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There is increasing empirical evidence from academic research and strong recognition

among policymakers that wide diffusion and innovative uses of digital wireless phones

are important sources of a country’s economic growth and social development. Adopters

do not necessarily adopt digital wireless phones at the same time though. Although the

diffusion of innovation theory suggests five adopter categories according to their degree

of innovativeness, this approach lacks theoretical justification and, more importantly, it

makes a critical assumption of a normal distribution of adopters that needs empirical

validation. This study investigates the basis for defining different adopter categories and

factors that affect adoption decisions of digital wireless phones using the aggregate data

on 46 developed and developing countries from 1992 to 2002. This paper utilizes a two-

step analysis approach. The first step evaluates the distribution of adopters over time

using various diffusion models. The second step uses iterative survival analysis to

examine the patterns of influential factors on adoption behavior by evaluating the

survival models using a 1% increment of cumulative penetration as the targeted events.

The results of the best-fitting diffusion models indicate that digital wireless phone

adoption patterns did not follow a normal distribution and did not map exactly into

Rogers’ five adopter categories. The results from the iterative survival analysis suggest

four adopter categories (innovators, early adopters, breakthrough adopters, and

mainstream adopters) among the first 30% of adopters. Different factors are observed

to influence various adopter categories’ adoption decisions. The results offer insights to

support telecommunication operators to develop strategies to attract these adopters. It

also supports policymakers’ efforts to design effective regulatory frameworks.

& 2009 Elsevier Ltd. All rights reserved.
1. Introduction

In recent years, there is increasing evidence from academic research and strong recognition among policymakers that
wide diffusion and innovative uses of digital wireless phones are important bases for a country’s economic growth and
social development. At the macro-level, Waverman, Meschi, and Fuss (2005) found that wireless phones have a positive
and significant impact on economic growth, and the impact is stronger in developing countries compared to developed
countries. Similarly, at the micro-level, Jensen (2007)’s study of the use of wireless phones among fishermen in Kerala,
India offers strong evidence to demonstrate that the introduction of wireless phones increases the availability of
information, leading to better market performance and higher earnings. From a policy standpoint, according to the goals
that the United Nations (2008) (www.undp.org/mdg/) has set out for development in the new millennium, wireless phones
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should be viewed as one of the fundamental technologies that should be universally available in any country. It reported,
for example, that Africa alone had 60 million new digital wireless phone subscribers in 2006, and was well on the way to
achieving its goals in this area.

However, technological advances and service availability of wireless phones do not necessarily lead to widespread
adoption. Several studies (e.g., Lyytinen & Yoo, 2002; Sarker & Wells, 2003) have called for additional research to examine
factors that explain the adoption of wireless phone services. Such research can also provide valuable managerial insights
for operators to develop appropriate strategies and for policymakers to design effective regulatory frameworks in their
countries for wireless phones.

The diffusion of innovation theory has been widely used to understand technology adoption behavior by classifying
adopters in terms of their degree of innovativeness into five adopter categories (Rogers, 2003). There are three critical
issues with this classification. First, there is no theoretical support for the five categories and, more importantly, these
categories were derived from the temporal assumption that adoption timing follows a normal distribution. Recent studies
that examined adoption behavior related to the Internet (Rai, Ravichandran, & Samaddar, 1998), wireless phones
(Michalakelis, Varoutas, & Sphicopoulos, 2008), and automatic teller machines (Kauffman & Wang, 2002) found that
adoption behavior tends not to be normally distributed over time. Second, from a methodological standpoint, there is a lack
of validated instruments to identify adopter categories (Yi, Fiedler, & Park, 2006), and criteria to evaluate the reliability and
validity of the adopter category construct (Agarwal & Prasad, 1998; Flynn & Goldsmith, 1993; Midgley & Dowling, 1978).
Third, the degree of innovativeness does not offer effective insights for policymakers and wireless phone service providers.
They may find it difficult to extrapolate from the available findings to focus their efforts to encourage adoption by the
different adopter groups.

To develop insights on the factors that influence adopter decisions and address the theoretical and methodological
concerns of Rogers’ adopter categories, this study utilizes a two-step analysis approach. The first step evaluates the
distribution of adopters over time using various diffusion models. The second step subsequently uses iterative survival

analysis to examine the patterns of the most influential factors on adoption behavior. This analysis approach offers a
rigorous empirical basis for identifying the different adopter categories for digital wireless phones on the basis of a data set
that samples the technology adoption behavior of 46 developed and developing countries from 1992 to 2002. Each of the
countries has a specific beginning year for adoption of digital wireless phones.

The research questions are as follows. Which diffusion models characterize the global adoption patterns of digital
wireless phones at the national level? Is there evidence to suggest that there are early adoption cycle adopter categories for
digital wireless phones that appear to be different from those proposed by Rogers (2003)? Which factors seem to influence
technology adoption decisions across different adopter categories? What are some of the useful managerial insights and
meaningful regulatory inputs derived from an understanding of adopter categories and influential factors on their adoption
decisions?

Hereafter, Section 2 presents the theoretical perspectives that offer an understanding of adopter categories and develop
a set of factors that influence digital wireless phone adoption decisions. Section 3 discusses the analysis framework and
Section 4 presents the data used in this study. Section 5 follows with a detailed discussion of two different empirical
analysis approaches. It also presents and discusses the results. Section 6 concludes with the main contributions and the
study’s limitations.

2. Theory development

Two theoretical perspectives to support the analytical development of this research are the diffusion models of innovation

and associated adopter categories and influential factors on innovation adoption decisions. These two perspectives offer an
understanding of a number of adopter categories and differential factors that drive their adoption decisions of digital
wireless phones.

2.1. Diffusion models and adopter categories

Diffusion of innovation theory suggests that adopters can be classified according to their adoption timing into five
categories: innovators, early adopters, early majority, late majority, and laggards (Rogers, 2003). This classification scheme
makes a critical assumption that adopters with respect to their adoption time follow a normal distribution. It also
presumes that the adopter categories are derived through a combination of the mean time of adoption t and the standard

deviation of time of adoption s through the segmentation of different areas under the normal distribution curve. Innovators,
the earliest adopters, are among those in the area beyond t�2s or 2.5% of the total adopters. Early adopters are in the area
between t�s and t�2s or 13.5% of the total adopters. The early majority are those in the area between t and t�s or 34% of
the total adopters. The late majority occurs between t and t+s and constitute 34% of the total. Finally, Rogers recognizes
laggards as those in the area beyond t+s or the last 16% of the total adopters. Table 1 presents Rogers’ adopter categories
and their general characteristics.

There is empirical evidence for different traits of adopters, a different set of drivers of adoption decisions, and diverse
patterns of technology usage across adopter categories from studies that used Rogers’ adopter classification as a guideline
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Table 1
Rogers (2003) Adopter categories.

Category Adopter characteristics

Innovators (2.5%) � Express a high level of risk-taking propensity

� Are active information seekers about new ideas

� Possess advanced technical knowledge

� Able to handle a high degree of uncertainty about an innovation at the time of adoption

� Enjoy trying out a new innovation

� Find it easy to imagine, understand, and appreciate the benefits of an innovation

Early adopters (13.5%) � Act as opinion leaders

� Share similar characteristics with those of innovators but at a slightly lower degree

Early majority (34%) � Exhibit a deliberate willingness in adopting innovations

� Do not want to be the last to adopt but do not want to be the first to adopt either

Late majority (34%) � Are skeptical about innovations

� Adopt a new innovation when it becomes an established standard

� Will not adopt unless they are comfortable with the ability to handle the technology

Laggards (16%) � Are cautious about innovations

� Adopt when it becomes necessity

� Have less knowledge and little experience with innovations

Note: Some of these descriptions can be gleaned from the following sources in the literature: Agarwal and Prasad (1998), Brown and Venkatesh (2003),

Kirton (1976), Rogers (2003), Stafford (2003), and Tellis et al. (2008).
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to establish a priori adopter categories. Some of these studies examined individual and organizational adoption across a
number of innovations such as organizational Web site adoption (Beatty, Shim, & Jones, 2001; Harrison & Waite, 2006),
individual online purchase behavior (Yi et al., 2006), individual adoption of mobile devices (Yi et al., 2006), individual uses
of Internet services (Stafford, 2003), and household PC adoption (Brown & Venkatesh, 2003). In their study of
organizational Web site adoption, Beatty et al. (2001) found that organizations in different adopter categories are diverse in
the extent of management support, perceived benefits, and degree of organizational and technical compatibility of Web
technology. In their study of US household PC adoption, Brown and Venkatesh (2003) reported differences in the extent of
outcome motivation, social influences, and barriers to adopt PCs across household categories. Stafford (2003) found
differences in self-efficacy, the appreciation of contents, and enjoyment from surfing the Internet among individual
innovators, majorities, and laggards.

Despite substantial empirical support reported in the literature, several researchers have expressed theoretical and
methodological concerns with Rogers’ adopter categories. These include the need for theoretical justification for the five
adopter categories (Bayer & Melone, 1989), few validated instruments to identify adopter categories (Yi et al., 2006), and
the need for metrics to assess the reliability and validity of the adopter category construct (Agarwal & Prasad, 1998; Flynn &
Goldsmith, 1993; Midgley & Dowling, 1978). Without appropriate theoretical guidance, researchers will fall into the trap of
making arbitrary adjustments to these adopter categories to fit their research contexts or practical needs. This will make it
more difficult to compare findings across studies and diminish the impetus for additional unifying theory development. Yi
et al. (2006), for example, combined innovators and early adopters into one new category called innovative adopters because
of the difficulty that occurred in the effort to establish reliable results from a small representation of innovators. Yet, in
another study by Harrison and Waite (2006), they found that the proportions of each adopter category did not match up
with those of Rogers.

