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Abstract. The convergence of the Internet, electronic commerce, and wireless technology has created the
basis for the rapid global diffusion of mobile commerce. We believe that one approach to understand
mobile commerce diffusion is to study the diffusion of digital mobile devices required in mobile commerce
activities. Although prior research in technology diffusion has identified a set of variables that affect the
entire diffusion process, our knowledge about the factors that dominate at different states of a diffusion
process is still incomplete. This research puts forward a new theoretical perspective to enable managers to
better understand the states of technology diffusion in the context of digital mobile phones. Our empirical
methods involve a coupled-hazard analysis of an interdependent event model to test the effects of country
characteristics, the digital and the analog mobile phone industry characteristics, and the regulatory policies on
various states of digital mobile phone diffusion across countries. We conduct non-parametric and parametric
survival analysis of the model. The results illustrate a broader set of factors that drive the diffusion speed
from the early to the partial diffusion state than from the introduction to the early diffusion state.
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The convergence of two of the fastest growing industries, the Internet and mobile com-
munications, has led to the creation of an emerging market for mobile commerce (m-
commerce). Although the m-commerce market currently is in its initial stage of develop-
ment, most observers predict that a critical mass of business and individual users will be
reached very rapidly. For example, an article in BusinessWeek Online reported that Inter-
national Data Corporation (IDC) has suggested that the market for m-commerce-related
services will reach $21 billion by 2004 [2].

Since m-commerce (also called wireless commerce, or mobile e-commerce) is a
fairly new phenomenon, several definitions exist in the academic and practitioner litera-
tures. Tarasewich et al. ([48], p. 42), for example, define m-commerce as “all activities
related to a (potential) commercial transaction conducted through communications net-
works that interface with wireless devices.” We find that Tarasewich et al.’s definition
is too broad and may include the use of wireless devices (e.g., mobile phones) for
voice communication. Another definition has been attributed to Forrester Research, and

∗ Professor and Director, MIS Research Center.
† Corresponding author (Doctoral Program).



254 KAUFFMAN AND TECHATASSANASOONTORN

defines m-commerce as “the use of handheld wireless devices to communicate, interact,
and transact via high-speed connection to the Internet” ([45], p. 2). This definition is
unsatisfactory, too; it may exclude mobile transactions (e.g., short message service) that
are conducted via vendor private networks.

Our definition stands in contrast to these. It emphasizes three elements of m-
commerce: a range of activities, devices, and network types. In our research, we will
define m-commerce as all electronic transactions (e.g., communication, interaction, pur-
chase, payment) that use data-enabled wireless device connections to the Internet or to
a vendor’s private networks.

The extent of the diffusion of m-commerce activities in a country is typically related
to the number of mobile phones, which accounted for more than 97% of the worldwide
mobile device market in 2000 [8]. There are different patterns of mobile phone diffusion
in different countries. In particular, some countries (e.g., Finland, Japan, Korea and Hong
Kong) evidence a rapid increase in mobile phone penetration, while others (e.g., India, the
United States) have seen a more gradual increases in mobile phone penetration. Observers
point to anecdotal evidence to make claims about the disparate factors that may drive the
growth of mobile phone adoption and usage in different countries. The Gartner Group
argues that the unique characteristics of Japanese culture, low PC penetration, and high
cost of fixed phone line access charges provided the basis for the phenomenal growth of
Japan’s mobile phone users, which reached 48% of the population in March 2001 [13].
Similarly, the business press claims that the strong pan-European regulatory policy in
support of a uniform Global System for Mobile (GSM) communications standard has
been instrumental in the growth and penetration of mobile phones in several European
countries (e.g., [2,44]).

These and other observations of fast growth and industry uncertainties call for an
empirical study to systematically examine factors that influence the digital mobile phone
diffusion process in different parts of the world. Although prior research on information
technology (IT) diffusion has identified a set of variables that affect the entire diffusion
process, it has not yet provided a full understanding of the dominant influences in different
states of the diffusion process.

The specific research questions that we address in this research are as follows:

• What factors influence diffusion rates for digital mobile phones in various countries?

• What are the key drivers at different states of the digital mobile phone diffusion
process?

• What kind of modeling approach is appropriate to be able to characterize the different
states of diffusion? How can this support our understanding of the overall process?

We will employ a number of theoretical perspectives to create a more in-depth
understanding of how to think about and explain why we observe different rates of
diffusion internationally in digital mobile technology penetration. They include the de-
scriptive theory of the diffusion of innovation from Marketing and Information Systems
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(IS) research that is associated with the work of Rogers [41]. We also consider other
theory that is external to the technology. Others, such as Bass [1], provide more ex-
planatory theory including economic, social, cross-cultural, political and policy-driven
factors. We also consider the important role of network externalities [25], and the
extent to which competition among standards and other related factors affect global
diffusion.

Duration modeling econometrics techniques are increasingly recognized within the
field of Information Systems (IS) as useful alternatives to ordinary least squares (OLS)
multivariate regression modeling and other methods (e.g., [27,28]). The unique aspect
of these methods is that dependent variables that reflect the likelihood or observation of
specific events that occur in the study environment are associated with time to completion,
failure, death, cessation of disease or other related outcomes. These methods are useful in
the IS context because there are many settings in which one can make analogies between
these kinds of events and what is observed or likely to occur. These include things such
as the completion of a project, “pulling the plug” on a system that has been maintained
for a long time, observing departures and separations among people in an IS workforce,
or the adoption of a technology by firms in the market.

Specifically, we will use the non-parametric Kaplan-Meier estimator method [24] to
characterize the hazard rates for the transitions from state-to-state in mobile technology
adoption, and the parametric proportional hazard model [7] to test the effects of the
covariates in our model on the diffusion rates of digital mobile phones. With reference
to the terms “non-parametric” and “parametric,” it is worthwhile to point out to the
reader at the outset in this paper that each of these approaches places somewhat different
information requirements on the data collection. They also offer different degrees of
precision with respect to what we can learn about what drives movement to different
diffusion states and the transition rates between them. We will consider both the strengths
and the limitations associated with these approaches in this research, as we present and
interpret the results.

Our empirical results illustrate that there are different factors that influence the
diffusion rates of digital mobile phones at various states of the diffusion process. In
particular, there are relatively fewer drivers during the early diffusion phase than dur-
ing the partial diffusion phase. We found that higher digital mobile phone penetration,
and concentration with respect to digital mobile phone standards speed up the diffu-
sion process across the two diffusion states. In addition, countries that have higher
GNP per capita and higher analog mobile phone penetration are likely to achieve faster
adoption in the early diffusion state. We also found that higher competition in the dig-
ital mobile phone industry, measured in terms of the high number of operators and
the low service prices, tend to accelerate the diffusion process during the partial dif-
fusion state. In contrast, the high number of analog mobile phone operators slows
down the diffusion process. In addition, countries that employ regional licensing policy
achieve the partial diffusion state faster than those that use national or hybrid licensing
policy.
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1. Theoretical foundations

We review relevant concepts in the innovation diffusion, network externalities, and dif-
fusion policy literatures that will support the modeling framework that we will develop
for the present research.

1.1. Diffusion of innovation

Innovation generally follows an S-shaped curve of adoption. The adoption starts off
slowly with few adopters, then rises quickly as more and more users adopt an innovation,
and finally levels off towards the end of the diffusion process [41]. Adopters can be
classified according to their timing of adoption into five groups. Innovators are the first
2.5% of adopters. Early adopters are the next 13.5% of adopters, followed by 34%
each of early majority and late majority. Finally, laggards are the last 16% to adopt.
The differential rates of adoption and groups of adopters suggest natural states of the
diffusion process and imply the different factors that drive the diffusion process.

This view of innovation as consisting of a sequence of interdependent stages is not
altogether new. Earlier, Kwon and Zmud [32] proposed a six-stage model for the organi-
zation innovation implementation process: initiation, adoption, adaptation, acceptance,
use, and incorporation. Later, Cooper and Zmud [6] included post-adoption behaviors
into the model and renamed the last two phases as routinization and infusion. In addition,
their empirical evaluation of factors that affect the adoption and infusion stages of man-
ufacturing applications implementation confirms that certain factors produce different
effects in different diffusion stages. In other words, a variable that influences an earlier
stage may show little or no effect on later stages or vice versa. Rogers [41] proposed
two-stage models for the innovation development and the innovation decision processes.
The former consists of steps that begin with identification of some need or problem
recognition, through research and development, commercialization and diffusion of an
innovation, and finally the consequences of an innovation. The latter consists of knowl-
edge, persuasion, decision, implementation, and confirmation. Again, these two models
suggest that we should expect different factors across various phases of the process to
drive diffusion. The most important implication from this stream of research on diffusion
at the national level is that viewing diffusion as a multi-stage process gives a broader
perspective of the diffusion process and allows us to isolate important factors at one stage
from others that may occur at another stage.

Although there are very few international diffusion studies that focus on finding
significant factors at different diffusion states, it is worthwhile to review a list of factors
that previous studies in Marketing and IS have used. Many studies of international product
diffusion across countries in Marketing use the diffusion model of Bass [1]. These studies
typically report the influence of country characteristics [11,16,46], the timing of product
introduction [46], and word-of-mouth effects [47] on the speed and diffusion patterns
of products across countries. In addition, the latter two papers find that word-of-mouth
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effects are much stronger in developing countries than they are in developed countries.
Studies in the IS field also report the influence of existing users [18], and other external
forces [39] such as government institutions, rapid technological development, increased
availability of tools and resources on the diffusion of BITNET and the Internet. Table 1
summarizes representative studies in IS and Marketing that examine factors that affect
diffusion speed of various innovations (see Table 1).

However, we note that there are gaps in the existing literature. First, most of the rel-
evant research in Marketing tends to focus on consumer products such as air conditioners,
washing machines, and calculators. Whether similar findings will hold for IT-oriented
products and services is yet to be empirically evaluated. Second, most studies have iden-
tified a set of variables that affect the entire diffusion process. They do not isolate the
dominating factors at different states of the technology diffusion process. We believe
this to be critical in the context of digital mobile phones, due to the interdependent pre-
conditions that are present and likely to determine movement from state to state in the
adoption process for a country and its industries and firms.

Technology-based product development is characterized by the sequential emer-
gence of multiple generations. Typically, the newer generations of the technology tend to
be more efficient, creating more interesting value propositions for potential adopters, and
supplanting the prior generations. This is true in the m-commerce and mobile commu-
nications context. The diffusion of successive generations of a technology encompasses
two effects: diffusion effects and substitution effects [38]. Diffusion effects character-
ize how a technology is adopted over time. Substitution effects characterize how a new
technology replaces an earlier technology over time. The installed base of an earlier
generation of technology is known to have a positive impact on the diffusion of a later
generation of technology [22]. In addition, we know that incorporating the impact of
prices in a model of the diffusion of two generations of mobile telephones provides
important explanatory information. Danaher et al. [9] report that lower prices of earlier
generation mobile telephones have increased service subscription rates supported by later
generation technologies.

