mobile 11 1.3.E+03 4.8 E+02* 22.E+03 2.9.E+03
*
phone (March of 2013 to August of 2014) 12 | 17E+04 22 E+04 1.8.E+04 2.6.E+04
13 | 79.E+03* 1.3.E+04 8.2.E+03 1.5.E+04
14 | 2.0E+05 1.1E+04 NC 6.7.E+04
Fig. 1 shows the cumulative sales data of a specific 15 8.4.E+03 4.6.E+03* 8.4.E+03 1.1.E+04
. 16 5.1.E+03 5.4E+03 5.5.E+03 4.2.E+03*
mobile phone for 18 months from March of 2013 to T AAE0d L E0a TAE0d 6 0E0d
August of 2014. The cumulative sales data of the 18 4.7.E+03 2.7.E+03* 6.1.E+03 5.4.E+03
. . . + +04% + +
mobile phone quickly expands early, and then climbs 1 20E+04 LLEY04 22E04 L7.E+04
20 3.1.E+04 1.8.E+04* 4.0.E+04 3.6.E+04
in a lower and steady pattern by the last few months. 21 3.9.E+04 1.5.E+04* 4.5.E+04 3.9.E+04
. . *
The trend curve of this cumulative sales data follows 2 89E04 1.8 E+04 9.9.E+04 8.3E+04
i ) 23 42.E+03 1.5.E+03* 4.5.E+03 42.E+03
the same series of stages of the product life cycle of 24 13.6+04 2.6.E+03* | 4E+04 1 4.E+04
introduction, growth, maturity and decline. However, 25 | 33E+04 1.1LE+04* 3.6.E+04 3.1LE+04
o . 26 | 24.E+04 1.2.E+04* 2.6 E+04 22.E+04
the trend line in Fig. 1 shows that the duration from 27 L4E+03 6.1.E+02* L4E+03 L4E+03
introduction to maturity is very short. For example, the 28 | A43E+04 1.3 E+04* 5.2.E+04 47.E404
. . 29 5.8.E+03 3.5 E+03* 6.7.E+03 6.5.E+03
sales growth rate has become slow since the sixth 30 39 F104 3 LEr04" 456108 36,6104
month after the introduction of the new mobile phone. 31 22.E404 9.5.E+03* 27.E+04 25.E404
. . . . No.
This means that this recently introduced mobile phone . 6 . . s
o
has a “short” product life cycle, which characterizes a best

short lifetime on the market, a steep decline stage and
the lack of a maturity stage as discussed Goldman [32].

Table 1 summarizes the performance measures for
fited RMSE of the

Michaelis-Menten and logarithmic models for the

Gompertz, logistic,
cumulative sales data of 31 mobile phones which were
released from March of 2013 to August of 2014. From
Table 1, it is found that Gompertz or logistic models
are more reliable than the Michaelis-Menten or
logarithmic because these two models outperform the
other two models. It is also noted that the logistic
model has the lowest RMSE value in 21 among 31
mobile phones. These results indicate that the logistic
model is the fittest model for the cumulative sales data

of mobile phones in Korea.
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NC : Not converged.
*Best among the Gompertz, logistic, Michaelis-Menten, and logarithmic

models
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Fig. 2. Forecast curves of Gompertz and logistic models
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4.2 Forecasting

From the above observations and analyses, it was
found that the cumulative sales data of new mobile
phones will experience the Gompertz or logistic
growth. According to the Gompertz and logistic
models, the cumulative sales value of mobile phones
by the end of their life cycles can be forecasted. The
dataset used for this forecasting comprises the
10-month sales data of a mobile phone which was
released in September of 2014. The estimation results
for two models (Gompertz and logistic) are depicted
graphically in Fig. 2 and the corresponding numerical
results are presented in Table 2. As noted in the
previous section, the RMSE and MAPE value are
calculated for the performance of the forecast. The
logistic model outperforms the Gompertz model in
terms of RMSE and MAPE for forecasting period.
However, the Gompertz model outperforms the logistic

model as saturation approaches (after 14" month).