Moreover, other researchers have pointed out more serious fundamental limitations related to Rogers’ assumption of
the pattern of normally-distributed technology adoption over time (Mahajan, Muller, & Bass, 1990; Peterson, 1973). There is
empirical evidence that adoption patterns of several innovations, including wireless phones, tend to exhibit non-normal
adoption distributions. For example, according to Rai et al. (1998), Internet diffusion in the 1990s appears to have followed
the exponential model. Kauffman and Wang (2002) have pointed out that bank automated teller machine (ATM) diffusion
was better characterized using a Gompertz curve, which does not have an underlying normal distribution of observed
adoption (Kauffman & Wang, 2002). In addition, Teng, Grover, and Güttler (2002) reported that there are other ICT
innovations whose diffusion appears to have followed the Bass model. In their study of wireless phone diffusion in Greece,
Michalakelis et al. (2008) compared diffusion models. They found that the Gompertz curve fit the best. Kiiski and Pohjola
(2002) also chose the Gompertz curve for cross-country diffusion of the Internet.

Mahajan, Muller, and Srivastava (1990) offered empirical evidence to suggest that the definitions and number of
adopter categories (i.e., innovators, early adopters, early majority, late majority, and laggards) need not be fixed, as
suggested by Rogers (2003). They analyzed 11 consumer innovations and found that the proportion of innovators to total
adopters varied from 0.2% for refrigerators to 2.9% for steam irons. In contrast, the proportion of early adopters to total
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adopters – representing the second wave of adoption – was about 9.5% for televisions and 20% for refrigerators. A further
contrast is with the proportion of laggards to total adopters across some categories. For example, the difference in the
proportion of laggards for refrigerator and steam iron adoption varied by a relatively small degree from 21.4% and 23.5%.

The notion of adopter categories is related to the concept of innovativeness, an individual’s predisposing tendency
towards adopting an innovation (Rogers, 2003). Individuals who are characterized as innovative are likely to be early
adopters of an innovation. Recently, researchers noted that there is a distinction between global innovativeness and
domain-specific innovativeness though (Flynn & Goldsmith, 1993). There is also strong empirical evidence to suggest that
global innovativeness has low predictive power to explain any specific innovation adoption behavior (Goldsmith &
Hofacker, 1991; Leonard-Barton & Deschamps, 1988). In contrast, domain-specific innovativeness exhibits significant
influence on adoption behaviors within a narrow domain of activity (Goldsmith & Hofacker, 1991). More specifically,
empirical evidence suggests that innovativeness in the domain of ICT significantly influences adoption behavior related to
the Web, online purchases, and mobile devices (Agarwal & Prasad, 1998; Yi et al., 2006). Together, these two research
streams point to the need to empirically derive adopter categories that fit with adoption behaviors of a specific innovation
under study, suggesting that factors that influence adoption decisions are likely to be different across adopter categories.

Consistent with the evidence pointing to the limitations of Rogers’ adopter categories, this study argues that a two-step
analytical process is more appropriate to identify adopter categories. First, it is necessary to empirically assess the
underlying distribution of diffusion patterns of an innovation by fitting various diffusion models to the data. This will
enable the authors to assess the extent of technology diffusion over time and support the determination of the best-fitting
model. If the best-fitting model suggests that the adoption patterns follow a normal distribution, Rogers’ five adopter
categories will be sufficiently appropriate to classify adopters for that given innovation. Otherwise, an analytical method
that reconsiders the underlying diffusion process should be used to derive innovation-specific adopter categories.
2.2. Factors influencing technology adoption decisions

The innovation adoption and diffusion literature is voluminous, but four important bodies of theory that identify
influential factors on adopters’ decisions can be distinguished: (1) the diffusion of innovation literature (Rogers, 2003), (2)
the diffusion of successive generations of innovation literature (Norton & Bass, 1987), (3) the network effects theory literature
(Farrell & Saloner, 1986; Katz & Shapiro, 1986; Saloner & Shepard, 1995), and (4) the institutional context of IT innovations

literature (King et al., 1994).
Diffusion of innovation theory suggests that potential adopters do not necessarily adopt an innovation at the same time.

The diffusion process for most innovations follows an S-shaped curve with three distinct phases: early diffusion, rapid
adoption and growth, and maturity. The diffusion of successive generations of innovation theory argues that diffusion
processes of multiple generations of innovation are interdependent. The network effects theory suggests that the value of a
technology depends on the size of the installed base of adopters. Early technology adoption decisions, in particular, will
depend on the expected number of future adopters. Similarly, later adoption decisions will be influenced by the number of
current adopters. Since network effects depend on the number of adopters of a technology, its impact on diffusion is likely
to vary over time. Finally, the institutional theory of IT innovation argues that institutions shape production and use of IT
innovations through various forms of institutional actions and regulations.

Drawing on the four theoretical perspectives discussed above, a large body of research has examined numerous factors
that drive adoption decisions of digital wireless phone technology. Table 2 summarizes studies that examine cross-country
adoption and diffusion of wireless phones. These studies, taken together, essentially suggest that wireless phone adoption
decisions are influenced by three dominant factors: socio-economic factors, industry factors, and institutional factors.
2.2.1. Socio-economic factors

Diffusion of innovation theory suggests that income has a positive impact on innovation adoption decisions in general.
Empirical evidence from studies that examine wireless phone subscription found strong support that higher income
increases the likelihood of adoption and the extent of diffusion (Ahn & Lee, 1999; Dekimpe, Parker, & Sarvary, 1998; Gruber
& Verboven, 2001b; Koski & Kretschmer, 2005; Madden & Coble-Neal, 2004). Other socio-economic factors that wireless
phone diffusion studies have examined are education and the level of urbanization. Garbacz and Thompson (2007) found
that education positively influences wireless phone diffusion. However, the results of the influence of level of urbanization
on wireless phone diffusion were inconclusive. Koski and Kretschmer (2005), Liikanen, Stoneman, and Toivanen (2004), and
Rouvinen (2006) reported negative and significant effects for the digital generation, while Liikanen et al. (2004) found
positive and significant effects for the analog generation. Yet, Gruber (2001) did not find any significant effects for panel
data with both analog and digital wireless phone subscription levels. This may be because the level of urbanization is a
proxy for several underlying factors that are not being measured directly. On the one hand, the high level of urbanization
(i.e., high population density or population in the largest city) means a lower per-subscriber cost to set up a network. So
this should accelerate wireless phone diffusion. Alternatively, the low level of urbanization can be a proxy for a
geographically dispersed market whose population needs wireless phones to stay connected. As a result, one may expect
wireless phone diffusion to be faster in such markets. Nevertheless, previous studies (e.g., Garbacz and Thompson, 2007;
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Table 2
Factors that influence wireless phone technology adoption and diffusion.

Factors Variables Measure Study

Socio-economic factors Income GDP per capita Ahn and Lee (1999), Andonova (2006), Burki and Aslam (2000), Choi

et al. (2001), Dekimpe et al. (1998), Garbacz and Thompson (2007),

Gruber (2001), Gruber and Verboven (2001a), Gruber and Verboven

(2001b), Jang et al. (2005), Koski and Kretschmer (2005), Madden and

Coble-Neal (2004), Rouvinen (2006)

Education Years of school Garbacz and Thompson (2007)

Illiteracy rate Andonova (2006), Rouvinen (2006)

Urbanization Proportion of urban

population

Garbacz and Thompson (2007), Gruber (2001), Koski and Kretschmer

(2005), Liikanen et al. (2004), Rouvinen (2006)

Wireless phone

industry factors

Service prices Handset price Ahn and Lee (1999), Andonova (2006), Choi et al. (2001), Garbacz and

Thompson (2007), Iimi (2005), Koski and Kretschmer (2005), Madden

and Coble-Neal (2004), Rouvinen (2006)

Connection charge

Usage charge

Presence of

competition

Dummy (1 ¼more

than 2 competitors;

else 0)

Burki and Aslam (2000), Garbacz and Thompson (2007), Gruber and

Verboven (2001a), Gruber and Verboven (2001b), Jang et al. (2005),

Koski and Kretschmer (2005), Rouvinen (2006)

Extent of competition # of operators Dekimpe et al. (1998), Gruber (2001)

# of licenses Liikanen et al. (2004)

Network effects % population in urban

areas

Garbacz and Thompson (2007)

# of subscribers Iimi (2005), Liikanen et al. (2004), Madden and Coble-Neal (2004)

Institutional factors Presence of

privatization

Dummy (1 ¼ non-state

ownership; else 0)

Garbacz and Thompson (2007)

Independent regulator Dummy

(1 ¼ independent

regulatory authority;

else 0)

Garbacz and Thompson (2007), Koski and Kretschmer (2005)

Standards Dummy variable

(1 ¼ one standard; else

0)

Gruber and Verboven (2001b), Koski and Kretschmer (2005),

Rouvinen (2006)

# of competing

standards

Dekimpe et al. (1998), Liikanen et al. (2004)

Note: The wireless phone technologies, sampled countries, and the time line of the data vary among studies reported in this table. Some examined digital

wireless phone technology (Koski & Kretschmer, 2005; Liikanen et al., 2004; Rouvinen, 2006). Others looked at both analog and digital wireless phone

technologies (Gruber & Verboven, 2001a, 2001b). Still others assessed wireless phone technology in general without making a clear distinction between

different generations (Andonova, 2006; Burki & Aslam, 2000; Choi et al., 2001; Dekimpe et al., 1998; Garbacz & Thompson, 2007; Gruber, 2001; Iimi,

2005; Jang et al., 2005; Madden & Coble-Neal, 2004). Some studies focus on a single country. Iimi (2005) studied the Japanese market using the data for

1996–1999. Choi et al. (2001) analyzed the Korean market using 1994–1999 data. Others studied multiple countries. Ahn and Lee (1999) examined 64

countries. Burki and Aslam (2000) studied 25 Asian countries from 1986 to 1998. Dekimpe et al. (1998) assessed 184 countries from 1979 to 1992. Jang et

al. (2005) evaluated 29 OECD countries and Taiwan during 1980–2001. Garbacz and Thompson (2007) studied 53 developing countries from 1996 to 2003.

Gruber (2001) evaluated 10 Central and Eastern European countries using data from the year of the first introduction of mobile phones until 1997. Gruber

and Verboven (2001b) studied 140 countries from 1981 to 1995. Gruber and Verboven (2001a) examined 15 European Union countries from 1992 to 1997.

Koski and Kretschmer (2005) assessed 32 industrialized countries from 1991 to 2000. Liikanen et al. (2004) used a 7-year observation period until 1998

on 80 different countries. Madden and Coble-Neal (2004) studied 56 countries from 1995 to 2000. Rouvinen (2006) studied 165 developed and

developing countries from 1993 to 2000.
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Rouvinen, 2006) cautioned that multicollinearity is a possible concern in wireless phone diffusion studies that
simultaneously incorporate income, education, urbanization, and infrastructure variables as independent variables.