1.2. Network externalities

Communication technologies are subject to consumption network externalities, where
the utility derived from the system increases with an increase in the number of users
[26]. Generally, there are two types of externalities: direct externalities and indirect
externalities [26]. In the case of a telephone network, direct externalities provide a
meaningful way to understand incremental value in number of adopters. This occurs
when phone subscribers are able to communicate with more and more users as the
system expands. Indirect externalities may appear in the complementary services (such as
telephone books and answering services) when there are a sufficient number of users [18].

The diffusion of innovations and the network externalities theories have several
similarities. First, they agree that the number of existing users affects future users’
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adoption decisions and, consequently, the growth and the pattern of technology diffusion.
Second, the influence of the number of existing and potential users, among others, results
in variable growth rates throughout the diffusion process. This typically generates an S-
shaped pattern of the cumulative number of adopters [18,39]. Moreover, the theories
suggest that the influence of network externalities will be weak during the launch phase.
But, an increase in the number of adopters over time will create a critical mass and this
will generate stronger network externalities effects, which will induce further growth
of a technology. Eventually, the growth rate will decline as the technology reaches the
saturation level number of adopters. Prior research has shown that the saturation level
of demand for a technology is a function of several factors. These include the price of
products and services [4], government policies, and the rate and nature of technological
change [39]. Other factors include adopter wealth and willingness-to-pay, size of the
installed base of adopters of complementary products (e.g., televisions and VCRs [47]),
extent of the homogeneity of social environment in which technology adoption ensues,
and intensity of competition in the marketplace [10].

1.3. Diffusion policies

Technology diffusion models like the Bass model suggest that the adoption of a new
technology is determined by external factors (e.g., government policies, mass media
communications, the level of competition, the number of standards) and internal factors
(e.g., word-of-mouth communications) [10,39,40]. Rai et al. [39] find that the internal
influence diffusion models, which assume that the diffusion rate is driven by interactions
between existing and potential adopters in the social system may underestimate the
Internet’s actual growth rate.

Why? Because these models do not capture such significant external factors throug-
hout the maturation of the Internet as sponsorships from government institutions, the
increased diversity of applications, the rapid growth of Internet service providers, and
the commercial use of the Internet. Similarly, Gruber and Verboven [17], in their study of
mobile communications diffusion, find that technological development (e.g., increased
spectrum capacity), and regulatory practices governing competition through licensing
(e.g., timing and number of licenses) seem to have increased the diffusion of mobile
communications in fifteen European countries.

Literature in Marketing also provides help in understanding the influence of stan-
dardization and the number of standards on a technological diffusion process. Robertson
and Gatignon [40] argue that the sooner the industry reaches agreement on a dominant
standard, the more rapid the diffusion process. There are two important viewpoints re-
garding the influence of the number of standards on the diffusion of a technology overall.
On the one hand, multiple standards increase competition and force technology providers
to constantly improve the technology and may result in lower product and service prices
for consumers, which will lead to increased adoption. On the other hand, a single stan-
dard reduces the uncertainty and risks that consumers must bear, hence speeding up the
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diffusion process. For mobile telecommunications, Gruber and Verboven [16] demon-
strate that competing standards have tended to slow diffusion, while the diffusion process
appears to be faster in markets with a single standard.

2. Conceptual model

We now propose a new conceptual model for the international diffusion of digital mobile
phones as a basis for beginning to understand the diffusion of m-commerce (see figure 1).
The dependent variable that we will focus upon is the speed of diffusion in various states
of diffusion. Four primary constructs that may affect diffusion speed are country char-
acteristics, digital mobile phone industry characteristics, analog mobile phone industry
characteristics, and regulatory policies.

2.1. Diffusion states

Based on the normal adopter distribution, mean time of adoption, and its standard de-
viation, Rogers [41] identify five adopter categories. Innovators (2.5%) are the earliest
adopters, followed by early adopters (13.5%), the early majority (34.0%), and the late
majority (34.0%). Finally laggards (16.0%) are the latest adopters. This characteriza-
tion relies upon making distinctions in standard deviation terms relative to a normal
distribution.

Figure 1. A conceptual model for the international diffusion of digital mobile phones.
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We are interested in four diffusion states: introduction, early diffusion, partial dif-
fusion, and maturity.1 The introduction state is the time when a country begins its digital
mobile phone adoption [11,41]. The early diffusion state is the time when the first 2.5%
of innovators have adopted the technology. We define the partial diffusion state as the
time when critical mass in the market has been reached. According to Rogers [41], this
typically occurs when approximately 10% and 20% of adopters have adopted. We set
the criterion level of adoption for this group at 15% of all adopters. Finally, we define
the maturity state as the time when all potential adopters have adopted digital mobile
phones in a country [11, 41]. These four diffusion states in our model, then, define the
only different diffusion states that a country can be observed to be in. They are mutu-
ally exclusive and exhaustive; no other states that are not already characterized by our
model are presumed to be possible. However, we believe that there will be some time for
digital mobile phones to reach the maturity state of diffusion in most countries. Why?
First, digital mobile phone technology is still considered a young technology since most
countries only started to adopt it in the 1990s. Second, the technology is still undergoing
continuous improvement, as evidenced by the new third and upcoming fourth generation
versions of the technology—the so-called 3G and 4G wireless technologies. Therefore,
there is still room for additional diffusion growth. As a result, we will only estimate the
drivers that move the markets from the introduction to the early diffusion state, and from
the early diffusion to the partial diffusion state.

2.2. Country characteristics

Advanced technology diffusion rates and patterns are typically related to a country’s
wealth and its infrastructure development. Digital mobile phone technology requires
large investments in switches, networks, and operation license acquisition before any
services can take place. So, wealthier countries may have an advantage to introduce the
technology earlier than less wealthy countries. In addition, past international diffusion
research (e.g., [10,16,30]) indicates that higher standards of living usually promote fast
adoption. Thus, we expect that wealth and infrastructure development will show, similar
positive impact on diffusion rates from the introduction to the early diffusion state and
from the early to the partial diffusion state.

We use purchasing power parity adjusted (PPP) GNP per capita to measure national
wealth. Purchasing power parity conversion factors measure the equivalent amount of
goods that a country’s local currency can buy in its domestic market related to what
U.S. dollars can buy in the United States. PPP-adjusted GNP per capita captures the true

1 The reader should note that they do not exactly match Rogers’ adopter categories. Our study is at the national
or nation-state level, where the adoption dynamics are somewhat different and descriptive discrimination
of the differences among the groups is somewhat less clear. So address the ambiguity and the lack of
theoretical support of Rogers’ categorization of adopters, the second author’s dissertation uses the network
externalities theory and sensitivity analysis of digital mobile phone penetration rate to establish critical
diffusion states. The states are identified according to the varying degrees of the influence of network
externalities on the speed of diffusion.
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differences in wealth and purchasing potential across countries over time. Why doesn’t
exchange rate-adjusted GNP per capita provide accurate comparisons of standard of
living across countries? First, exchange rates do not capture price differences. As a
result, they fail to provide consistent estimates of income levels across countries at the
same time period. Second, movement of exchange rates does not necessarily correspond
with changes in relative prices. Again, exchange rate-adjusted GNP per capita fails to
provide accurate estimates of purchasing potential over time.2 To measure the extent of
a country’s infrastructure development, we use the number of fixed phone lines per one
thousand inhabitants.

2.3. Digital and analog mobile phone industry characteristics

The initial wave of digital mobile phone technology (especially GSM and CDMA) is
commonly referred to as the second generation or 2G phone technology, and follows the
first generation, 1G analog phone technology. The theory of successive generations of a
technology [38] argues that a subsequent generation of technology will eventually replace
an earlier generation over time. Consistent with this observation, it is obvious that existing
analog mobile phone adopters will later upgrade to the newer digital systems. As a result,
our analysis of digital mobile phone diffusion will not be complete if we ignore variables
that are related to analog mobile phones. Four variables characterize the phone industry
characteristics: number of existing digital (analog) mobile phone users, number of digital
(analog) mobile phone operators, number of digital (analog) mobile phone standards,
and purchasing power parity-adjusted digital (analog) mobile phone service prices.

Drawing on the network externalities literature, we expect a positive relationship
between the number of digital mobile phone users and the digital mobile phone diffusion
rates from the introduction to the early diffusion state and from the early to the partial
diffusion state. Typically, the effect of the externalities is most fully expressed when
there is large number or installed base of adopters. As a result, we expect the number of
digital mobile phone users to have stronger positive effect from the early to the partial
diffusion state where diffusion grows from 2.5% to 15%, than from the introduction to
the early diffusion state. Norton and Bass [38], in their studies across twelve electronics,
pharmaceuticals, consumer, and industrial products, reported two important findings for
the diffusion patterns of multiple generation products. First, the new technology will
eventually push the demand of the earlier generation to approximately zero. Second, the
demand for the earlier generation continues to increase for some period of time before
declining, and this may overlap the time after the next generation products have already
arrived in the market. This is because it may take adopters some time to learn about,
evaluate, and realize the advantages of the new technology. In other words, the generation
substitution process should be expected to evolve over time. Thus, we expect the number
of analog mobile phone users to have a stronger effect on diffusion rates from the early
to the partial diffusion state than from the introduction to the early diffusion state.

2 We thank an anonymous reviewer for suggesting the use of purchasing power parity.
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Consistent with previous studies of cellular telephone diffusion (e.g., [16,17]),
we also note that intensity of competition is expected to influence the diffusion rates.
Typically, competition leads to lower prices, which makes opportunities to adopt more
attractive for price-sensitive adopters. The first group of adopters, referred to as “inno-
vators” in Rogers’ classification, adopt new innovations because they have habituated to
trying out new technologies and ways of doing business without giving much consider-
ation to competition and prices. As a result, we expect competition to have a stronger
positive effect on diffusion rates from the early to the partial diffusion state than from
the introduction to the early diffusion state. We use the number of digital mobile phone
operators to measure competition. In contrast, high competition in the analog mobile
market may lure potential adopters away from digital technology. This may occur espe-
cially during the early introduction state when the market has little information about
additional benefits of the digital technology. Therefore, we expect competition in the
analog mobile market to have a stronger negative effect on the diffusion rates of digital
mobile phones from the introduction to the early diffusion state than from the early to the
partial diffusion state. Similar to our approach for digital mobile technology, we use the
number of analog mobile phone operators to measure competition in the analog market.

With the general findings of the standards literature and related industry studies in
mind, we argue that the presence of agreed-upon technological standards in a marketplace
should have some influence on the diffusion rate that is observed. The business press
attributes the phenomenal growth rate of digital mobile phone diffusion in Europe to the
unified adoption of the GSM standard across the European Union. Similarly, empirical
studies (e.g., [16]) have reported that multiple standards slow down diffusion. Therefore,
we expect a negative effect for multiple digital mobile phone standards on diffusion rates
from the introduction to the early diffusion state and from the early to the partial diffusion
state. In contrast, multiple analog standards should increase the demand for the digital
phone technology because users can achieve dual benefits from the switch by avoiding
the confusion and the lack of interoperability across standards in the analog technology,
while achieving other readily recognized benefits (e.g., better transmission clarity) from
the digital technology. Therefore, we expect a positive effect of analog mobile standards
on diffusion rates from the introduction to the early diffusion state and from the early to
the partial diffusion state.