Table 2. Estimation results and statistical measures of

precision
Actual Gompertz Logistic
No. of observations 10 10
No. of forecasts 6 6
K 6.84E+05 6.28E+05
Parameter estimation| 7° 3.53E-01 5.87E-01
m 1.50E+04 3.89E+04
fitted RMSE 1.44E+05 1.84E+04
6-month forecast
+ +
RMSE 2.80E+04 2.40E+04
6-month forecast
MAPE 4.26E-02 3.49E-02
total RMSE 1.15E+05 2.07E+04
cumulative sales
value in the 16" 660,613 679,945 627,009
month

Table 2 presents estimation results and statistical
measures of precision for the Gompertz and logistic
models. According to the performance measures for
fitted RMSE, 6-month forecast RMSE and MAPE, and
total RMSE for the Gompertz and logistic models, the

performance measures in the fitted, the forecasting
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region, and total region indicate that the logistic model
fit excels, whereas the Gompertz model excels after
14™ month. This means that the fittest model is not
necessarily that with the best forecasting power, which
is consistent with the argument by the previous
research [6,33].

Although the Gompertz model fits the initial
introduction stage of the mobile phone less adequately,
it performs well in forecasting region, especially at the
saturation period. However, the fit based on the logistic
model is quite acceptable in fitted region but there is
an observable divergence in the values at the saturation
period. These results are similar with the previous
studies [5-6]. The Gompertz curve is a function of
non-adopters only, whereas the logistic curve remains
a function of both adopters and non-adopters [34].
Thus, if one diffusion process weakly correlates with
the number of adopters when the diffusion process
slows (e.g. nears saturation), the Gompertz model
outperforms the logistic model in forecasting this
[6]. The of

experimental results are as follows. First, logistic

diffusion process major finding

model normally outperforms the Gompertz model
considering the total product life cycle. Second, logistic
model outperforms the Gompertz model for the period
prior to diffusion saturation, whereas the Gompertz
model is superior after saturation approaches.
Therefore, this study demonstrates that the appropriate
be

characterizing the growth of the S-shaped diffusion

diffusion model can stage-dependent  for
process, which is consistent with the argument by Wu

and Chu [6].

5. Conclusion

This paper has addressed the usefulness of two
S-shaped diffusion models

regression models

two non-linear
the life

after-market release of a new mobile phone adequately.

and

to represent cycle

Generally, because the curve of cumulative sales data
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is the S-shaped curve and non-linear curve, we use the
S-shaped diffusion and non-linear regression to fit the
data to a model.

We

conventional diffusion models, the Gompertz, logistic,

compared the fitting abilities of four
Michaelis-Menten, and logarithmic models over the life
of the diffusion curve generate by analyzing 31 mobile
phone sales data of one mobile operators in Korea for
18 months from March of 2013 to August of 2014. We
find that the S-shaped diffusion models are more
reliable than the non-linear regression models. Among
four diffusion models, the logistic model outperforms
the other models for the fitting of the observed data of
31 mobile phones.

Next, to forecast the trend curve of the cumulative
sales data of new mobile phone, the two S-shaped
diffusion models, the Gompertz and logistic models,
are studied. Experimental results indicate that logistic
model normally outperforms the Gompertz model
considering the total product life cycle. However,
logistic model outperforms the Gompertz model for the
whereas the

period prior to diffusion saturation,

Gompertz model is superior after saturation
approaches. Through the results from the two S-shaped
diffusion models, we conclude that the appropriate
diffusion model can be stage-dependent, and no single
diffusion model is suited to all processes.

In this study, we knew that the life cycle of mobile
phone tends to be shortened, and we may conclude that
the shortened life cycle of mobile phone put pressure
on stakeholders of mobile phone market to launch as
quickly as possible and to predict inventory as optimally
as possible. In summary, the S-shaped diffusion models
are suitable to analyze the mobile market.

For future works, other technological forecasting
techniques could be performed to forecast mobile
phone sales and compared with the one studies in this
research and evaluated accordingly. Also numerous
longitudinal mobile phone sales cases could be used to
develop a concrete rule for model selection during the

S-shaped life span.
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