2.2.2. Industry factors

Network effects, competition, and price are wireless phone-specific industry factors that have been broadly examined
across several studies. It has been generally observed that network effects play an important role in explaining the diffusion
of ICT products and services. For wireless phone diffusion, empirical evidence has provided strong support to establish the
positive influence of network effects on diffusion (Rouvinen, 2006). Prices have a great effect on digital wireless phone
demand as well, and tend to increase operator revenues (Ahn and Lee, 1999; Madden and Coble-Neal, 2004).

Market competition in telecommunication services, income growth, and expanded educational achievement are key
drivers of universal service. Wireless telecommunication services competition appears to be a key driver for the expansion
of the overall network in a country (Garbacz & Thompson, 2007). Competition increases the speed of diffusion (Jang, Dai, &
Sung, 2005). Empirical evidence suggests that competition is important in fostering telecommunications development
(Hamilton, 2003). Evidence from several studies strongly supports the observation that competition in a number of
wireless phone markets (e.g., Europe, Japan, Korea, the US) facilitates price competition, leading to demand expansion and
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increased diffusion (Chen & Watanabe, 2006; Choi, Lee, & Chung, 2001; Dekimpe et al., 1998; Fullerton, 1998; Gruber, 1999,
2001; Gruber & Verboven, 2001b; Koski & Kretschmer, 2005; Rouvinen, 2006). There is also empirical evidence of the
strong influence of network effects on demand in wireless phone markets (e.g., Funk, 2007; Kim & Kwon, 2003; Madden &
Coble-Neal, 2004; Okada & Hatta, 1999). Other research reports how network effects impact usage patterns and operator
choices (Birke & Swann, 2006).

As discussed earlier, the theory of diffusion of successive generations of innovation postulates that diffusion processes of
interrelated innovations and multiple generations of innovations are interdependent. The direction of the influence appears
to depend on whether the related innovations have a complementary or substitutability relationship. In the context of
digital wireless phone technology, the dynamics of the fixed-line phone market and the analog wireless phone market also
appear to play an important role in the demand for digital wireless phones. Although evidence from early studies (e.g., Ahn
& Lee, 1999; Gruber, 2001; Gruber & Verboven, 2001b) found that fixed-line phones are complementary to wireless phones,
increasing evidence from more recent studies has reported that wireless phones are substitutes to fixed-line phones
(Garbacz & Thompson, 2007; Gruber & Verboven, 2001a; Jang et al., 2005; Madden & Coble-Neal, 2004). The substitution
effects may be the result of improved quality and lower service prices of wireless phone services (Gruber & Verboven,
2001a; Madden & Coble-Neal, 2004). A few studies (Liikanen et al., 2004; Rouvinen, 2006) have also reported that high
analog wireless phone penetration increases the diffusion of digital wireless phones. So the influence of analog wireless
phones may play a more important role in the mix of drivers in developing countries (Rouvinen, 2006).

2.2.3. Institutional factors

Koski and Kretschmer (2005) argued that, for digital wireless phones, two of the most important policy decisions
relating to market structure are technology standards setting and the extent of competition through the number of
operating licenses. The literature on standards suggests advantages and disadvantages for competing standards versus a
single standard (Farrell & Saloner, 1985). Single standards yield stronger network effects through compatible networks,
benefits from indirect network effects through widely available services and handset accessories at perhaps lower prices,
and larger scale economies in handset and network infrastructure equipment production. The disadvantages are the
limited choices for consumers and possible lock-in to an inferior standard. Similarly, competing standards provide
consumers with differing services, motivate competition and investment in R&D to improve the quality of technology, and
reduce the risk of locking into inferior technologies (Gandal, Salant, & Waverman, 2003; Gruber & Verboven, 2001b). In
contrast to single standards, the disadvantages of multiple standards are the lack of scale economies and the limited
benefits from installed base network effects.

Evidence from cross-country digital wireless phone diffusion studies supports the relationship that standards
competition slows down wireless phone diffusion (Gruber & Verboven, 2001b; Koski & Kretschmer, 2005; Rouvinen, 2006).
For example, Gruber and Verboven (2001b) reported that standards competition in an analog wireless phone system
slowed down its annual diffusion growth by 6–7%.

Despite the deregulation trend, telecommunications and wireless phones are regulated in most countries. Government
licensing policy creates market competition that, in turn, influences the diffusion rate of wireless phones. Several studies
provide empirical support to establish the importance of the number of licenses on wireless phone diffusion speed (Burki &
Aslam, 2000; Gruber, 2001; Gruber & Verboven, 2001b; Parker & Röller, 1997). They explored the diffusion effects of the
timing of the first and subsequent licenses granted to digital wireless phone operators. Diffusion speed accelerated in
markets with more licenses or firms (Gruber, 2001; Parker & Röller, 1997). In their study of US wireless phone market,
Parker and Röller (1997) found that price competition was limited under the duopoly market structure, suggesting that
more than two firms may be needed to speed up wireless phone diffusion. From a market entry policy perspective, the
available evidence suggests that both sequential entry and simultaneous entry policies have had positive impacts on analog
and digital wireless phone diffusion. The stronger impacts have been observed for sequential entry policy (Gruber &
Verboven, 2001b).

Several of the studies reported in Table 2 employed specific diffusion growth models to evaluate the influence of various
factors on wireless phone diffusion, without considering other growth models or providing robust evaluations to
support their model choices. For example, Burki and Aslam (2000), Gruber and Verboven (2001a, 2001b), and Koski and
Kretschmer (2005) used logistic growth curves, while Rouvinen (2006) used a Gompertz curve to study wireless phone
diffusion. Consequently, their results may be biased due to untested assumptions about the underlying distribution of
technology adopters.

3. Analysis framework

A two-step analysis will be used to establish the adopter categories and identify factors that influence adoption behavior
(see Fig. 1). The first step identifies the distribution of adopter patterns by fitting different diffusion curve models to diffusion
data. The quality of the parameter estimates and model fit statistics will be used to identify the most appropriate model for
the diffusion curve of the technology. The second analysis step evaluates factors that affect adoption decisions in various
adopter categories. For this, a statistical estimation technique called survival analysis will be used. Drawing on the
theoretical perspectives and evidence from previous wireless phone studies that were discussed in the previous section,
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S T E P   1 
Identify underlying

distribution of
technology diffusion process 

_______________________________

Empirical models for diffusion curves:

   - Internal / external influence models 
   - Mixed influence models 
   - Gompertz / Weibull models 
_______________________________

Explanatory factors for diffusion:

  - No explanatory factors are used 
  - Diffusion curves are purely
    descriptive 

S T E P   2 
Identify adopter categories
that influence technology

adoption behavior 
_______________________________

Empirical models for survival analysis:

  - Proportional hazard model 
  - Frailty and state transition models 
  - Recurrent events models 
_______________________________

Explanatory factors for diffusion: 

  - Economy 
  - Digital wireless phone industry 
  - Analog wireless phone industry 
  - Institutional factors

Fig. 1. Analysis framework: adopter categories and influential adoption factors.
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this study will examine four groups of factors that appear to play a role in driving the adoption of digital wireless phone:
economic factors, digital and analog industry factors, and institutional factors.

4. Data

This study uses annual observations of subscribers to digital wireless phone technology services, and the corresponding
covariates across 46 developed and developing countries in North America, Europe, Asia, and the Middle East. The data
sources for annual digital wireless phone subscribers are the Yearbook of Statistics from the International
Telecommunication Union (ITU), the World Development Indicator Database from the World Bank, and the SourceOECD
database from the OECD. The data span 1992–2002. These sources publish annual digital wireless phone subscriber
statistics for all countries in the sample, except SourceOECD, which provides data for OECD countries only. The
triangulation of the data across different sources helped to confirm that the number of subscribers is consistent and
accurate, increasing the confidence in the data quality. The annual subscriber observations end in 2002.1

In addition to the sources discussed above, the data on the covariates come from private databases and publications
from the Gartner Group, Wireless Week magazine, the Global System for Mobile Communications (GSM) Web site
(www.gsmworld.com), and the Code Division Multiple Access (CDMA) development Web site (www.cdg.org). These
multiple sources allowed the cross-checking of the details of all the data to further increase its reliability and accuracy. The
beginning times for the data vary because countries did not first adopt digital wireless phones in the same year. Some early
adopters are Denmark, Finland, France, and Germany, which adopted in 1992. Malaysia and Pakistan adopted a few years
later in 1995 followed by Egypt and Nicaragua in 1997. The observations of covariate variables end in 1999.

There is theoretical and empirical evidence to suggest that diffusion of the new generation of technology (as with digital
wireless phones in this study) is affected by the old generation of technology (analog wireless phones here; Danaher,
Hardie, & Putsis, 2001; Islam & Meade, 1997; Norton & Bass, 1987). To obtain valid empirical results, it is important to
include variables associated with analog wireless phones. However, a number of countries have already gone through the
process of discontinuing analog wireless phone services. As a result, no reliable data on analog wireless phones across all
the sample countries have been reported after 1999. Table 3 provides summary statistics of the key variables in this study.

5. Empirical analysis and results

The discussion now turns to diffusion modeling and survival analysis, and related empirical results.

5.1. Diffusion modeling: analysis setup

A number of diffusion models to understand diffusion patterns have been developed in economics, management, and
marketing science. They are useful for estimating diffusion phenomena in different settings. (For a review, see Mahajan,
Muller, & Bass, 1990; Mahajan, Muller, & Srivastava, 1990; Meade & Islam, 1998.)
1 The sampled countries are Australia, Austria, Belgium, Canada, China, Cyprus, Denmark, Egypt, Finland, France, Germany, Greece, Hong Kong,

Hungary, Iceland, India, Indonesia, Ireland, Italy, Japan, Jordan, Korea, Kuwait, Luxembourg, Malaysia, Morocco, Netherlands, New Zealand, Nicaragua,

Norway, Pakistan, Philippines, Portugal, Russia, Saudi Arabia, Singapore, South Africa, Spain, Sweden, Switzerland, Thailand, Turkey, United Arab Emirates,

United Kingdom, US, and Vietnam.

http://www.gsmworld.com
http://www.cdg.org
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Table 3
Summary statistics of key variables.