Danaher et al. [9] also report that the diffusion of a subsequent generation of
technology is affected by the prices of the current and the earlier generations. Thus, the
higher prices for digital mobile phone services should delay or deter potential adopters’
decisions more so for later adopters than early adopters. On the other hand, the presence
of high prices for analog technology services may speed up the decisions of existing
analog users to switch. Therefore, we expect digital mobile phone service prices to have
a stronger negative effect on diffusion rates from the early to the partial diffusion state
than from the introduction to the early diffusion state. In contrast, we expect analog
mobile phone service prices to have a similar positive effect on the diffusion speed from
the introduction to the early diffusion state and from the early to the partial diffusion
state. We use purchasing power parity-adjusted prices for sixty minutes of a local analog
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mobile phone call and purchasing power parity-adjusted prices for sixty minutes of a
local digital mobile phone call to measure analog and digital mobile phone service prices.

2.4. Regulatory policies

Governments have the capabilities to take actions and perform interventions in the mar-
ketplace that play an important role in the diffusion of new technologies. For example,
government policies towards the standardization process and market competition, among
other things, shape the diffusion process. Based on our preliminary data collection, we
can identify two practices of standardization that involve the formulation of government
policies that relate to new technology diffusion: market-mediated policy and a regulated
regime. A country that employs a market-mediated policy does not impose specific mo-
bile phone standards to which operators must conform. Instead, dominant standards in
the marketplace emerge through the “invisible hand” of evolving consumer demands
and preferences. For example, the United States is a market where several standards,
especially GSM and CDMA, coexist today. In contrast, a country that uses a regulated
must regime has a regulatory body impose a certain wireless standard with which all
operators must comply. A well-known example is the agreement among countries in the
European Union to use the GSM standard.

Although the relationships between standardization policy and diffusion rates have
not yet been fully evaluated empirically in international diffusion research, there is anec-
dotal evidence from industry reports that provides support for this association. For exam-
ple, the high growth of digital mobile phone subscriptions concentrates on countries in
which regulated regimes can be observed, including China, Finland, Korea and Sweden.
Therefore, we expect countries that use a regulated regime to exhibit faster diffusion
rates from the introduction to the early diffusion state and from the early to the partial
diffusion state than those that use market-mediated policies.

Licensing policy, among other mechanisms for the marketplace, commonly is used
to achieve a level playing field among mobile phone operators. There are three kinds
of mobile phone licensing policy practices: national licensing policy, regional licensing
policy, and hybrid—national and regional—licensing policy. Countries such as Finland
and Singapore that use national licensing policies allow operators to provide mobile
services nationwide. Other countries such as India and the United States use a regional
licensing policy approach. They award mobile licenses for operators to provide services
in designated telecommunication regions, and in this way forestall the concentration of
market power in the hands of just a few large corporations. Finally, countries such as
Australia, Austria and Norway use a hybrid licensing policy. They allocate licenses to both
regional and nationwide operators. Nationwide operators have access to a larger number
of potential adopters. The fact that they are able to provide broader service coverage may
somewhat influence adoption decisions that are observed in the marketplace. Therefore,
we expect countries that use national and hybrid licensing policy to have faster diffusion
rates from the introduction to the early diffusion state and from the early to the partial
diffusion state than those that use regional licensing policy.
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Table 2
Definition of variables.

Construct Definition Description

Country characteristics Country’s wealth Standard of living (purchasing power
parity-adjusted GNP per capita)

Number fixed-line
telephones

Number of fixed phone lines per
thousand inhabitants

Digital mobile phone
industry characteristics

Number existing digital
mobile phone users

Extent of digital mobile phone adoption
(% penetration rate)

Number digital mobile
phone operators

Number of digital mobile phone operators

Number digital mobile
phone standards

Number of standards in the digital mobile
phone market

Digital mobile phone
service prices

Purchasing power parity-adjusted price
of 60 minutes of local digital mobile
phone call

Analog mobile phone
industry characteristics

Number existing analog
mobile phone users

Extent of analog mobile phone adoption
(% penetration rate)

Number analog mobile
phone operators

Number of analog mobile phone
operators

Number analog mobile
phone standards

Number of standards in the analog
mobile phone market

Analog mobile phone
service prices

Purchasing power parity-adjusted price
of 60 minutes of local analog mobile
phone call

Regulatory policies Standardization policy A dummy variable indicating a country’s
policy towards digital mobile phone
standardization process
(0 = market-mediated, 1 =
regulated regime)

Licensing competition
policy

Two dummy variables, License 1 and
License 2. License 1 = License 2 = 0
indicate the base case: regional
licensing. License 1 = 0, License 2 =
1 indicate a national licensing policy.
License 1 = 1, License 2 = 0 indicate
a hybrid licensing policy.

The variables in our model are described in more detail in Table 2.

3. Analysis methods

Several models have been developed in the past decades that have often been applied in
the context of technology diffusion. For an overview of these models, see the Modeling
Appendix at the end of this article. A model that is effective in the study of the influence
of variables on various states of diffusion must be able to capture the interdependence be-
tween the diffusion states. That is, the earlier states may influence the diffusion of the later
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states. For example, accumulated network effects during the initial phase of technology
adoption may result in the faster diffusion speed later on in the diffusion process.

In this research, we will use a variant of an interdependent event history model that
is called a coupled-hazard model [11] to set up appropriate interdependencies between
diffusion states to empirically test a set of influencing factors at those states of digital
mobile phone diffusion. Event history models are often used in research that has been
published in some of the leading journals in the fields of Political Science, Criminology,
Sociology, Medical Epidemiology and Public Health, and Marketing Science. A coupled-
hazard model captures the “links” that must be traversed as a firm or industry or country
passes from state to state towards full adoption of a technology. As the reader will soon
see, the “coupling” comes from the dependence that being in the current state has on the
likelihood of having been in a subsequent state via the likelihood functions of both states
in the model. We now consider the specifics of the methods that we use in this study.

Two key elements that characterize a coupled-hazard model are diffusion states and
transition rates. In our research, the transition rates represent the likelihood at any point
in time that a country will move from one diffusion state to another. We model time until
early diffusion, time until partial diffusion, and time until maturity as three interdependent
failure-time processes, each with a variable to indicate the status of the state in a country.
We note that each state has two possible initial values, 0 and 1. “0” means that the
state has not been reached, and “1” means that the state has been reached. However, the
reader should note that we have never observed a country that reaches maturity without
having first passed through the early and partial diffusion states. Thus, there is a logical
consistency and an aspect of the information structure of the industry setting that cannot
be overlooked with respect to the empirical model. To represent this logical consistency,
we use three variables in association with one another that characterize both a country’s
reaching a specific state and the dependency between the current state and the prior states
that a country has already reached. As a result, we have three variables each with two
binary codings or 23 = 8 coupled states that are possible within the structure of the
empirical model. We depict these ideas in Table 3.

3.1. Empirical methods

We next consider how to model hazard rates for technology adoption, and the non-
parametric and parametric methods that we will use to analyze the hazard rates.

3.1.1. Modeling hazard rates for transition to adoption
The dynamics of the diffusion process are depicted with instantaneous transition rates
or hazard rates between states, as they are also referred to in the context of event history
models. The hazard rate is the likelihood that a transition from one state to another state
will occur at a certain point in time [11]. (For a definition and interpretation of hazard
rate and a comparison with hazard ratio, which is often confused with hazard rate, see
Text Box 1.) Since we have four states, there are twelve possible transition rates, with the
number of transition rates equaled to R(R − 1) (i.e., 4(3) = 12), where R is the number
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We distinguish between two related technical concepts that will enable the reader to more
easily understand our modeling discussion and empirical results: hazard rate and hazard
ratio.

Hazard Rate. The hazard rate is defined as the instantaneous risk that an event will occur at
time t assuming that a subject has survived to time t . The mathematical definition of hazard
rate is h(t) = lim�t→0

Pr{t≤T <t+�t |T ≥t}
�t , where T is a random variable that measures the time

duration to the event. If the events are repeatable, the hazard rate is interpreted as the number
of events per interval of time. For example, assume that the hazard rate of getting tickets
for speeding for Person A is 4, with time measured in years. This means that Person A,
based on her prior history, is expected to get speeding tickets four times over the course of
a year, assuming that her hazard remains constant throughout the year. Another useful way
to interpret the hazard rate is its reciprocal. The reciprocal of the hazard rate measures the
length of time between events. In the above speeding ticket example, Person A is expected to
get a ticket every 0.25 years (1/4 years) or approximately once every 3 months. If the events
do not repeat, we can interpret the reciprocal of the hazard as the expected length of time
until the event occurs. For example, if a hazard for death for another person, Person B, is
0.02, then he is expected to live another 50 (1/0.02) years. In the context of digital mobile
phone diffusion, the hazard rate is the instantaneous risk that a transition from one diffusion
state to another will occur at a particular point in time [11].

Hazard ratio. The hazard ratio is the effect of a one unit increase in the value of an
explanatory variable on the hazard rate. The hazard ratio formula is eβ , where β is the
coefficient estimate from the semi-parametric or parametric survival models. For binary-
valued variables (dummies or indicator variables), the hazard ratio is the ratio of the estimated
hazard of those with the dummy variable = 1 to the estimated hazard of those with the dummy
variable = 0. For example, standardization policy variable has two possible values: market-
mediated (0) and regulated (1). Assume that the estimated hazard ratio is 0.45 for the transition
from introduction to early diffusion. This means that the hazard rate of transition of countries
that use regulated standardization policy is 45% of the hazard rate of countries that use
market-mediated standardization policy. For continuous-valued variables, we can calculate
the percent change in the hazard rate for a one unit increase in the explanatory variable using
the formula: (eβ − 1) ∗ 100. The estimated hazard ratio of a number of digital mobile phone
operators is 1.136 from introduction to early diffusion. This means that an additional operator
will increase the hazard rate to achieve early diffusion by (1.136 − 1) ∗ 100 = 13.6%.

Text Box 1. Definitions of Hazard Rate and Hazard Ratio: A comparison.

of states. Since we have never observed any discontinuities in the diffusion process and
the diffusion curve is monotonic, we can disregard the six transition rates from State
2 to State 1, from State 3 to State 2, from State 4 to State 3, from State 4 to State 1,
from State 3 to State 1, and from State 4 to State 2. In addition, countries have always
moved sequentially from the introduction state to the early diffusion, partial diffusion
and the maturity states. Also, we never observe countries that move directly from the
introduction state to the maturity state, bypassing the early and partial diffusion state
altogether. Therefore, on the basis of our analysis of the logical consistencies inherent
in the digital mobile phone industry setting that relate to the transition rates, we can
disregard transition rates that involve jumps from State 1 to State 4, State 1 to State 3,
and State 2 to State 4.
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Table 3
Possible diffusion states for a country’s diffusion process.