Factors Variable Measures Mean Std. Dev.

Economy GNP_INTER PPP-adjusted GNP per capita (international $) 11,555.73 8713.43

Digital wireless phone industry DIG_PEN Penetration of digital wireless phones (%) 10.82 14.65

DIG_OP Number of digital wireless phone operators 2.05 1.25

DIG_PRICE PPP-adjusted price, 3-min peak-rate local call (international $) 29.28 21.46

Analog wireless phone industry ANA_PEN Penetration of analog wireless phones (%) 26.31 17.53

ANA_OP Number of analog wireless phone operators 1.37 1.14

Institutional factors ANA_STD Number of analog wireless phone standards 1.11 0.65

DIG_STD Number of digital wireless phone standards 1.11 0.39

STD_POL Standardization policy (1 ¼ regulated, else 0) 0.60 0.49
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Different studies have proposed different schemes to classify diffusion models. One scheme that has received
strong theoretical and empirical support uses the sources of influence on adoption decisions to classify models into three
groups. These are the external influence model, the internal influence model, and the mixed influence model (Dos Santos &
Peffers, 1998; Mahajan & Peterson, 1985). The external influence model suggests that an adoption decision is driven by
information from sources outside the adopters’ social system. This model is appropriate when adopters are
communicatively isolated or when substantial information about the innovation is available from only external sources.
These may include marketing campaigns from technology and solution providers, subsidies offered by third parties, and
mandated adoptions enforced by governments. In ATM adoption for retailing banking among financial institutions, for
example, Dos Santos and Peffers (1998) suggested that the external influence from vendors largely factored into a bank’s
adoption decision during the early years of the technological innovation because of the lack of information on the
experiences of early adopters.

The internal influence model suggests that adoption is driven by influences from current adopters through their
interactions and communications with potential adopters. This is useful for modeling adoption behavior of socially visible
innovations in which adoption involves imitative behavior. Adopters are seen to adopt because not adopting an innovation
is likely to put them at some kind of disadvantage (Mahajan & Peterson, 1985). A good example is the adoption of ATMs in
the banking industry (Kauffman & Wang, 2002). It became clear, particularly after the first few years of ATM introduction,
that a large number of banks were pressured by their peers to provide ATM services to customers to stay competitive (Dos
Santos & Peffers, 1998). Clemons and McFarlan (1986) called this ‘‘hook up-or-lose out’’ competition.

Last, the mixed influence model suggests that an adoption decision is motivated by both an internal influence, especially
information from current adopters, and external forces outside the adopter’s social system. Dos Santos and Peffers (1998)
offer empirical evidence to show that the mixed influence model may better explain adoption behaviors than the other two
models. Among the proposed mixed influence models, the Bass model from the marketing science literature is the most
widely used to study diffusion process of consumer products (Bass, 1969). Table 4 gives descriptive information, model
specification details, and the characteristics of the internal, external, and mixed influence models.

Another classification scheme emphasizes certain properties of diffusion models, especially the location of an inflection

point for diffusion growth and the symmetry of the diffusion curve. Diffusion follows a symmetric curve when the adoption
rates are the same at time t�k and t+k. This implies that adoption rates maintain the same levels before and after the peak
adoption occurs. Asymmetric diffusion curves may also occur in different diffusion processes. One occurs when rapid initial
adoption is followed by a slowing rate of adoption. Another occurs when the adoption rate starts out slow and then is
followed by faster adoption. For example, Geroski (2000) suggests that patent citations follow an asymmetric S-curve with
an initial rapid increase in citations following by a slowing rate of citations over time.

Not all of these models are able to accommodate the asymmetric nature of diffusion and permit flexible location of the
inflection point of adoption growth. For example, the external influence model has a constant rate of growth, but it does not
have an inflection point for diffusion growth. The internal and mixed influence models offer more flexibility. The logistic

model has a symmetric diffusion curve and a fixed inflection point that occurs where 50% of potential adopters have
adopted an innovation. In other words, the logistic diffusion curve suggests that the technology adoption follows a normal
distribution. In contrast, the Gompertz model defines an asymmetric diffusion curve, with a fixed inflection point, where
approximately 37% of potential adopters have adopted. In contrast, the mixed influence model has a symmetric curve and a
somewhat more flexible inflection point, when less than or equal to 50% of the potential adopters adopt an innovation.

Recent studies have suggested that different flexible diffusion model specifications can potentially provide a better fit
for various observed patterns of diffusion (see Table 5). For a review of flexible diffusion models, see Mahajan and Peterson
(1985), Mahajan, Muller, and Bass (1990), Mahajan, Muller, and Srivastava (1990), and Meade and Islam (1998). Geroski
(2000) argued that the actual diffusion process is more likely to follow some form of an asymmetric S-curve than a
symmetric curve. If this is true, then flexible diffusion models will provide a better fit because they allow diffusion curves
to be asymmetric and the location of the inflection point is not fixed. Weibull model, among other flexible diffusion models,
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Table 5
Diffusion models classified by curve symmetry and inflection point location.

Model Curve symmetry Inflection point

Location Penetration (%)

Influence models

Internal influence Symmetric Fixed 50

External influence Not applicable No inflection point Not applicable

Mixed influence Symmetric Flexible 50 or lower

S-curve models

Gompertz Asymmetric Fixed 37

Logistic Symmetric Fixed 50

Weibull Symmetric/asymmetric Flexible Can vary

Table 4
Diffusion models classified by sources of influence.

Model Description Model specification Model characteristics

External

influence

model

Adoption decision is

influenced by sources

external to the adopters’

social system

dNðtÞ

dt
¼ p½m� NðtÞ� The external influence model follows an exponential

curve. The total number of adopters is bounded by m.

The number of adopters increases at decreasing rate in

t
NðtÞ ¼ mð1� e�pt Þ

Internal

influence

model

Adoption decision is

influenced by existing

adopters

dNðtÞ

dt
¼ qNðtÞ½m� NðtÞ� The internal influence model follows a logistic curve. A

variant with a slight modification follows a Gompertz

function. The diffusion function is S-shaped, with the

total number of adopters bounded by m

NðtÞ ¼
1

ð1=mÞ þ ce�qt

Mixed

influence

model

Adoption decision is

influenced by existing

adopters and external sources

dNðtÞ

dt
¼ ðpþ qNðtÞÞ½m� NðtÞ� The mixed influence model follows a generalized

logistic curve. The total number of adopters is bounded

by m. The diffusion function is a symmetrical S-shaped

curve

NðtÞ ¼
m� ðpðm� N0Þ=ðpþ qN0ÞÞe

½�ðpþqmÞðt�t0 Þ�

1þ ðqðm� N0Þ=ðpþ qN0ÞÞe½�ðpþqmÞðt�t0 Þ�

Note: There are two equations for each of the three influence models. The first equation dN(t)/dt characterizes the adoption rate or number of adopters

across time t. The second equation N(t) characterizes the cumulative adoption rate or cumulative number of adopters across time t. N(t) refers to the

cumulative number of adopters at time t, N0 the number of adopters at the first adoption year, t0 the first adoption year, m the maximum number of

adopters in a country, p the coefficient of external influence in the external and mixed influence models, and q the coefficient of internal influence in the

internal and mixed influence models.
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has received extensive empirical support to fit diffusion patterns of various innovations (Meade & Islam, 1998; Sharif &
Islam, 1980).

The Gompertz model uses notation that is consistent with the other influence models discussed earlier and has the
following functional form:

dNðtÞ

dt
¼ qNðtÞ½log m� log NðtÞ� and NðtÞ ¼ me½�ðlnðm=N0ÞÞe

ð�qðt�t0 Þ � (1)

In this model, m is the ceiling number of subscribers, N(t) the cumulative number of subscribers at time t, dN(t)/dt the
number of subscribers adopting at time t, and q the coefficient of internal influence.

The Weibull model has two parameters: a for scale and b for shape. In diffusion terms, a and b both determine the
steepness of the curve and b determines the shape of the curve (Sharif & Islam, 1980). Its mathematical formulation is

dNðtÞ

dt
¼ m

b
a

� �
t

a

� �b�1

e�ðt=aÞ
b

and NðtÞ ¼ mð1� e�ðt=aÞ
b
Þ (2)

Depending on the value of b, the diffusion curve will be left skewed when the inflection point occurs before the 50%
penetration point. It will be symmetric when the inflection point is at the 50% penetration point. It will be right skewed
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when the inflection point occurs after the 50% penetration point. For example, the diffusion curve has an inflection point
for diffusion growth at the 37% penetration level when b ¼ 1.842, but its inflection point occurs at 63% penetration
when b ¼ 12.

5.2. Diffusion modeling results

The five different diffusion models are the internal influence, external influence, and mixed influence models, and the
Gompertz, and Weibull models. Diffusion modeling analysis provides empirical evidence to identify whether the
underlying technology adoption process over time follows a normal distribution. Nineteen countries were randomly
selected from the 46 countries in the sample to evaluate the normal distribution hypothesis for technology adoption over
time. For a particular country, the data used in the analysis are annual subscriber time series from the first year that the
country introduced digital wireless phone services to 2002. Thus, the data spanned the years from 1992 to 2002, with some
countries beginning to adopt earlier and others doing so only later. As a result, some of the time-series data have different
lengths. For example, the longest time series from Denmark, Finland, France, and Germany spanned the years from 1992 to
2002. The shortest time series from Malaysia and Pakistan covers 1995 to 2002.

This study applies a non-linear least squares (NLS) estimation procedure suggested by Srinivasan and Mason (1986), who
argue that it offers better fit performance than ordinary least squares (OLS) and maximum likelihood estimation (MLE)
methods. The performance of the diffusion models was assessed based on the quality of their parameter estimates and the
relevant measures of model fit. The quality of the parameter estimates can be evaluated based on the signs, magnitudes,
and statistical significance relative to the actual diffusion plots. The model fit was evaluated through the proportion of
variance explained, reflected in the adjusted-R2 and model F-test values. Table 6 reports the estimated parameter results for
the three influence models and Table 7 reports the results of the Gompertz and Weibull models. Table 8 reports the best-
fitting models and the diffusion process symmetry.