State State name Description

State 1: [0, 0, 0] Introduction Country started the diffusion process
State 2: [1, 0, 0] Early Diffusion Country reached early diffusion after introduction
State 3: [1, 1, 0] Partial Diffusion Country reached partial diffusion after early diffusion
State 4: [1, 1, 1] Maturity Country reached maturity after early/partial diffusion

Note: The coding for each of the states should be read as “[reached early diffusion state, reached
partial diffusion state, reached maturity state].” In each case, a “0” indicates that a state has not
been reached, while a “1” indicates that it has. In addition, the presence of two or three “1’s” means
that the right-most state has only been reached after a country has already reached the other states
coded on the left. The diffusion process flows from the introduction state to the early diffusion
state, the partial diffusion state, and finally the maturity state in a timely manner. In other words,
a country does not jump diffusion states. For example, a country cannot reach the partial diffusion
state without achieving the early diffusion state some time earlier. So, state [0, 1, 0] is not a logical
state. Overall, this means that the diffusion states represented by [0, 0, 1], [0, 1, 0], [0, 1, 1], and [1,
0, 1] do not have to be considered. This leaves us with just four remaining diffusion states that will
be of interest: [0, 0, 0], [1, 0, 0], [1, 1, 0], and [1, 1, 1].

Figure 2. The reduced coupled system with four states and three transition rates.

Figure 2 shows the reduced coupled system for a country’s diffusion process. r1 is
the transition rate from the introduction state to the early diffusion state. r2 represents
the transition rate from the early diffusion state to the partial diffusion state. And finally,
r3 represents the transition rate from the partial diffusion state to the maturity state (see
figure 2).

Based on the reduced coupled system with four diffusion states and three instan-
taneous transition rates in figure 2 and the observation period (t0, tend), there are four
mutually exclusive “scenarios” that a country can be in. We illustrate this in Table 4.

3.1.2. The Kaplan-Meier estimator, a non-parametric duration evaluator
We will utilize a technique that is commonly applied in disease epidemiology to under-
stand the nature of the survival function under various disease diagnosis or treatment
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Table 4
Four mutually exclusive scenarios for a diffusion state.

Scenario Description

A: No Diffusion A country is in State [0, 0, 0] at the end of the observation period
B: Introduction-to-Early

Diffusion
A country changes from State [0, 0, 0] to State [1, 0, 0] at time

t∗(t∗ < tend)
C: Introduction-to-Early

Diffusion-to-Partial Diffusion
A country changes from State [0, 0, 0] to State [1, 0, 0] at time t∗

and from state [1, 0, 0] to State [1, 1, 0] at time
t∗∗(t∗ < t∗∗ < tend)

D: Full Diffusion A country changes from State [0, 0, 0] to State [1, 0, 0] at time t∗,
from State [1, 0, 0] to State [1, 1, 0] at time t∗∗, and from
State[1, 1, 0] to State [1, 1, 1] at time t∗∗∗(t∗ < t∗∗ < t∗∗∗ < tend)

Note: Each scenario has a corresponding likelihood function. We illustrate the likelihood functions for
scenario A (No Diffusion) and scenario B (Introduction-To-Early Diffusion) in Section 8. The Methods
Appendix.

conditions: the Kaplan-Meier estimator [24]:

Ŝ(t) =
∏

j :t j ≤t

[
1 − d j

n j

]
, t1 ≤ t ≤ tk

There are k distinct times, t1 < t2 < · · · < tk , when the various diffusion events can
occur. At time t j , there are n j countries at risk of having an event (early diffusion, partial
diffusion, maturity). d j is the number of countries for which an event occurs at time t j . To
test the differences in the survival functions, we will first stratify the countries according
to their key covariates (e.g., low/high GNP per capita, and 1, 2 or more digital mobile
phone operators). Then, we will estimate the survival functions using the Kaplan-Meier
estimator. This is similar to splitting sub-samples to examine moderating variables in
structural equation modeling (SEM) or ordinary least squares (OLS), where there is no
information structure that leads to the requirement of joint estimation. Finally, we will
use the appropriate statistical tests to compare the differences in the survival functions.

3.1.3. The Cox proportional hazard model
We also use another empirical model with somewhat more restrictive assumptions: the
Cox proportional hazard model. The purpose of doing this is to gain additional insights
into the extent to which specific explanatory variables tend to drive the outcomes for
adoption and diffusion. This generalized form of the Cox model can be written as hi (t) =
δ0(t)eXβ . The general model indicates that the hazard for technology diffusion, h, for
country i at time t is the product of an unspecified baseline hazard function, δ0(t), and a
linear function of a vector, X, of covariates and a column vector of their parameters, β.
The term “proportional hazard” refers to the fact that the hazard ratio of two countries
(i and j) with fixed covariates Xi and X j written as hi (t)

h j (t)
= δ0(t)eXi β

δ0(t)eX j β
= eβ(Xi −X j ), will be

constant over time. Another way to think about proportional hazards is that the effects
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of the covariates are proportional to the baseline hazard and do not change with time.
This model is known as a semi-parametric survival model because there is no specified
distribution function of the baseline hazard. To make the generalized form of the Cox
model easier to estimate and understand, we can rewrite it by taking the logarithm to
obtain log hi (t) = δ(t) + Xβ.

There are several variants of the general model above with different assumptions
about the hazard rates. This is where the restrictions associated with semi-parametric
models that we indicated earlier bear on the analyst’s judgment. Why? An analyst who
uses these methods needs to assess for herself whether the information structure of the
applied modeling context is appropriately matched by the restrictions that the included
parameters and mathematical form of the empirical model place on the estimation of the
outcome variables. Harrell ([19], p. 7) advises the analyst as follows: “Choose a model
whose mathematical form is appropriate for the response being modeled. This often has
to do with minimizing the need for interaction terms that are included only to address
a basic lack of fit. For example, many researchers have used ordinary linear regression
models for binary responses, because of their simplicity. But such models allow predicted
probabilities to be outside the interval [0, 1], and strange interactions among the predictor
variables are needed to make predictions remain in the legal range.”

Consistent with the survival methodology literature on which we base our method-
ological approach, our choice of a specific functional form for the hazard should charac-
terize the theoretical perspective that we bring to our interpretation of the applied setting.3

Among the three available models, an exponential model is simplest to implement, but
it has problems. Statisticians view the exponential hazard as based on a distribution that
offers no “memory” of prior events, and no sense of the passage of time to the relevant
events. Obviously, this matters a lot in the context of technology adoption. Johnson and
Kotz [23] refer to the exponential distribution as the most often used to model events that
occur at random in time. The downside of the exponential model with its time-invariant
hazard is that it precludes the possibility of understanding time-varying drivers of the
likelihood of state-based digital mobile phone diffusion. It fails to match how the applied
setting works.

Instead, what we need is a model that incorporates time-varying explanatory vari-
ables. We also would like to specify the model so that the hazard rate can change as the
values of the explanatory variables change over time. This seems especially important
since the countries are not all observed to have the same starting times for the beginning
phase of early adoption. Moreover, as we have seen in other applied settings involving IT
and e-commerce technology adoption, it is likely to be the case that there will initially be

3 There are several variants of the Cox proportional hazards model. The exponential model occurs when
δ(t) = δ, indicating a constant hazard rate. The Gompertz model is given by δ(t) = δt , and indicates that
the hazard rate is affected by time, depending on the estimated sign of the hazard parameter, δ. Finally,
if δ(t) = δ log (t), we have the Weibull hazard, a specification which is more consistent with S-curve
analysis in technology adoption. The log specification is associated with accelerating frailty in disease
epidemiology. Collectively, these hazard functions allow us to test the effect of the explanatory vector of
covariates, X, on the transition rates that characterize the diffusion process for digital mobile phones.
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some inertia that will need to be overcome with respect to firm adoption of m-commerce
technologies within an economy. However, once concerns that others will adopt similar
kinds of technology solutions diminish, we can expect to see some level of critical mass
that is reached, so that adopters begin to trust that others will adopt, thereby making their
own adoption more valuable due to the accruing network externalities. As we noted in
the literature survey for this research earlier in the paper, network externalities should
play some role in conditioning diffusion.

As a result, the Weibull model, with δ(t) = δ log (t), appears to be the most
appropriate in our setting. For example, we believe that it is more appropriate to use
than the Gompertz model, with its constant linear effect of time, δ(t) = δt . In addition
to the basic Weibull model that we have presented, it is also possible to consider both
accelerated frailty (indicating that the predisposition to failure increases over time) and
multiplicative model forms (which permit interactions among the explanatory variables).
A multiplicative baseline hazard for the Weibull-distributed hazard is given by h0(t) =
αλtα−1. Linking the Cox model to the Weibull hazard for country-by-country analysis
yields hi (t) = αλtα−1eXβ , with eXβ > 0 and α > 0, for country i . It is important
to remind the reader that the Weibull model is one of several parametric proportional
hazards models (see [31]). As a result, this model is restricted to the “proportional
hazards” assumption where the effects of time-fixed covariates on the hazard rate do not
change with time. However, the incorporation of time-varying covariates in our model
relaxes this strong assumption somewhat by allowing the hazard rates to change over
time through changes in values of a covariate across time periods.

What are the benefits of using this model? When we include the effects of time-
varying covariates, X, on the hazard function, it enables us to estimate a column vector,
β, of unknown parameters that represent the relationship between the variables that ex-
plain why adoption is occurring and its changing conditional probability over time. This
accelerated-frailty multiplicative hazard model (since it incorporates both aspects dis-
cussed above) further permits us to achieve the desired goal: to estimate the probabilities
of digital mobile phone adoption across countries and the manner in which changes are
observed to occur over time. This model has been widely used in modeling technology
diffusion (e.g., [27,42,43]). In the expression for hi (t)above, X is a vector of explanatory
variables for the diffusion of digital mobile phones for the countries in our data set. β is
a column vector of coefficients that are to be estimated for the explanatory variables. As
we did earlier, we include t so that the hazard rate itself can be a function of time.

With the inclusion of eXβ , our empirical model can capture the effects of the ex-
planatory variables on the adoption hazard. The typical estimation approach is to develop
maximum likelihood estimates for the values of β, so that we can subsequently analyze
the extent to which each independent variable drives variation in hi (t). By applying log-
arithms to both sides of the equation for this model, we obtain an expression that will
show the proportional hazard on country i’s conditional probability of transition from
state to state in the diffusion process for digital mobile phones. Another benefit of this
approach is that with an appropriate transformation of β, we can obtain an expression
that indicates the percentage change in the hazard rate for a unit change in an explanatory
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variable [21]. We next discuss the data that we will use these modeling approaches to
analyze.

4. Measurement and data collection

Our data set captures annual observations about the diffusion of digital mobile phones
and the corresponding covariates in 46 developed and developing countries from Europe,
Asia, Africa, and North America. Data sources include international organizations such as
the International Telecommunication Union (ITU), World Bank, and the United Nations
(UN). We also obtained data from private databases and publications such as Gartner
Group, Wireless Week magazine, Global System for Mobile Communications (GSM)
Web site (www.gsmworld.com), and CDMA development Web site (www.cdg.org).

To increase the reliability and the accuracy of our data, we used multiple sources
wherever possible, cross-checking to ensure data quality in our analysis. The beginning
time for the data varies from country to country; the various countries did not all start
their digital mobile phone implementations in the same year. However, observations for
all of the countries end in 1999. Table 5 reports selected variables to reflect country
characteristics (see Table 5).