The results clearly suggest that the external and internal influence models have the poorest fit of all the models (Table 6,
left side). In all the nineteen countries, the adjusted-R2 values are substantially lower than those from the internal and the
mixed influence model. It overestimates the maximum number of adopters (i.e., greater than the total population), except
in the case of Pakistan. Neither of the estimated parameters m or p is significant. The internal and the mixed influence
models (Table 6, middle and right side) exhibit somewhat better fit. The adjusted-R2 values of the internal influence go
from 0.954 to 0.999, and the mixed influence model’s range from 0.959 to 0.999. The mixed influence model has the best fit
Table 6
Results: external, internal, and mixed influence models.

Country External influence model Internal influence model Mixed influence model

m p Adj. R2 m q Adj. R2 m p q Adj. R2

Developed countries

Australia 873,000,000 0.0009 0.813 15,100,000*** 0.70*** 0.998 15,500,000*** 0.0077*** 0.66*** 0.999

Denmark 251,000,000 0.0008 0.747 5,565,233*** 0.53*** 0.998 5,862,703*** 0.0078*** 0.48*** 0.999

Finland 519,000,000 0.0006 0.899 4,595,352*** 0.75*** 0.998 4,631,926*** 0.0046*** 0.72*** 0.998

France 2,780,000,000 0.0007 0.713 59,500,000fixed 0.58*** 0.986 59,500,000fixed 0.0028** 0.57*** 0.987

Germany 6,230,000,000 0.0005 0.755 82,500,000fixed 0.70*** 0.986 82,500,000fixed 0.0013* 0.70*** 0.986

Hong Kong 1,120,000,000 0.0008 0.869 6,758,384*** 0.69*** 0.999 6,889,039*** 0.0126*** 0.63*** 0.999

Japan 10,200,000,000 0.0008 0.984 81,800,000*** 0.71*** 0.994 86,000,000*** 0.0409*** 0.53*** 0.997

Singapore 177,000,000 0.0007 0.558 3,715,954*** 0.75*** 0.994 3,738,510*** 0.0041** 0.73*** 0.994

UK 4,650,000,000 0.0008 0.825 59,200,000fixed 0.83*** 0.992 59,200,000fixed 0.0021** 0.82*** 0.992

US 16,200,000,000 0.0006 0.834 288,000,000fixed 0.55*** 0.981 288,000,000fixed 0.0079** 0.50*** 0.986

Developing countries

China 8,020,000,000 0.0010 0.534 1,280,000,000fixed 0.57*** 0.990 1,280,000,000fixed 0.0008*** 0.56*** 0.992

Indonesia 588,000,000 0.0008 0.638 37,000,000** 0.63*** 0.999 43,400,000* 0.0008*** 0.61*** 0.999

Malaysia 664,000,000 0.0010 0.818 12,700,000*** 0.74*** 0.999 13,100,000*** 0.006*** 0.69*** 0.998

Morocco 529,000,000 0.0006 0.545 29,640,540fixed 0.67*** 0.961 29,640,540fixed 0.0005 0.66*** 0.963

Pakistan 24,700,000 0.0012 0.467 144,902,400fixed 0.60*** 0.959 144,902,400fixed 0.00003 0.58*** 0.962

Philippines 940,000,000 0.0007 0.524 79,944,220fixed 0.65*** 0.979 79,944,220fixed 0.0005* 0.64*** 0.979

South Africa 900,000,000 0.0008 0.704 18,400,000*** 0.65*** 0.999 19,200,000*** 0.0063*** 0.60*** 0.999

Thailand 1,160,000,000 0.0005 0.469 61,600,000fixed 0.99*** 0.999 61,600,000fixed 0.00004*** 0.99*** 0.998

Turkey 830,000,000 0.0010 0.467 69,626,000fixed 0.49*** 0.977 69,626,000fixed 0.0042** 0.46*** 0.975

Notes: Estimation models—internal, external, and mixed influence models. N ¼ 19 countries. Estimation issues: The F-values for model significance for

the external influences model are significant at the 0.01 level for all countries, with the exception of China, Morocco, Pakistan, Philippines, Singapore,

Thailand, and Turkey, which are significant at the 0.05 level. The F-values for the internal influence model are significant at the 0.01 level for all countries.

The F-values for the mixed model are significant at the 0.01 level for all countries. However, to get logical and valid estimates of the internal and mixed

influence models, the maximum number of adopters (m) had to be fixed at the level of 100% of the population for China, France, Germany, Morocco,

Pakistan, Philippines, Thailand, Turkey, UK, and US. Hence, the reader will understand the use of the superscript fixed on some of the estimated values of

the maximum penetration levels m above.
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Table 7
Results: Gompertz and Weibull models.

Country Gompertz Model Weibull Model

m q Adj. R2 m a b Adj. R2

Developed countries

Australia 26,200,000*** 0.25*** 0.998 15,300,000*** 8.50*** 3.63*** 0.998

Denmark 6,476,338*** 0.30*** 0.996 7,039,993*** 10.87*** 2.63*** 0.998

Finland 5,521,961*** 0.36*** 0.999 4,589,409*** 7.72*** 3.46*** 0.999

France 62,300,000*** 0.33*** 0.994 59,500,000fixed 10.35*** 3.65*** 0.989

Germany 234,000,000* 0.17*** 0.975 82,500,000fixed 9.88*** 4.31*** 0.984

Hong Kong 7,845,241*** 0.37*** 0.999 6,903,622*** 7.05*** 2.72*** 0.999

Japan 82,400,000*** 0.54*** 0.996 88,200,000*** 5.76*** 1.95*** 0.998

Singapore 5,294,607*** 0.30*** 0.992 3,593,523*** 7.64*** 3.70*** 0.993

UK 76,600,000*** 0.34*** 0.987 49,500,000*** 7.23*** 5.53*** 0.996

US 180,000,000*** 0.45*** 0.999 134,000,000*** 6.29*** 3.98*** 0.999

Developing countries

China 543,000,000*** 0.33*** 0.999 1,280,000,000fixed 13.81*** 4.00*** 0.997

Indonesia 240,000,000** 0.14*** 0.998 212,000,000fixed 18.90*** 4.05*** 0.998

Malaysia 32,000,000*** 0.22*** 0.997 24,304,580fixed 10.43*** 2.79*** 0.997

Morocco 112,000,000 0.16*** 0.970 29,640,540fixed 12.06*** 4.71*** 0.972

Pakistan 163,000,000 0.09 0.965 144,902,400fixed 30.18*** 4.00*** 0.967

Philippines 252,000,000 0.16*** 0.986 79,944,220fixed 12.54*** 4.64*** 0.987

South Africa 87,500,000** 0.14*** 0.997 45,345,290fixed 13.28*** 2.59*** 0.998

Thailand 61,600,000fixed 0.21*** 0.907 61,600,000fixed 10.72*** 7.56*** 0.997

Turkey 59,400,000*** 0.25*** 0.987 23,500,000*** 6.99*** 5.27*** 0.997

Notes: Estimation model—non-linear least squares (NLS) with 8–11 observations. Estimation issues—to get valid estimates of the Gompertz model’s

parameters, the maximum number of adopters m had to be fixed at 100% of the population for Thailand. The F-values for model significance for the rest of

the Gompertz models were significant at the 0.01 level. To get valid estimates of the Weibull models’ parameter, the maximum number of adopters m had

to be fixed at 100% of the population for France, Germany, China, Indonesia, Malaysia, Morocco, Pakistan, Philippines, South Africa, and Thailand.

Table 8
Results: best-fitting models and diffusion process symmetry for digital wireless phones.

Countries Best-fitting model Diffusion process symmetry Countries Best-fitting model Diffusion process symmetry

Developed countries Developing countries

Australia Mixed Symmetric China Gompertz Asymmetric

Denmark Mixed Symmetric Indonesia Mixed Symmetric

Finland Gompertz Asymmetric Malaysia Mixed Symmetric

France Gompertz Asymmetric Morocco Weibull Asymmetric

Germany Mixed Symmetric Pakistan Weibull Asymmetric

Hong Kong Mixed Symmetric Philippines Weibull Asymmetric

Japan Weibull Asymmetric South Africa Mixed Symmetric

Singapore Mixed Symmetric Thailand Mixed Symmetric

UK Weibull Asymmetric Turkey Weibull Asymmetric

US Gompertz Asymmetric
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in eight of the nineteen countries. For eight of the nineteen countries, both the internal and the mixed influence model
show the same adjusted-R2 values. The internal influence model seems to fit better in just three countries, but the
differences are not managerially meaningful. Sultan, Farley, and Lehmann (1990), in their meta-analysis of 213 diffusion
models, suggested that the mixed influence model should be used to avoid the implicit restrictions on parameters. The
evidence from the quality of the fit to the data and this argument suggest that the mixed influence model seems
appropriate to characterize the influential drivers of digital wireless phone diffusion across the nineteen developed and
developing countries.

Next, the results from the mixed influence model, the Gompertz model (see Table 7, left columns), and the Weibull
model (see Table 7, right columns) are compared to find the best-fitting model. All three models show very good fit. The
adjusted-R2 values of the mixed influence model range from 0.959 to 0.999. The Gompertz and Weibull models also show
similarly high adjusted-R2 values of 0.907–0.999 and 0.966–0.999, respectively. Almost all of the estimated parameters
from the mixed influence model are significant, except the coefficients of external influence for Morocco and Pakistan.
Similarly, a few estimated parameters from the Gompertz model are not significant. They include the estimated maximum
number of digital wireless phone adopters from Morocco, Pakistan, and Philippines, and the coefficient of internal influence
from Pakistan. All the estimated parameters from the Weibull model are significant. Since the comparative analysis of R2
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and the significance of estimated coefficients do not give conclusive results, the root mean squared error (RMSE) will be
used to evaluate the goodness of fit.

The RMSE values vary across the mixed influence, Gompertz, and Weibull model results. One possible choice is the
model that has the lowest RMSE as the best-fitting model to explain the diffusion process for digital wireless phones.
Detailed results of the best-fitting model on the basis of the lowest RMSE, the diffusion process symmetry, and inflection
points are shown in Table 8.