The introduction years vary from 1992 to 1997. Six countries introduced digital mo-
bile phones for the first time in 1992, six countries in 1993, twenty in 1994, nine in 1995,
three in 1996, and two in 1997. Meanwhile, the purchasing power parity-adjusted GNP
per capita varies from US1,632 for Vietnam to US34,116 for Luxembourg. Similarly,
the number of fixed phone lines per thousand inhabitants ranges from 16 in Vietnam to
678 in Sweden. Finally, there are ten and seven countries that have more than one digital
and analog standard in the market, respectively. Five countries—Egypt, Greece, India,
Jordan, and South Africa—did not have analog mobile technology implemented during
the 1992 to 1999 period.

Table 6 reports the number of countries in our sample that are used to estimate
parameters for transition rates r1, and r2 (see Table 6).

For r1, there are thirty five countries that have reached the early diffusion state while
eleven countries have not. Similarly, for r2, there are twenty eight countries that have
reached the partial diffusion state from the early diffusion state while seven countries have
not. We cannot estimate transition r3 because countries have not yet reached full adoption.

5. Empirical results

We next present two different sets of results. The first is based on the Kaplan-Meier
non-parametric survival function estimator. We use it to compare the survival functions
based on the categories of selected explanatory variables. A second less restrictive set of
results is developed from our application of a Weibull proportional hazard model, which
tests effects of time-varying explanatory variables on transition rates of digital mobile
phone diffusion across countries.
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Table 5
Statistics for digital mobile phone diffusion in 46 developed and developing countries.

Year ppp-Adjusted Fixed phones Digital Analog
Country launch1 GNP per capita2 PER 10003 standards standards

Australia 1994 21438 508 CDMA4, GSM5 AMPS7

Austria 1994 22854 479 GSM TACS8

Belgium 1994 23570 479 GSM NMT9

Canada 1996 24168 630 CDMA AMPS
China(d) 1994 2982 52 GSM AMPS, TACS
Cyprus 1995 18024 543 GSM NMT
Denmark 1992 22086 623 GSM NMT
Egypt(d) 1997 3310 63 GSM –
Finland 1992 17692 548 GSM NMT
France 1992 20744 557 GSM NMT
Germany 1992 21590 516 GSM C-NETZ10

Greece 1993 13960 500 GSM –
Hong Kong 1993 22258 543 CDMA, GSM TACS
Hungary(d) 1994 9817 276 GSM NMT
Iceland 1994 23982 604 GSM NMT
India(d) 1995 2032 19 GSM –
Indonesia(d) 1994 2820 22 CDMA, GSM AMPS, NMT
Ireland 1995 18308 414 GSM TACS
Italy 1995 21103 447 GSM TACS
Japan 1994 24390 517 CDMA, PDC6 TACS
Jordan(d) 1995 3804 73 GSM –
Korea 1996 14617 436 CDMA AMPS
Kuwait 1994 20210 231 GSM TACS
Luxembourg 1993 34116 625 GSM NMT
Malaysia(d) 1995 7604 189 GSM AMPS, TACS, NMT
Morocco(d) 1994 3258 46 GSM NMT
Netherlands 1994 22064 557 GSM NMT
New Zealand 1994 16534 482 CDMA, D-AMPS, GSM AMPS
Nicaragua(d) 1997 1917 29 GSM AMPS
Norway 1993 24310 606 GSM NMT
Pakistan(d) 1995 1752 20 GSM AMPS
Philippines(d) 1994 3863 27 CDMA, GSM AMPS, TACS
Portugal 1992 13482 372 GSM C-NETZ
Russia(d) 1994 7017 185 D-AMPS, GSM AMPS, NMT
S. Arabia(d) 1996 11145 107 GSM NMT
Singapore 1994 20278 439 CDMA, GSM AMPS, TACS
S. Africa(d) 1994 8605 109 GSM –
Spain 1995 16223 401 GSM TACS
Sweden 1992 18996 678 GSM NMT
Switzerland 1993 27153 642 GSM NMT
Thailand(d) 1994 6053 71 CDMA, GSM AMPS, NMT
Turkey(d) 1994 6333 236 GSM NMT

(Continued on next page.)
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Table 5
(Continued).

Year ppp-Adjusted Fixed phones Digital Analog
Country launch1 GNP per capita2 PER 10003 standards standards

UAE 1994 21028 329 GSM TACS
UK 1993 20030 521 GSM TACS
US 1995 30122 640 CDMA, GSM, TDMA AMPS
Vietnam(d) 1994 1632 16 GSM AMPS

Notes: Countries marked “(d)” are developing countries by classification of the World Bank. (1) Year
of digital mobile phone implementation. (2) Average purchasing power parity adjusted GNP per capita
from year of digital mobile phone introduction to 1999, except Kuwait (1994–1996) and United Arab
Emirates (1994–1998). (3) Average fixed phone lines per 1000 inhabitants from the year of digital mobile
phone implementation to 1999. (4) CDMA: Code Division Multiple Access. (5) GSM: Global Systems
for Mobile Communications. (6) PDC: Personal Digital Cellular. (7) AMPS: Advanced Mobile Phone
Systems. (8) TACS: Total Access Communication Systems. (9) NMT: Nordic Mobile Telephone. (10)
C-NETZ: Analog standard developed in Germany.

Table 6
Number of countries used to estimate transition rates, r1, and r2.

Transition Completed countries Censored countries

r1: Introduction → Early Diffusion 35 11
r2: Early diffusion → Partial Diffusion 28 7

Note: We omit transition r3 (partial diffusion → maturity) from the table because no coun-
tries have reached full adoption in our sample.

5.1. Non-parametric results for digital mobile phone diffusion
with the Kaplan-Meier estimator

We compare the survival functions of digital mobile phone diffusion from the introduction
to the early diffusion state (2.5% adoption rate) and from the early diffusion to the partial
diffusion state (15% adoption rate) based on eleven explanatory variables: GNP per
capita (GNP), fixed phone lines per thousand inhabitants (FIXED PHONE), number
of digital mobile phone operators (DIGITAL OPR), number of digital mobile phone
standards (DIGITAL STD), digital mobile phone service prices (DIGITAL PRC), analog
mobile phone penetration (ANALOG PEN), number of analog mobile phone operators
(ANALOG OPR), number of analog mobile phone standards (ANALOG STD), analog
mobile phone service prices (ANALOG PRC), standardization policy (STD POL), and
licensing policy (LICENSE POL).

5.1.1. Model setup
We calculate the time to events for all countries in the sample. As we mentioned earlier,
the introduction year varies from country to country but the end of observation period



INTERNATIONAL DIFFUSION OF DIGITAL MOBILE TECHNOLOGY 275

for all countries is 1999. For example, Australia started the implementation in 1994
and reached the 2.5% adoption rate in 1996; therefore, the time to early diffusion for
Australia is three years. Thereafter, we categorize countries based on the number of
digital mobile phone operators into three groups: countries with one, two and more than
two operators. Similarly, we sorted countries into two groups according to the number
of digital mobile phone standards: countries with one and more than one standard. We
also classified countries based on the number of analog mobile phone operators into
three groups: those with no analog operators, one operator, and more than one operator,
respectively. Similarly, countries are categorized based on the number of analog mobile
phone standards into three groups: those with no analog standards, one analog standard,
and more than one analog standard.

Likewise, countries are separated into two different standardization policy groups
(market-mediated and regulated regime) and three different licensing policy groups (re-
gional licensing, national licensing, and hybrid licensing). For time-varying covariates
including GNP per capita, fixed phone lines per thousand inhabitants, analog mobile
phone penetration, and analog and digital mobile phone service prices, we use quintiles
to sort countries into two groups (LOW and HIGH). The High Group is composed from
the top two quintiles (40%) and the Low Group is built from the lowest two quintiles
(40%), with the middle group (20%) dropped to increase our ability to show a significant
effect.

Table 7 summarizes the results we obtained to test the time-to-event survival func-
tions and the hazard rates using the Kaplan-Meier method (see Table 7).

We report log-rank χ2 statistics. Similar to the χ2 test of independence, the non-
parametric log-rank test uses a contingency table to calculate the appropriate parameters.
The null hypothesis is that the survival functions between two or across more groups
of interest are the same. The alternative hypothesis is that the survival functions of the
different groups are different. When there is an indication of significance for a χ2 log-
rank statistic, this means the survival functions or hazard rates of the compared groups are
different.

These kinds of diagnostics are typical with the statistics we use. The Kaplan-Meier
estimator and its associated statistical tests are commonly used in clinical studies in Public
Health and Medical Epidemiology to describe the survival characteristics and compare
the survival functions across treatment groups (e.g., placebo vs. tested drug) or across
groups that have different risks of having events (e.g., smokers vs. non-smokers). The me-
dian survival time and the statistical test from the Kaplan-Meier method give researchers
a first-cut understanding of the survival characteristics across groups of interest.

5.1.2. Overview of the results
We next discuss the empirical results on a category-by-category basis, related to the
major constructs in the conceptual model.

Country characteristics. A country’s GNP per capita significantly influences the hazard
rates but the observed effect is stronger from the introduction to the early diffusion state
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Table 7
Comparison of the survival functions for early diffusion and partial diffusion

Early diffusion Partial diffusion

Median Log- Median Log-
time Rank time Rank

Construct Covariate Level (years) (χ2) (years) (χ2)

Country GNP per capita Low 5 22.03∗∗∗ 3 3.28∗

characteristics High 3 3
Fixed phone lines per Low 5 19.60∗∗∗ 3 1.00

1000 inhabitants High 3 3
Digital mobile Number of digital mobile 1 2 1.95 4 2.82

phone industry phone operators 2 3 3
characteristics >2 3 3

Number of digital mobile 1 3 2.62 3 4.15∗∗

phone standards >1 5.5 2
Digital mobile phone Low 5 8.83∗∗∗ 3 6.07∗∗

service price High 3 3
Analog mobile Analog mobile phone Low 4.5 10.80∗∗∗ 3 2.79∗

phone industry penetration High 3 3
characteristics Number of analog mobile 0 4 7.88∗∗ 3 2.53

phone operators 1 3 3
>1 3 3

Number of analog mobile 0 3.5 10.13∗∗∗ 3 2.92
phone standards 1 3 3

>1 6 3
Analog mobile phone Low 4 6.12∗∗ 3 5.66∗∗

service prices High 3 3
Regulatory Standardization policy Market- 3 4.90∗∗ 3 3.22∗

policies mediated
Regulated 3 3

Licensing policy Regional (R) 5 1.54 2 5.94∗

National (N) 3 3
R + N 3 3

Notes: Significance levels are as follows: ∗: p < .10,∗∗: p < .05 and ∗∗∗: p < .01.

(p < .01) than from the early to the partial diffusion state (p < .10). Generally, it takes
countries with lower GNP per capita longer to move from introduction to early and partial
diffusion. The number of fixed phone lines per thousand inhabitants shows a significant
effect on the hazard rate from the introduction to the early diffusion state (p < .01) but
no effect from the early to the partial diffusion state.