The results of the best-fitting models indicate that the digital wireless phone diffusion patterns did not follow a normal
distribution over time, providing strong empirical support that the technology adopter categories for digital wireless
phones do not map exactly into Rogers’ five adopter categories as expected. The next sub-section turns to a discussion of
survival analysis, which provides a rigorous empirical approach to simultaneously identify adopter categories and the
factors that drive their adoption decisions.

5.3. Iterative survival analysis setup

Survival analysis analyzes the occurrence of events, the timing of events, and the underlying factors that affect the
likelihood of events (Le, 1997). Events of interest depend on the context of a study. Some interdisciplinary examples include
the estimation of the duration of international conflicts and government cabinets (Box-Steffensmeier & Zorn, 2001), initial
public offerings of stock in the after-market (Hensler, Rutherford, & Springer, 1997), and the survivability of new entrants
into competitive markets (Honjo, 2000). Events that have been examined in the ICT context are shared electronic banking
network services adoption timing (Kauffman, McAndrews, & Wang, 2000), IT adoption in the insurance industry (Forman &
Gron, 2005), and the failure of Internet firms (Banerjee, Kauffman, & Wang, 2007; Kauffman & Wang, 2008a, 2008b).

There are a few important concepts in survival analysis. Duration is the elapsed time from the start of the survival
process to the occurrence of the event or the end of study period, whichever is sooner (Le, 1997). The hazard rate is the
likelihood that an event will occur at a certain time point. Mathematically, the hazard rate is the instantaneous risk that an
event will occur at time t given that a subject has survived to time t. For example, given that the hazard rate for the death of
a person is 0.04, she will be expected to live another 25 (1/0.04) years.

In this study, there are two related goals of the survival analysis. One is to identify adopter categories. A second is to
determine factors that influence the aggregate observed adoption behavior of the technology of a country over time. A
pattern of influential factors can be obtained by iteratively estimating factors that influence adoption decisions. In
particular, an event is defined in terms of when a criterion percentage of cumulative penetration of digital wireless phones
(e.g., 1%, 2%, 3%, etc.) is reached in a country. A survival model is first evaluated using the cumulated penetration of 1% to
establish events for all sampled countries. The model is reevaluated by increasing the cumulative penetration by 1% until
no meaningful and reliable results were obtained—and hence the use of the term iterative survival analysis. The data set
involves observations from 46 countries overall.

The generic form of the survival model can be written as hi(t) ¼ d0(t)eXb. The model indicates that the hazard for the
extent of cumulative penetration of interest, h, for country i at time t is the product of the baseline hazard, d0(t), and a linear
function of a vector X of covariates and their parameters b. Exponential model, the Gompertz model, and the Weibull model
are the three widely used functions for the baseline hazard. The Weibull hazard d0(t) ¼ alta�1 has a functional form that is
more consistent with the S-curve analysis for technology adoption used in this study.

5.4. Iterative survival analysis results

The Weibull survival analysis was iteratively analyzed by using a 1% incremental cumulative digital wireless phone
penetration (1%, 2%, 3%, etc.) as events of interest. The data on digital wireless phones are from 46 developed and
developing countries. The nine covariates are economic factors (GNP_INTER), digital wireless phone industry factors
(DIG_PEN, DIG_OP, DIG_PRICE), analog wireless phone industry factors (ANA_PEN, ANA_OP), and institutional factors
(STD_POL, ANA_STD, DIG_STD). The results demonstrated reasonably good fit, with fairly reliable estimates of the model
parameters from 1% up to 30% of the cumulative digital wireless phone penetration. This kind of analysis is generally
referred to in the literature as empirical regularities analysis. Leading economists have argued that empirical regularities
analysis is an appropriate method to employ in the development of new theory (Klepper, 1996; Smith, 1994).

Tables 9 and 10 present the Weibull model iterative survival analysis results. Table 9 presents the estimated hazard
ratios, and highlights the different estimated adopter category cumulative adoption distribution cutoffs. Table 10 presents
the parameter estimates, and also highlights the estimated adopter category cutoffs, as well as the associated adoption
decision drivers. The thirty estimated models have likelihood ratio tests ranging from 27.28 to 62.34, and indicate high
significance (po0.01) and good fit. The estimated parameters illustrate the dynamism of the diffusion process, and support
the prediction that different factors are important in adoption decisions across the different empirically established
adopter categories that characterize the data. Table 11 presents the average estimated hazard ratios of the influential
factors on adoption decisions across the four adopter groups.

An interesting outcome of the iterative survival analysis results suggests that the adopter categories of digital wireless
phone technology for this study’s data set do not follow those suggested by Rogers’ diffusion of innovation theory. The
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Table 9
Hazard ratio results: events occurring in the 1–30% band of cumulative digital wireless phone penetration.

Cum. pen. (%) Countries Events Hazard ratio

GNP_INTER DIG_PEN DIG_OP DIG_STD ANA_PEN ANA_OP ANA_STD STD_POL DIG_PRICE

1 46 39 1.000104*** 0.996 1.080 0.976 1.064 0.491** 2.700* 1.065 0.998
2 39 35 1.000096*** 1.090 1.287 0.208* 1.171*** 0.347** 1.581 0.807 0.993
3 35 34 1.000101*** 1.199*** 1.164 0.032*** 1.225*** 0.472* 1.788 0.613 1.006

4 34 33 1.000086*** 1.185*** 1.177 0.040*** 1.254*** 0.418* 1.279 0.307 0.987

5 33 32 1.000097*** 1.142*** 1.024 0.179** 1.140*** 0.691 0.974 0.662 0.976

6 32 32 1.000078** 1.160*** 1.262 0.160** 1.163*** 0.456 1.625 0.517 0.991

7 32 32 1.000077** 1.188*** 1.246 0.126** 1.216*** 0.430* 1.860 0.377 0.982

8 32 32 1.000080*** 1.242*** 1.090 0.141** 1.143** 0.398* 1.953 0.495 0.987

9 32 32 1.000106*** 1.187*** 1.026 0.212* 1.097 0.475 2.730* 0.485 0.985

10 32 32 1.000042 1.153*** 0.924 0.373 1.131* 0.830 0.872 0.523 0.982
11 32 32 1.000014 1.191*** 0.873 0.281 1.187** 0.925 1.029 0.448 0.993
12 30 30 0.999989 1.353*** 0.520** 0.602 1.171** 1.819 0.625 0.861 1.000
13 30 28 0.999989 1.364*** 0.522** 0.569 1.219*** 0.753 1.463 0.625 1.032
14 28 28 0.999989 1.364*** 0.522** 0.569 1.219*** 0.753 1.463 0.625 1.032
15 28 28 0.999985 1.314*** 0.917 0.651 1.056 0.651 0.920 0.408 0.980
16 28 26 1.000086** 1.163*** 0.864 0.280 1.069 0.065*** 1.168 0.320 0.992

17 26 26 1.000059 1.154*** 0.752 0.641 1.089 0.152** 1.419 0.230* 0.995

18 26 26 1.000058 1.171*** 0.724 0.900 0.999 0.061*** 1.673 0.267* 0.952***

19 26 26 1.000040 1.169*** 0.768 1.306 1.000 0.109*** 2.147 0.394 0.980

20 26 25 1.000065 1.232*** 0.818 1.469 1.000 0.203* 2.913 0.802 0.975

21 25 25 1.000072 1.149*** 0.730 0.451 1.001 0.035*** 3.911* 0.319 0.991

22 25 25 1.000058 1.157*** 0.653 1.304 1.001 0.024*** 2.661 1.351 0.993

23 25 24 1.000012 1.112*** 0.828 0.845 1.001 0.102** 2.633 0.477 0.796***

24 24 24 1.000001 1.100*** 1.088 0.470 1.001 0.025*** 2.260 0.276 0.997***

25 24 24 1.000001 1.100*** 1.088 0.470 1.001 0.025*** 2.260 0.276 0.997***

26 24 24 1.000001 1.100*** 1.088 0.470 1.001 0.025*** 2.260 0.276 0.997***

27 24 24 1.000001 1.100*** 1.088 0.470 1.001 0.025*** 2.260 0.276 0.997***

28 24 23 0.999989 1.119*** 1.338 0.396 1.002 0.082* 2.268 0.306 0.989

29 23 21 1.000094 1.099*** 0.772 0.494 1.002* 0.890 2.615 0.150* 0.995

30 21 20 0.999969 1.196*** 1.296 1.222 1.004** 0.352 6.052 0.146 0.995

Notes: Thirty Weibull survival models were fitted to the digital wireless phone panel data from 46 developed and developing countries. In the first model,

an event was defined as the 1% cumulative digital wireless phone penetration. In the subsequent models, events were defined by 1% increments of

cumulative digital wireless phone penetration (2%, 3%, etc.). The likelihood ratio tests range from 27.28 to 62.34 with high significance (po0.01), which

suggest a good fit. The evaluation of the patterns of significant drivers of adoption decisions suggests four adopter categories (highlighted in alternative

white and gray shading). The four adopter categories are innovators (the first 2% of adopters), early adopters (the next 7% of adopters), breakthrough

adopters (the next 6% of adopters), and mainstream adopters (the next 15% of adopters. The hazard ratio eb corresponds to the effect of a one-unit increase

of a covariate on the hazard rate. For example, the hazard ratio of ANA_OP in the first model (1% cumulative penetration) is 0.491. This means that the

hazard rate to reach 1% cumulative digital wireless phone penetration decreases by 50.9% when there is an additional analog wireless phone operator in

the market.

R.J. Kauffman, A.A. Techatassanasoontorn / Telecommunications Policy 33 (2009) 432–450444
patterns of the estimated coefficients suggest just four adopter categories, with different factors observed to influence
decisions to adopt digital wireless phones (see Table 11).

The first adopter category is innovators, who are the first 2% of adopters. Wealth is a positive driver and the extent of
competition from analog technology seems to create some frictions in adoption. A 1% increase in income will increase the
average hazard rate of 1% greater adoption by 0.01%. Similarly, one more analog wireless phone operator in a wireless
phone market will decrease the average hazard rate for 1% greater adoption by 58%. This adopter category maps directly to
Rogers’ innovator adopter category in terms of the relative size of the group and their adoption behavior. Innovators are
likely to be risk takers and more affluent than other adopters. Generally, the cost to use technology is not an adoption
barrier for them (Brown & Venkatesh, 2003; Rogers, 2003).