Digital mobile phone industry characteristics. The number of digital mobile phone
standards and service prices are significant but the number of digital mobile phone
operators is not significant. In particular, the effect of a number of standards is not
significant from the introduction to the early diffusion state but significant (p < .05)
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from the early to the partial diffusion state. The median year from the early to the partial
diffusion state for countries with one digital standard is three years compared to two
years in countries with more than one digital standard. The digital mobile phone service
prices show a significant effect on the hazard rate from the introduction to the early
diffusion state (p < .01) and from the early to the partial diffusion state (p < .05).
Surprisingly, the median time in years to reach the early diffusion state is longer for
countries with lower digital mobile phone service prices, five years, than those with high
service prices, three years. But the observed median year from the early to the partial
diffusion state is three years for countries with low and high digital mobile phone service
prices.

Analog mobile phone industry characteristics. The extent of analog mobile phone
penetration significantly influences the hazard rates but the effect is stronger from the
introduction to the early diffusion state (p < .01) than from the early to the partial
diffusion state (p < .10). The median year to reach the early diffusion state is four-and-
a-half years in countries with fewer analog mobile phone users compared to three years
in countries with more analog mobile phone users. Meanwhile, the median number of
years from the early to the partial diffusion state is three years for countries with both
a low and a high number of analog mobile phone users. The number of analog mobile
phone operators and the number of analog mobile phone standards show a significant
effect on the hazard rate from the introduction to the early diffusion state (p < .05 and
p < .01, respectively) but no effects from the early to the partial diffusion state. There is
no significant difference in median years to reach the early and the partial diffusion state
among countries that have different numbers of analog mobile phone operators. But the
median year occurs significantly later for countries that have more than one analog mobile
phone standard: six years relative to three-and-a-half years and three years for countries
with either none or one analog mobile phone standard, respectively. Finally, analog mobile
phone service prices are equally significant (p < .05) in both states of the diffusion
process.

Regulatory policies. Standardization policy is significant in both states of the diffusion
process too, but its influence on the hazard rates is slightly stronger from the introduc-
tion to the early diffusion state (p < .05) than from the early to the partial diffusion
state (p < .10). Licensing policy is not significant from the introduction to the early
diffusion state but is marginally significant from the early to the partial diffusion state
(p < .10). The median year from the introduction to the early diffusion state for coun-
tries that employ regional licensing policy is five years compared to three years for
those that use national licensing or a combination of regional and national licensing
policy.

5.1.3. Discussion
We next compare the survival functions of various groups of countries based on each
explanatory variable. The results from the Kaplan-Meier evaluator demonstrate that
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countries have experienced different transition rates in the early diffusion and partial
diffusion states. Also, the influence of explanatory variables on the transition rates varies
across states. In particular, some variables have a stronger effect on the speed with which
the early diffusion state is reached, but have a weaker effect or no effect on how fast the
partial diffusion state is reached.

However, the Kaplan-Meier estimator has several limitations, and this diminishes
its usefulness to provide insights of greater depth. First, we have to code the original
data (e.g., GNP per capita) into categories to be able to use the Kaplan-Meier estimator
to compare survival functions. The use of partial data in our data set may affect the
accuracies of the estimates that we are making. Second, and more importantly, this
method does not allow us to consider the time-varying effects of the variables. In fact,
this runs counter to our intuition as both theory builders and as empirical scientists: it is
the nature of most of our explanatory variables that they should have effects which are
time-dependent. Third, the Kaplan-Meier estimator does not allow us to compare survival
functions based on the grouping of more than one variable at a time. This further limits our
understanding of the explanatory variables’ effects when considering them together in the
model.

As a result, there are several questions that are left unanswered:

• What are the quantifiable effects of the explanatory variables on time to the observed
events?

• Can we identify the appropriate functional form of the hazard function that explains
the state-based diffusion across countries?

• How does the hazard for diffusion change as the values of the explanatory variables
change over time?

5.2. Parametric results for digital mobile phone diffusion
with the Weibull survival model

We move next to the analysis of parametric survival models with time-varying covariates
to provide additional depth to the insights we can offer about the diffusion of digital mo-
bile phones. We empirically estimate them with the following time-varying covariates:
GNP per capita (GNP), fixed phone lines per thousand inhabitants (FIXED PHONE),
digital mobile phone penetration (DIGITAL PEN), the number of digital mobile phone
operators (DIGITAL OPR), the number of digital mobile phone standards (DIGITAL
STD), digital mobile phone service prices (DIGITAL PRC), analog mobile phone pen-
etration (ANALOG PEN), the number of analog mobile phone operators (ANALOG
OPR), the number of analog mobile phone standards (ANALOG STD), analog mobile
phone service prices (ANALOG PRC), standardization policy (STD POL), and dummy
variables for licensing policy (LICENSE 1, LICENSE 2). The dependent variables for
each state are time from the introduction to the early diffusion state, and time from the
early diffusion to the partial diffusion state.
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5.2.1. Overview of the results
We used STATA 7.0 (www.stata.com/stata7) to estimate our models.4 We present the
results for two of the three transitions that we described in figure 2 above (Reduced
Coupled System with Four States and Three Transitions). (We encourage the reader to
review figure 2.) They are the transition from the introduction to the early diffusion state
(r1) and from the early to the partial diffusion state (r2). We cannot estimate the transition
rate from the partial diffusion to the maturity state (r3); most countries have not reached
the maturity state.

The estimation results are presented separately for each transition. So the reader
understands how to interpret our modeling results, we will spend relatively more time
to describe the results for the first transition, and then, with the exception of a few brief
observations, only will provide higher-level interpretative information on the results of
the second transition.5

5.2.2. Results for the transition from the introduction to the early diffusion state
We include calendar year as a control variable in the model, with 1995 as the base
case. However, the results of fitting the Weibull model showed that calendar year is not
significant. In addition, the χ2 result of the likelihood ratio test between the model with
and without calendar year is 1.03 (p = 0.31), indicating that there is no significant
difference between the two models. Thus we can drop the calendar year from our model.

4 We thank Raymond Sin for a suggestion that the size of a country might have an effect on the speed of
diffusion. With this suggestion in mind, we attempted to run the Weibull survival models to compare the
parameter estimates between the two groups of countries—those with low and high density of population.
Unfortunately, we are unable to report the results because of the following problems. First, there are
relatively too few observations (e.g., 19 countries and 14 of those reach early diffusion in the low population
density group of the transition r1 data set) to estimate twelve parameters in the model. As a result, we lose the
accuracy of the estimates, reflected in the inflated values of the variances of the parameter estimates. Second,
using variance inflation factors (also called VIF values), we determined that there is multicollinearity among
the explanatory variables of both the low and high population density groups in the transition r2 data set.
VIF values are given by 1/(1 − R2

i ), where R2
i is obtained from regressing the i th independent variable on

all other independent variables [29]. As a general rule, a VIF value greater than 10 indicates the presence
of multicollinearity.

5 Parametric survival models are structurally similar to regression models, and are subject to the same
set of assumptions as with OLS regression. Correlation and multicollinearity, as a result, can increase
the variances of the parameter estimates, thus reducing their accuracy. We checked pair-wise correlations
between the explanatory variables. Typically, correlation coefficients of 0.7 or higher are considered as high
[29]. For the transition from the introduction to the early diffusion state, all pairs of explanatory variables
showed correlations lower than 0.7, except GNP and FIXED PHONE (ρ = .930) and ANALOG PRC
and DIGITAL PRC (ρ = .956). Similarly, the ANALOG PRC and DIGITAL PRC also showed high VIF
values (13.85 and 14.31, respectively.) So we dropped FIXED PHONE, and ANALOG PRC from the
parametric models for the transition from the introduction to the early diffusion state. For the transition
from the early to the partial diffusion state, all pairs of explanatory variables showed correlations lower
than 0.7, except GNP and FIXED PHONE (ρ = .726), ANALOG STD and ANALOG OPR (ρ = .715),
and ANALOG PRC and DIGITAL PRC (ρ = .912). However, no variables had VIFs > 10, indicating that
multicollinearity is not a problem. Therefore, we included all variables in the parametric survival models
to estimate the transition from the early to the partial diffusion state.
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Table 8
Weibull proportional coupled Hazard model estimation results for time from the introduction to

early diffusion state (transition rate r1)

Variables Coefficient Standard error Z (Signif.) Hazard ratio

GNP 0.000099 0.00003 3.28∗∗∗ 1.0001
DIGITAL PEN 0.117 0.052 2.27∗∗ 1.124
DIGITAL OPR 0.176 0.202 0.88 1.193
DIGITAL STD −1.970 0.834 −2.36∗∗ 0.139
DIGITAL PRC −0.002 0.016 −0.11 0.998
ANALOG PEN 0.159 0.054 2.94∗∗∗ 1.173
ANALOG OPR −0.667 0.457 −1.46 0.513
ANALOG STD 0.223 0.507 0.44 1.250
STD POL −0.086 0.734 −0.12 0.918
LICENSE 1 −1.597 1.217 −1.31 0.203
LICENSE 2 0.156 0.850 0.18 1.169
CONSTANT −4.419 1.605 −2.75∗∗∗ NA
α 3.134 0.468 7.65∗∗∗ NA

Notes: The transition rate, r1, indicates the time from the introduction to the early diffusion state.
Likelihood ratio, model significance = 53.44∗∗∗. The significance levels for the independent
variables are given by: ∗: p < .10,∗∗: p < .05, and ∗∗∗: p < .01. “NA” means “not applicable.”
Similar to regression analysis, the Z-statistic reported in this table tests the null hypothesis that
the coefficient is equal to zero. We remind the reader that before fitting the survival model, we
tested to see if collinearity was a problem. All pairs of explanatory variables showed correla-
tions lower than 0.7, except GNP and FIXED PHONE (ρ = .930) and ANALOG PRC and
DIGITAL PRC (ρ = .956). Similarly, the ANALOG PRC and DIGITAL PRC also show high
variable inflation factor (VIF) values (VIF = 13.85 and 14.31, respectively.) As a result, we
dropped FIXED PHONE, and ANALOG PRC from the parametric survival estimation model.

Table 8 summarizes the results from the Weibull proportional coupled hazard model with
eleven time-varying explanatory variables for the first transition, from the introduction
state to the early diffusion state (see Table 8).

The model has a likelihood ratio test value of 53.44, indicating high model sig-
nificance (p < .01). The results of the deviance residuals analysis are shown in fig-
ure A1 of the Methods Appendix, and indicate no several problems with outliers (see
the Methods Appendix.) Note that if the hazard rate is constant, with α = 1, then the
results indicate that the Weibull model should be reduced to the exponential model.
In our case, however, this is not true. Instead, our estimation results show a value for
α = 3.134, which is statistically not equal to 1 (p < .01). So, we can conclude that the
Weibull model provides a better fit with our data than the exponential model would. In
addition, the result from the likelihood ratio test between the Weibull model and the ex-
ponential model (χ2 with 1 degree of freedom = 31.61, p < .01) also confirms that the
Weibull model is a preferred choice. Furthermore, since α > 1, the hazard is monotoni-
cally increasing: likelihood of movement between states increases over time, as mobile
technologies become increasingly known to people and organizations throughout the
world. This result is consistent with our theory.



INTERNATIONAL DIFFUSION OF DIGITAL MOBILE TECHNOLOGY 281

Hazard ratio analysis. Next, we interpret the parametric survival results based on the
values of the hazard ratios. Using the hazard ratios makes the modeling results more
intuitive to understand than with the β coefficients only. Why? This is the marginal
analysis available to the analyst in duration modeling, and it parallels the quality of the
intuition that is revealed for the marginal effects of variables in OLS regression. The
hazard ratio corresponds to the effect of a one unit increase in a value of an explanatory
variable on the hazard rate. The formula for the hazard ratio is eβi , where βi is a coefficient
estimate for explanatory variable i . For example, the hazard ratio of DIGITAL OPR is
eβi = e0.176 = 1.193. (As a reminder, we encourage the reader to see Text Box 1 for a
discussion of the differences between the hazard rate and hazard ratio.)

GNP per capita is highly significant (p < .01) with a hazard ratio of 1.0001. So a
1% increase in the GNP per capita will increase the hazard rate by 0.01%. Digital mobile
phone penetration is moderately significant (p < .05) with a hazard ratio of 1.124.
Accordingly, a 1% increase in the digital mobile phone penetration rate will increase
the hazard rate by 12.4%. The number of digital mobile phone standards is significant
(p < .05) with a hazard ratio of 0.139. The hazard ratio demonstrates that the hazard
rate decreases by 86.1% due to an additional standard in the market. Analog mobile
phone penetration is also highly significant (p < .01) with a hazard ratio of 1.173. This
indicates that a 1% increase in the analog mobile phone penetration will increase the
hazard rate by 17.3%. Other variables turned out not to be significant.

It is also helpful to understand what the Weibull baseline hazard function for the
estimated model can tell us [49] (see figure 3). The estimated baseline hazard is h0(t) =
3.134 t3.134−1 e−4.419 = 0.0378 t2.134.

Figure 3. Weibull proportional coupled-hazard model for time from introduction to early diffusion, evalu-
ated at average values of the explanatory variables. (Note: “Year” on the X-axis in this figure means the
diffusion year (not the calendar year) for digital mobile phones from the time of the first introduction.
The reader should recognize that not all countries in our sample moved from introduction to early dif-
fusion of digital telecommunication in the same year. As such, calendar years would not all line up if
we included year on the X-axis as “calendar year.” The average values of the explanatory variables are:
GNP = 12,563, DIGITAL PEN = 1.95%, DIGITAL OPR = 2, DIGITAL STD = 1, ANALOG PEN =
2.51%, ANALOG OPR = 1, ANALOG STD = 1, STD POL = 0, LICENSE 1 = 0, LICENSE 2 = 0, and

DIGITAL PRC = 28.97.)
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We evaluated this for all explanatory variables set to average values. This allows
us to get a sense of the baseline hazard that is necessary for an average country to
reach the early diffusion state. Figure 3 illustrates the empirically-determined baseline
hazard curve. The plot of year versus baseline hazard shows that there is a monotonically
increasing function underlying digital mobile phone technology adoption during the
introduction to early diffusion state.

5.2.3. Results for transition from early diffusion to partial diffusion
We ran a similar procedure for the estimation of our data with respect to the transition rate
r2 for movement from the early diffusion to the partial diffusion state. Again, we consider
calendar year as a control variable in the model, with 1995 as the base case. The results
of fitting the Weibull model showed that calendar year is not significant. In addition, the
χ2 result of the likelihood ratio test between the model with and without calendar year
is 0.09 (p = 0.76), indicating that there is no significant difference in model fit between
the two models. Thus we can drop the calendar year from our model. The estimation
results of the Weibull model with thirteen covariates are shown in Table 9. Due to space
limitations in the present article, we will only provide additional interpretative comments

Table 9
Weibull proportional coupled-hazard model estimation results for time from early diffusion

to partial diffusion (transition rate r2)

Variables Coefficient Standard error Z (Signif.) Hazard ratio

GNP −0.000025 0.000071 −0.35 0.999976
FIXED PHONE 0.004 0.004 1.13 1.004
DIGITAL PEN 0.172 0.059 2.92∗∗∗ 1.187
DIGITAL OPR 1.121 0.373 3.00∗∗∗ 3.068
DIGITAL STD −4.062 1.414 −2.87∗∗∗ 0.017
DIGITAL PRC −0.183 0.092 −1.99∗∗ 0.833
ANALOG PEN −0.038 0.069 −0.55 0.963
ANALOG OPR −2.532 1.023 −2.47∗∗ 0.079
ANALOG STD 1.480 1.126 1.31 4.391
ANALOG PRC 0.196 0.096 2.03∗∗ 1.217
STD POL −0.331 0.858 −0.39 0.718
LICENSE 1 −4.894 1.854 −2.64∗∗∗ 0.007
LICENSE 2 −6.017 1.933 −3.11∗∗∗ 0.002
CONSTANT −6.436 3.510 −1.83∗ NA
α 7.867 1.444 11.24∗∗∗ NA

Notes: The transition rate, r2, indicates the time from early diffusion to partial diffusion. The
sample in this analysis includes 35 countries that reached early diffusion before the end of our
observation period (1999). Eleven countries are excluded: Canada, Egypt, India, Indonesia,
Morocco, Nicaragua, Pakistan, Philippines, Russia, Thailand, and Vietnam. Likelihood ratio,
model significance = 35.97∗∗∗. Estimation of the results for two other countries, China and
New Zealand, was not possible due to missing data. The significance levels for the independent
variables are given by: ∗: p < .10,∗∗: p < .05, and ∗∗∗: p < .01. “NA” means “not applicable.”
Correlated regressors omitted, as discussed earlier.
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in the discussion that follows (see Table 9). (The deviance residuals analysis is presented
in figure A2 of the Methods Appendix.)

The hazard ratios in Table 9 demonstrate a similar pattern with those in Table 8.
However, there are other noteworthy observations. Digital mobile phone penetration is
highly significant (p < .01) with a hazard ratio of 1.187. So a 1% increase in digital mo-
bile phone penetration will increase the hazard rate by 18.7%, leading to faster diffusion.
The number of digital mobile phone operators is also strongly significant (p < .01) with
a hazard ratio of 3.068. This shows that the hazard rate increases by 206.8% when an
additional digital mobile phone operator enters the market. Similarly, the number of dig-
ital mobile phone standards is highly significant (p < .01) with a hazard ratio of 0.017.
An additional competing standard decreases the hazard rate by 98.3%. The number of
analog mobile phone operators is also significant (p < .05) with a hazard ratio of 0.079.
The hazard rate decreases by 92.1% with one more analog mobile phone operator in the
market. Both analog and digital mobile phone service prices are significant (p < .05)
with a hazard ratio of 1.217 and 0.833 respectively. An additional unit increase in ana-
log mobile phone service prices increases the hazard rate by 21.7%. In contrast, a unit
increase in digital mobile phone service prices decreases the hazard rate by 16.7%.

Finally, the dummy variables that measure the licensing policy are also significant
(βLICENSE 1 = −4.894, hazard ratio = .007; and βLICENSE 2 = −6.017, hazard ratio =
.002. The coding for national licensing policy is LICENSE 1 = 0 and LICENSE 2 = 1.
Therefore, the hazard rate of transition of countries that use national licensing policy
is 0.2% of those that use regional licensing policy. Similarly, the coding of the hybrid
licensing policy is LICENSE 1 = 1 and LICENSE 2 = 0. Thus, the hazard rate of
transition of countries that use hybrid licensing policy is 0.7% of those that employ
regional licensing policy.

The estimated Weibull baseline hazard for this model is h0(t) = 7.867e−6.436

t7.867−1 = 0.0126t6.867, with a monotonically increasing function for movement from
early to partial diffusion (see figure 4).

5.2.4. Discussion
Our analysis shows that the Weibull proportional coupled hazard models, where the
transition rate from one diffusion state to another monotonically increases with time, is
appropriate to model digital mobile phone diffusion. However, the shapes of the baseline
hazards for transition from the introduction to the early diffusion state and from the early
to the partial diffusion state are slightly different. The baseline hazard increases across
time for the movement from introduction to early diffusion. But there is a more gradual
increase during the early transition years from early to partial diffusion, while there is a
sharper increase in the latter part of the transition.

The results provide reasonable support the predictions of our theories. In particular,
they show that a different set of drivers influences the diffusion rates at various states
of digital mobile phone diffusion. Four key drivers from the introduction to the early
diffusion state are GNP per capita, digital mobile phone penetration, the number of
digital mobile phone standards, and analog mobile phone penetration. Countries with a
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Figure 4. Weibull baseline hazard, time from early diffusion to partial diffusion, evaluated at average val-
ues of explanatory variables (Note: The plot indicates that during the first few years of the data that we
include in this study, there is little movement from early diffusion to partial diffusion. This is expected
because the actual process of moving from introduction to full diffusion involves going through each
of the states. In this case, the transition from introduction to early diffusion comes before the transition
from early diffusion to partial diffusion. Again, “Year” on the X-axis in this figure means the diffusion
year (not the calendar year) for digital mobile phones from the time of the early diffusion. The reader
should recognize that not all countries in our sample reached the early diffusion state for digital telecom-
munication in the same year. The average values of the explanatory variables are as follows: GNP =
19,780, FIXED PHONE = 460, DIGITAL PEN = 10.54%, DIGITAL OPR = 2, DIGITAL STD =
1, ANALOG PEN = 3.74%, ANALOG OPR = 1, ANALOG STD = 1, STD POL = 0, LICENSE1 =

0, LICENSE2 = 0, ANALOG PRC = 22.14, and DIGITAL PRC = 25.43.)

large installed base of analog mobile phone subscribers achieve the early diffusion state
faster than their counterparts. There are two possible explanations for this result. First,
analog mobile phone users have upgraded to the digital technology earlier than the theory
predicts. Second, consumers in these markets are familiar with mobile phone technology,
thus making it easier for them to adopt the advanced digital technology. Consistent with
our prediction, the countries that have fewer digital mobile phone standards achieve the
early diffusion faster than those that have competing standards.

There are seven drivers from the early diffusion to the partial diffusion state: digital
mobile phone penetration, number of digital mobile phone operators, number of digital
mobile phone standards, digital mobile phone service prices, number of analog mobile
phone operators, analog mobile phone service prices, and licensing policy. All factors
except licensing policy show the signed effects according to our theoretical predictions.
The higher competition in the digital mobile phone market (high number of operators
and low service prices) tends to increase the diffusion speed. In contrast, the diffusion
speed is slower when there is higher competition in the analog mobile phone market. Our
results indicate that countries that employ regional licensing policy have a higher hazard
rate to achieve the partial diffusion state than those that use either national or hybrid
licensing policy. This might be because regional operators are more closely to customers
and may provide better services, resulting in higher adoption and faster diffusion. The
results across the two diffusion states also reveal that the network effects influences
are slightly weaker in the early diffusion state than in the partial diffusion state. In
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addition, competing standards tend to delay the diffusion process across the two diffusion
phases.