Rogers (2003) referred to the second group of adopters as early adopters, the next 13.5% who adopt a technology after
the first 2.5%, the innovators. However, the survival analysis modeling results suggest a finer classification of adopter
categories. The second adopter category is the early adopters or the next 7% who adopt the technology after the innovators.
Wealth, the extent of its own-externalities, and cross-externalities from analog technology seem to drive adoption in this
instance. In particular, a 1% increase in income increases the hazard rate for 1% greater adoption by 0.009%. A 1% increase in
digital wireless phone penetration, in this case, will increase the hazard rate for an additional 1% adoption by 19%. Similarly,
a 1% increase in analog wireless phone penetration will increase the average hazard rate for 1% more adoption by 18%.
However, there are a few barriers. They include the impacts of whether multiple digital standards are in use and whether
there is a high degree of competition from analog phone operators. An additional digital wireless phone standard will
decrease the average hazard rate to add another 1% adoption by as high as 87%. Also, an additional analog wireless phone
operator will decrease the hazard rate for 1% greater adoption of digital wireless phones by 52%. Although a large number
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Table 10
Coefficient results: events occurring in the 1–30% band of cumulative digital wireless phone penetration.

Cum. pen. (%) Countries Events Coefficient

GNP_INTER DIG_PEN DIG_OP DIG_STD ANA_PEN ANA_OP ANA_STD STD_POL DIG_PRICE

1 46 39 0.000104*** �0.004 0.077 �0.025 0.062 �0.712** 0.993* 0.063 �0.002

2 39 35 0.000096*** 0.086 0.252 �1.573* 0.158*** �1.059** 0.458 �0.214 �0.007

3 35 34 0.000101*** 0.182*** 0.152 �3.442*** 0.203*** �0.750* 0.581 �0.490 0.006

4 34 33 0.000086*** 0.170*** 0.163 �3.216*** 0.226*** �0.872* 0.246 �1.182 �0.013

5 33 32 0.000098*** 0.132*** 0.023 �1.718** 0.131*** �0.370 �0.026 �0.412 �0.025

6 32 32 0.000076** 0.149*** 0.233 �1.834** 0.151*** �0.786 0.486 �0.660 �0.009

7 32 32 0.000077** 0.172*** 0.220 �2.068** 0.195*** �0.845* 0.621 �0.976 �0.019

8 32 32 0.000081*** 0.217*** 0.086 �1.957** 0.134** �0.920* 0.669 �0.704 �0.013

9 32 32 0.000106*** 0.171*** 0.025 �1.552* 0.092 �0.744 1.004* �0.723 �0.015

10 32 32 0.000042 0.142*** �0.079 �0.986 0.123* �0.186 �0.137 �0.649 �0.018

11 32 32 0.000014 0.175*** �0.136 �1.268 0.171** �0.078 0.029 �0.804 �0.007

12 30 30 �0.000011 0.302*** �0.654** �0.507 0.158** 0.598 �0.470 �0.149 0.000

13 30 28 �0.000011 0.310*** �0.650** �0.564 0.198*** �0.284 0.380 �0.470 0.031

14 28 28 �0.000011 0.310*** �0.650** �0.564 0.198*** �0.284 0.380 �0.470 0.031

15 28 28 �0.000016 0.273*** �0.087 �0.429 0.055 �0.429 �0.083 �0.897 �0.020

16 28 26 0.000086** 0.151*** �0.146 �1.274 0.067 �2.731*** 0.155 �1.139 �0.008
17 26 26 0.000059 0.143*** �0.284 �0.444 0.085 �1.884** 0.350 �1.468* �0.005
18 26 26 0.000058 0.158*** �0.323 �0.106 �0.001 �2.794*** 0.515 �1.319* �0.049***

19 26 26 0.000040 0.156*** �0.264 0.267 0.000 �2.214*** 0.764 �0.932 �0.020
20 26 25 0.000065 0.209*** �0.201 0.385 0.000 �1.592* 1.069 �0.220 �0.025
21 25 25 0.000072 0.139*** �0.315 �0.795 0.001 �3.355*** 1.364* �1.144 �0.009
22 25 25 0.000058 0.146*** �0.426 0.265 0.001 �3.741*** 0.979 0.300 �0.007
23 25 24 0.000012 0.106*** �0.188 �0.168 0.001 �2.278** 0.968 �0.741 �0.228***

24 24 24 0.000001 0.095*** 0.084 �0.755 0.001 �6.101*** 0.815 �1.286 �0.215***

25 24 24 0.000001 0.095*** 0.084 �0.755 0.001 �3.687*** 0.815 �1.286 �0.003***

26 24 24 0.000001 0.095*** 0.084 �0.755 0.001 �3.687*** 0.815 �1.286 �0.003***

27 24 24 0.000001 0.095*** 0.084 �0.755 0.001 �3.687*** 0.815 �1.286 �0.003***

28 24 23 �0.000011 0.112*** 0.291 �0.926 0.002 �2.503* 0.819 �1.185 �0.011
29 23 21 0.000094 0.095*** �0.259 �0.705 0.002* �0.116 0.961 �1.894* �0.005
30 21 20 �0.000031 0.179*** 0.259 0.201 0.004** �1.045 1.800 �1.927 �0.005

Notes: Thirty Weibull survival models were fitted to the digital wireless phone panel data from 46 developed and developing countries. A significant and

positive sign of an estimated b coefficient means the covariate is a positive driver of adoption. A significant and negative sign means the covariate is a

negative driver. For the innovator adopter category, the positive driver is GNP_INTER and the negative driver is ANA_OP. For early adopters, the positive

drivers are GNP_INTER, DIG_PEN, and ANA_PEN and the negative drivers are DIG_STD and ANA_OP. For the breakthrough adopters, the positive drivers are

DIG_PEN and ANA_PEN and the negative driver is DIG_OP. Finally, for the mainstream adopters, the positive driver is DIG_PEN and the negative drivers are

ANA_OP and DIG_PRICE.

Table 11
Adopter categories and factors influencing adoption decisions.

Adopter categories Definitions Drivers Average hazard ratio

Innovators From introduction to 2% cumulative penetration Wealth 1.0001

Low analog competition 0.42

Early adopters From 3% to 9% cumulative penetration Wealth 1.00009

Own-externalities 1.19

Cross-externalities from analog technology 1.18

Small number of digital standards 0.13

Low analog competition 0.48

Breakthrough adopters From 10% to 15% cumulative penetration Own-externalities 1.29

Cross-externalities from analog technology 1.16

Small number of digital operators 0.71

Mainstream adopters From 16% to 30% cumulative penetration Own-externalities 1.14

Low analog competition 0.15

Low digital service price 0.98
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of standards appear to be a barrier to adoption across almost all of the adopter categories, the influence of the number of
standards appears to be more salient for the early adopter category. So this particular adopter category is critical for the
successful diffusion of digital wireless phones. According to diffusion of innovation theory, this is because this group of
adopters is often referred to as opinion leaders. Thus, they are likely to have a strong influence on those who adopt later.
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The third adopter category is breakthrough adopters, the next 6% of adopters. Some drivers for this group of adopters
include their own-externalities, cross-externalities from analog technology, and the concentration of competition from
phone operators. A 1% increase in digital wireless phone penetration will increase the average hazard rate for 1% more
adoption by 29%. Also, a 1% increase in analog wireless phone penetration will increase the hazard rate for an additional 1%
adoption of digital wireless phones by 16%. On the other hand, an additional digital wireless phone operator will decrease it
by 29%. In other words, higher competition from a large number of digital operators inhibits adoption for these adopters.
The surprising effect of competition on adoption decisions observed here – the opposite of what is typically expected – may
be the result of the product differentiation strategies to capture operator-specific network effects by service operators
(Choi et al., 2001; Iimi, 2005). Product differentiation strategies may include value-added functionality (e.g., e-mail access,
Internet access) and billing structures (e.g., contract length, friends and family discounts, weekday and weekend call
discounts).

The fourth technology adopter category is the group of mainstream adopters, the next 15% of adopters. The extent of
digital wireless phone penetration is a positive driver, while the extent of analog technology competition reflected by a
large number of operators and high digital wireless phone service prices seem to be diffusion inhibitors. A 1% increase in
digital wireless phone penetration will increase the average hazard rate for 1% more adoption by 14%. In contrast, an
additional analog wireless phone operator will decrease it by 85%. Also, a 1% increase in digital wireless phone service price
will decrease the likelihood of another 1% adoption by 2%. These factors seem reasonable. This is because later adopters are
likely to be price sensitive and skeptical about how a new innovation like digital technology will increase their benefits
beyond what analog technology already has been offering them.

It is important to emphasize to the reader that the empirical regularities analysis using iterative survival analysis
stopped at 30% of cumulative penetration. Thus there are likely to be more adopter categories for digital wireless phones
that the data and results do not permit this study to fully characterize.

In summary, the empirical regularities results suggest that the adopter categories for digital wireless phones are
somewhat more dynamic and varied than those suggested by Rogers’ adopter categories. However, some of the general
characterizations associated with his adopter categories are in line with this study’s findings about adopter characteristics
and their adoption decisions in the context of digital wireless phone technology diffusion.
6. Discussion and conclusion

This section discusses the theoretical and empirical contributions of this research, its managerial and policy-making
implications, and the limitations that might be addressed differently in future research.
6.1. Primary theoretical and empirical contributions

This study used a two-step analytical approach to identify digital wireless phone adopter categories and the various
factors that influence their adoption decisions. The first analysis evaluated the underlying diffusion process for digital
wireless phones by fitting various diffusion models to annual subscriber data from nineteen countries. The results strongly
suggest that diffusion process of digital wireless phones did not follow a normal distribution. As a result, the associated
digital wireless phone adopter categories did not directly match with those identified in Rogers (2003)’s diffusion of
innovation theory, which posited a normal distribution for adoption over time.