6. Conclusion

The global diffusion of m-commerce capabilities is founded on the widespread adoption
of mobile telecommunication. In this article, we empirically test the effects of country
characteristics, digital and analog mobile phone industry characteristics, and regulatory
policies on the diffusion rates of digital mobile phones across forty six developed and
developing countries. We also examine whether the drivers are different in different states
of diffusion. We defined four diffusion states: introduction, early diffusion, partial diffu-
sion, and maturity. Our empirical model is developed from a synthesis of the diffusion of
innovation, network externalities, and technology diffusion policy literatures. We use a
non-parametric survival model as an exploratory analysis to get a first-hand understand-
ing of the influence of each explanatory variable, when considered separately, on the
likelihood of digital mobile phone diffusion at the country level. We also use parametric
survival analysis to quantify the influence of explanatory variables on the hazard rate of
diffusion for this technology.

6.1. Overall findings and contributions

In general, our results are consistent with the predictions offered by our supporting
theoretical perspectives. We also find consistent results from the non-parametric and
parametric survival analyses that we undertook. The non-parametric analysis, based
on the Kaplan-Meier estimator, demonstrates that higher levels of GNP per capita and
installed base of analog mobile phone subscribers—indicators of the extent of technolog-
ical advancement in communications, in general—tend to be associated with more rapid
diffusion of digital mobile phone technologies. However, the number of digital mobile
phone operators was not significant during the early diffusion process. This may be be-
cause the first group of adopters is somewhat insensitive to competition that is occurring
in the marketplace among digital mobile phone service providers. This also makes sense
if we think about early adopters in isolation from other environmental factors: the earliest
adopters try things out because they like technology, and do not need to be supported or
encouraged with their use of technology.

The Weibull proportional coupled-hazard analysis results demonstrate that GNP per
capita, digital mobile phone penetration, the number of digital mobile phone standards,
and analog mobile phone penetration are important drivers from the introduction to
the early diffusion state. In particular, higher GNP per capita, and more analog and
digital mobile phone penetration tend to increase the hazard rate of transition from the
introduction state to the early diffusion state. In contrast, an increase in the number of
digital mobile phone standards seems to decrease the hazard rate, reflecting less rapid
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adoption. Similar to the non-parametric estimator, the number of digital mobile phone
operators is not significant in the early diffusion state.

Most of the results of this study are consistent with the findings available in previous
studies (e.g., [10,11,16]) and our theory-based predictions. One possible explanation is
that the observed levels of competition in the analog mobile phone industry during the
time our study covers will delay, in aggregate, the adoption decision of some digital
mobile phone adopters in the 46 countries. On the other hand, digital mobile phone
penetration in these countries is a significant driver of their transition from the early to
the partial diffusion state.

This research contributes insights that will be valuable for the academic and in-
dustry audiences. In academic research terms, this study makes contribution to ongo-
ing research in the diffusion of innovation stream, especially related to e-commerce
and m-commerce. First, we identify a set of determinants of diffusion rates at multi-
ple critical states of the digital mobile phone diffusion process. This is likely to im-
prove upon prior research, where the focus only has been on examining variables that
influence the entire diffusion process. Second, we use a broader set of determinants
of diffusion rates than other technology diffusion studies that have been carried out
in international contexts for IT. Third, our data set includes both developed and de-
veloping countries. This gives a strong basis for generalizing the results to the diffu-
sion of digital mobile phones in other economies, as well as the diffusion of other e-
commerce technologies. Fourth, we demonstrate that interdependent event history anal-
ysis modeling techniques can be employed to address important IT diffusion research
questions.

For managers, this research creates a better understanding of the factors that influ-
ence two of the three states that we have proposed for digital mobile phone diffusion
at the national level. This will enable policymakers to effectively develop appropriate
interventions to promote the wider adoption of m-commerce. Similarly, managers can
learn from our results about how to more effectively plan their m-commerce investments
according to the adoption patterns that our empirical analysis is able to characterize in
specific countries of interest.

6.2. Limitations and future research

There are several limitations in our work to date. First, the potential adopter popula-
tion might change as the technology diffuses over time, as we have observed for other
technologies. For example, the potential adopter population for powerful computer work-
stations has evolved from scientists and academicians, to business and even home users.
However, similar to other research on the diffusion and adoption of technology in interna-
tional and cultural settings, we face the dual critical issues of the lack of easy availability
of data and an absence of standards with respect to what is being measured. Given the
lack of rigorous theory-based and methodologically-strong empirical research in this
area to date, we believe that our work has the potential to make a solid contribution.
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Our innovation is to have modeled drivers of digital mobile phone technology across
its logical states of diffusion on an international basis. Second, although there are more
than 200 countries in the world, our sample includes only 46 developed and developing
countries. However, it is important to note that this set of countries covers more than
70% of the world population, so we believe that our data set is an appropriate sample.

Our future work to better understand the international diffusion process will involve
looking into how countries may influence each other in the process of digital mobile phone
diffusion. We will test if countries in close proximity or those that share similar economic,
cultural, and social conditions are likely to have similar diffusion patterns, thus creating a
basis for a regionally-spatial theory of technology diffusion. This notion is well supported
by theories in regional economics, and can be tested using advanced methods from spatial
econometrics. To this end, we are in the midst of expanding our data set to include more
countries and will explore other covariates to be able to analyze such effects.

Modeling Appendix: Diffusion models

Diffusion models can be broadly classified into three specifications: internal influence
models, external influence models, and mixed influence models. (For a comprehensive re-
view of diffusion models, see [34] and [37].) The internal influence model (also known as
imitative model) assumes that diffusion is entirely driven by communications or word-of-
mouth interaction between current adopters and potential adopters in a social system [36].
Thus, this model is appropriate when adoption decisions are largely based on imitative be-
havior. The number of adopters at time t can be represented by d N (t)

dt = q N (t)[M − N (t)],
where N (t) is the cumulative number of adopters at time t, M is the number of potential
adopters, and q the coefficient of internal influence that takes a positive value between
zero and one. The high value of coefficient of internal influence reflects strong influence
of current adopters on adoption decisions of potential adopters.

The external influence model (also known as the innovative model) assumes that
diffusion is exclusively driven by external factors to the social system [5]. No imitative
behavior is allowed in this model. This model is useful when the adoption decision
is mainly driven by influences from outside the adopter social system. The number of
adopters at time t can be represented by d N (t)

dt = p[M − N (t)], where p is the coefficient
of external influence that takes a positive value between zero and one.

The mixed influence model gives a more realistic view of diffusion process. It
combines both the internal and external influence in the model. Thus, the number of
adopters at time t can be represented by d N (t)

dt = [p + q N (t)][M − N (t)].
Recently, several studies (e.g., [12,39]) that evaluated the three diffusion models

on diffusion of various new technologies reported that the mixed influence model better
describes the diffusion process than either the internal influence model or the external
influence model alone. This reflects the fact that adoption decisions of new innovation
are often driven by both imitation and other external factors (e.g., vendor influence, mass
media, government sponsorship).
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The Bass diffusion model [1] is the most widely used mixed influence model. (For
a review of Bass model and its extensions, see [35].) Several studies have successfully
applied the model to study new product diffusion. For example, Bayus [3] reported good
empirical fits of the Bass model across the diffusion data of twenty seven home appliance
products.

Why don’t we use the Bass diffusion model in our study? First, several international
diffusion studies, which is our study context, found that the parameter estimates from the
Bass model are unstable. In fact, there are several cases with poor model fit to the data, and
most of the predictions and estimates are inaccurate [15,20]. Second, our study focuses
on finding dominant factors from the introduction to the early diffusion state and from
the early to the partial diffusion state. Prior studies (e.g., [14]) suggest that an insufficient
number of data points will give unreliable estimation of the Bass model parameters. In our
case, twelve countries reached the early diffusion state in two years. As a result, there was
in insufficient number to data points of estimate the three parameters of the Bass model.

Methods Appendix: Mapping the likelihood functions
to the diffusion scenarios

Each of the diffusion state transition scenarios that we described earlier in the paper has a
corresponding likelihood function. We only illustrate the likelihood of Scenario A—No
Diffusion, and Scenario B—Introduction-to-Early Diffusion. The likelihood function of,
L , the No Diffusion Scenario is:

L A =
{

exp

[
−

∫ tend

t0

r1(τ )dτ

]}
.

Since no diffusion has occurred in this scenario and there is only one possible
transition rate (r1) out of state [0, 0, 0], there is one term in the likelihood function, L A,
indicating that no transition from state [0, 0, 0] to state [1, 0, 0] (r1) has occurred. The
likelihood function of Scenario B, Introduction-to-Early Diffusion, is:

L B =
{

r1(t∗) exp

[
−

∫ t∗

t0

r1(τ )dτ

]}{
exp

[
−

∫ tend

t∗
r2(τ )dτ

]}

Here, a country moves from state [0, 0, 0] to state [1, 0, 0] at time t∗. From time t0
to time t∗, r1 is the only transition that can occur. The first term in the likelihood function
L B indicates that the transition from state [0, 0, 0] to state [1, 0, 0], r1, has been reached
at time t∗. Once a country is in state [1, 0, 0], there is only one possible transition rate,
r2, to consider from time t∗ to time tend and the last term indicates that no such transition
occurs. The likelihood functions of the other scenarios can be similarly represented.

Methods Appendix: Deviance residuals analysis

Analysis of the deviance residuals is a useful method to examine model accuracy and
identify outliers. Deviance residuals are adjusted martingale residuals that help reduce
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skewness in the distribution of the residuals. For a Cox proportional hazard model with
no time-varying covariates, the martingale residual is given byM̂i = δi − Ĥ0(ti )eβ̂T X ,
where δi is an event indicator variable (δi = 1: event, δi = 0: censored), Ĥ0(ti ) and β̂T

are the estimated baseline hazard and coefficients, respectively.
The residual plots of a fitted model should not reveal any pattern and there should be

a roughly equal number of positive and negative residuals. The problem with Martingale
residuals is that with just one event, the residuals may have extreme values. The deviance
residuals fix this problem, and are given by sgn (M̂i )−2[M̂i +δi log(δi − M̂i )]1/2. Figures
A1 and A2 plot the deviance residuals for the Weibull model estimation for time from
the introduction to early diffusion state (r1) and time from the early diffusion to the
partial diffusion (r2) state for 46 and 33 countries, respectively. The graphs demonstrate
a reasonably good fit for the Weibull model, with few outliers that might be a cause for
concern. For additional details, the interested reader should start with [31] and [33] (see
figures A1 and A2).

Figure A1. Deviance residuals, Weibull proportional coupled-hazard model, time from introduction to early
diffusion, 46 countries. (Note: In this figure, the X-axis lists the countries alphabetically, from Australia to

Vietnam. Potential outliers include Cyprus at +2.49, and Switzerland at −2.04.)

Figure A2. Deviance residuals, Weibull proportional coupled-hazard model, time from early diffusion to
partial diffusion, 33 countries (Note: In this figure, the X-axis lists the countries alphabetically, from Australia
to the United States. The deviance residuals for China and New Zealand are not available because there are

missing values for a couple of their variables.)
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