The second analysis employed iterative survival analysis to identify the drivers that influence observed patterns of
adoption behaviors. This analysis also permitted the authors to classify some adopter categories that are unique to the data,
but that also generalize to other adoption decision-making and technology diffusion settings. The results suggested four
adopter categories: innovators (the first 2% of adopters), early adopters (the next 7% of adopters), breakthrough adopters (the
next 6% of adopters), and mainstream adopters (the next 15% of adopters). More importantly, the factors that influence
adoption behavior across these four adopter categories appear to vary in content and importance. This constitutes new
managerial knowledge for this technology diffusion context, and an observation that is worth assessing in other
telecommunication and technology diffusion contexts.

The results of this study are consistent with some of the past theoretical predictions and empirical findings of diffusion
of innovation research. They also reemphasized the findings from previous research that adopter characteristics (e.g.,
income, price sensitivity) and social influence seem to have an impact on technology adoption decisions. In particular, early
digital wireless phone adopters typically have been wealthier than the later adopters. Later adopters, for their part, have
considered the high service prices to be barriers to adoption. The results further suggest that social influence (e.g., friends,
family, total number of other adopters) seems to play an important role in later adopters’ decisions. This is because these
adopters often expect to wait and see when a technological innovation has become well established in the market (Brown &
Venkatesh, 2003; Rogers, 2003). By the same token, social influence was significant in adoption decision making for both
early and later adopters of digital wireless phones. This effect is supported by Birke and Swann (2006)’s finding that an
adopter’s choice of wireless phone operator is influenced by both an operators’ total number of subscribers and the
operator choices of other household members—with a stronger influence emanating from the latter.
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Consistent with findings established in other wireless phone studies (Gruber & Verboven, 2001b; Liikanen et al., 2004),
this research found no evidence of a lock-in effect into the older generation of analog technology. Apparently the diffusion
of analog technology did not slow down or hold up the diffusion of digital wireless phones. In contrast, the high penetration
rate of analog technology appears to have increased the demand for the newer digital technology. It may have actually sped
up its diffusion. It is possible that the presence of more analog wireless phone adopters in a country means better-informed
users, who are more familiar with the technology (Geroski, 2000). From the standards perspective, similar to previous
findings in the literature (Gruber & Verboven, 2001b; Koski & Kretschmer, 2005; Rouvinen, 2006), standardization of digital
wireless phones seems to promote technology diffusion by triggering the adoption decisions of the early adopter group.
This may be because standardization is an antecedent to broader technological compatibility, which in turn increases the
perceived value of wireless phone services among potential subscribers.

The theoretical perspective and findings presented here have implications for diffusion of innovation research in
general, and diffusion and adoption of wireless phones in particular. Despite the theoretical and methodological concerns
raised by a number of researchers regarding the adopter categories of Rogers (2003), few studies have attempted to
rigorously validate whether the underlying assumption of a normal adopter distribution is valid. Nor have there been that
many efforts made to develop appropriate analytical methods to identify adopter categories that may not be reflected by a
normal distribution of adopters. In addition, beyond the general explanation of the degree of innovativeness of the adopters,
very little is known about adoption behavior across the different adopter categories.

Meade and Islam (2006), in their extensive review of diffusion of innovation research, argued that although the body of
diffusion research is extensive, only a few of the key research questions have been satisfactorily resolved. This is because
the diffusion of innovation process is complex. It also involves a large number of individual decisions. The present research
has attempted to address some of these critiques, and so the reader should recognize that this work is a response to the
wide call for research to provide a deeper understanding of adoption decision-making behavior. The two-step analytical
approach provides a rigorous theory-based framework that can be applied across various kinds of technological and non-
technological innovations. It can be used to evaluate the underlying diffusion process, and on the basis of the results that
are obtained, determine what it may take to further identify distinct adopter categories. This, as a consequence, will lead to
greater capability to determine the varying factors that may affect adoption decision making across the different adopter
categories.

Another contribution of this study is the development of a rich set of factors – including economic factors, industry
factors, and institutional factors – through the integration of four related streams of literature. These include the literature
on the diffusion of innovation, the diffusion of successive generations of innovation, network effects, and institutional
effects. In combination with one another, these factors offer the basis for a theoretical model that can be applied to study
the diffusion process and adoption behaviors of other innovations, such as 3G wireless phones, fixed broadband services,
and wireless data services.

6.2. Managerial and policy implications

This research has important managerial and policy implications. Classifying adopters into distinct categories allows
wireless phone operators and service providers to focus marketing efforts and develop appropriate pricing and non-pricing
strategies that are the most salient to the targeted adopter category.

This study offers at least three managerial insights for wireless phone operators and service providers to successfully
secure users across the adopter categories: aggressive strategies to build early strong user base, attractive service packages
to gain market share from the previous generation users, and dynamic strategies to support adopter needs.

6.2.1. Aggressive strategies to build an early and strong user base

The finding regarding the strong influence of network effects on adoption decisions across most adopter categories
during the early diffusion process provides interesting insights for operators. Previous research found consistent empirical
evidence of high switching costs in the digital wireless phone markets (Gruber & Verboven, 2001b; Koski & Kretschmer,
2005). Therefore, it is important for operators to use aggressive product and marketing strategies to build up a large
installed base as early as possible. A large user base allows operators to benefit from greater market power in future stages
of diffusion. Operators may also use a combination of pricing strategies (e.g., handset subsidies, long-term contracts, family
and friend discounts, and intra-network service discounts) and non-pricing strategies (e.g., value-added functions, service
quality signaling), as well as aggressive advertising campaigns to build up early market share.

6.2.2. Attractive service packages to gain market share from the previous generation users

Network effects from the analog wireless phones show strong influence on digital wireless phone adoption behaviors.
Recognizing this finding in conjunction with the earlier evidence of the lack of a lock-in effect with the less efficient analog
system (Gruber & Verboven, 2001b; Liikanen et al., 2004), operators may find it relatively easy to attract these previous
generation users to the newer and improved services offered in the digital generation. This is because these users are
already familiar with wireless phones in general. Strategies that highlight improved service quality, enhanced
functionalities, and comparative price per performance may help persuade these users to switch to the digital technology.
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6.2.3. Dynamic strategies to support adopter needs

During the early diffusion of digital wireless phones, there are four major adopter categories (innovators, early adopters,
breakthrough adopters, and mainstream adopters). Closer examination of influential drivers of adoption decisions suggests
that these four adopter categories appear to have different needs for digital wireless phone services. The innovators with
relatively high incomes are the risk takers. They are interested in innovative services that advanced digital technology can
offer. Standardization is one of the major drivers of the early adopters’ decisions. This evidence suggests that early adopters
are attracted by different kinds of compatibilities. Since competition among digital wireless phone operators does not
promote adoption among the breakthrough adopters, this suggests that this group of adopters is more interested in product
and quality differentiation (e.g., value-added functions, billing structures, call quality) offered by specific operators. Finally,
the mainstream adopters are price sensitive; therefore service packages with discounts or pre-paid and alternative low-
priced contracts ought to work well with these users.

From a policy perspective, then, standardization and market structure policies – and particularly those that promote
price competition – should be emphasized.
6.2.4. Standardization policy

The results suggest that standardization policy, at least during the early diffusion period, increases the adoption of
digital wireless phones. Standardization offers benefits to both consumers and producers (Farrell & Saloner, 1985; Gandal et
al., 2003; Gruber & Verboven, 2001b; Kauffman & Techatassanasoontorn, 2005a; Koski & Kretschmer, 2005). First, relative
to competing standards, a single standard reduces confusion and uncertainty among consumers and tends to help them
realize the benefits from direct network externalities faster. As a result, consumers can reap more value by connecting to
others in a compatible network. Second, due to the benefits of indirect network externalities, complementary goods and
services (e.g., applications, accessories) are cheaper and more widely available at perhaps lower prices. Third, adopting a
single standard provides larger economies of scale in handset and network infrastructure equipment production. Note that
the findings from several studies (e.g., Kauffman & Techatassanasoontorn, 2005b; Rouvinen, 2006) suggest that
competition between standards had stronger negative impacts on diffusion in developing countries than in developed
countries. Such evidence strongly emphasizes the role of standardization policy for digital wireless phones in promoting
adoptions in developing countries.
6.2.5. Market structure policy

The strong network effects in digital wireless phone markets have the potential to allow some operators to develop
significant market power, which may lead to anti-competitive practices. For example, network effects are viewed as a
reason for high termination charges and high costs of between-network calls (Birke & Swann, 2006). Price regulation that
requires an operator with a leading market share to get an official approval from a regulatory agency to change its tariff
may help address the anti-competitive concern (Choi et al., 2001).
6.3. Limitations and future research

There are a few limitations in this research. The first relates to the data. A few of the countries (e.g., Western European
countries) adopted digital wireless phones in the early 1990s, while several others – particularly those in Africa – began to
adopt only in the late 1990s. The short time series of digital wireless phone subscribers that are available prevented the
inclusion of these later-adopting countries of digital technology in this study. Thus, in the coming years as more data for the
later adopters becomes increasingly available, it will be interesting to revisit the present group of countries included in this
study and to include others, which may help to refine the knowledge of adopter distributions, the nature of the adopter
categories, and the extent to which the drivers of the categories identified are stable over time.

Similar to previous international wireless phone studies (e.g., Dekimpe et al., 1998; Liikanen et al., 2004; Rouvinen,
2006), this study also faces the problem of missing values for several key variables. Following the guideline suggested by
Dekimpe et al. (1998), this study used three criteria in the selection of the explanatory variables. (1) They needed to have
strong theoretical support from prior research and practice. (2) They had to have direct relevance to managerial concerns
and policy making. And (3), there needed to be sufficient data available to make it possible to complement the empirical
findings of this research with a basis for meaningful new knowledge. The next limitation relates to the interpretation
of the results obtained from the analysis. Note that this study has used the number of subscribers to measure the extent of
digital wireless phone adoption penetration. Such statistics may not accurately reflect the extent of wireless phone
adoption in some countries, especially the developing countries, for example. Recently, a number of organizations such as
the UN, Microsoft, and the Grameen Phone organization have been promoting community use of IT, including PCs, the
Internet, and wireless phones. As a result, one wireless phone subscription may be shared among several members
of a community or in some cases an entire village. As a result, officially published subscriber statistics probably reflect
more conservative estimates of the extent of wireless phone adoption in some developing countries. There is just no
mechanism available to capture all of the relevant adoption information. This limitation is not a concern with the validity of
the results though.
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