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Abstract

This is a monograph that presents both a compraeteeliterature review and
original research results on the diffusion and itihelications of e-business
technologies. The diffusion of e-business techrie@mong firms is regarded
as part of the ongoing process of technologicahgbhaand economic develop-
ment. It is shown that increasing returns to adwoptian arise if the technolo-
gies do not substitute each other in their funetiibies, leading to an endoge-
nous acceleration mechanism of technological dgveémt. Hence, the prob-
ability to adopt any e-business technology is higpsized to be an increasing
function of previously adopted, related technolegiEarly mover advantages
can exist until the early mover has exhaustedadkibilities of the new techno-
logical paradigm that promise positive returnsmrestment. Thus, history mat-
ters for the technological development of a firnd adoption decision today af-
fect the expected value of any other related telclgyoin the future. The exis-
tence of the endogenous acceleration mechanisnmipastant implications for
the management of new technologies, the performahesnterprises, the devel-
opment of market structures and entire economiés. theory is empirically
tested and supported in four independent inquitieB)g two different excep-
tionally large datasets and different econometrathods. The existence of a
growing digital divide among companies is demonettafor the period be-
tween 1994 and 2002.

In addition, the adoption of new e-business teatwiek by firms creates op-
portunities to conduct innovation, either to redtioe costs for a given output,
to create a new product or service, or to delivedpcts to customers in a way
that is new to the enterprise. Hence, it is arghetl the adoption of new tech-
nologies does have strategic relevance for firmmpiEcal evidence is pre-
sented showing that e-business technologies arentlyr an important enabler
of innovations. It is found that innovative firmseanore likely to grow. Also, e-
business related innovations are at the very leatsinferior to traditional kinds
of innovations in terms of simultaneous occurrewitd superior financial per-
formance of enterprises.

The study takes an interdisciplinary approach Istireg both to the econom-
ics and the management literature, with the obhjedt show complementarities
between both research fields and to draw conclasion both kinds of audi-
ences.
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PART |

1. Introduction
1.1. Purpose

The research results presented here primarily withltwo questions. The
first question is the fundamental question in diffun research: What deter-
mines the process by which new technologies spamaghg enterprises over
time? The second question arises directly fromfittsts What are the conse-
quences of the spread of new technologies?

Both questions essentially concern the topic ohtetogical change and
progress. Understanding the diffusion of new tefitmgies and their conse-
quences means understanding an essential partloidiegical change. This
topic has intrigued economists and business sstertkewise for a long time.
It hardly seems necessary to point out its impagaiVe look to technological
progress to rescue us from the consequences ofigig natural resources, to
cure lethal diseases, to outsmart our competitgrexiploiting new opportuni-
ties, to increase our wealth by making better Usthe resources we have, to
improve quality of life by saving time from thingge do not like to do, to pro-
vide us with new forms of entertainment, and matigothings. Technological
progress has brought to us a wealth of tools aititiast that have effectively
changed the way we live and work, among them esgmechinery, electricity,
airplanes, telephones, computers, and the Internet.

However, the invention of a new technology is oalgecessary, not a suffi-
cient condition yet for technical advance. Many maethods and products of-
ten find no immediate commercial application. Alsaen potentially beneficial
technologies are usually not adopted by everyosgiitaneously. Instead, dif-
fusion of new technologies is a dynamic processfdwures pioneer users, fol-
lowers, and typically also a number of non-adoptécsunderstand these proc-
esses, one needs to concern issues that are an@nte challenging to ana-
lyze: Diffusion is dynamic and hence time-dependentertainty is inherent,
heterogeneity of enterprises and markets playsleg specific technological
characteristics have to be considered, and imp@fecare omnipresent. It is
an important and exciting research field, bothdoonomists and business sci-
entists. Because of this, one of the purposesigtéht is to look at technologi-
cal change from both perspectives, trying to britige gap between the eco-
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nomics and the management literature on variouasiags and drawing con-
clusions for both audiences.

Certainly, the scope of technological change cap sabstantially for differ-
ent kinds of technologies. Some new technologieg omy have minor impact
on production processes and competition, or hawieelil areas of applications.
Other technologies may be applicable in many amedsmay have considerable
influence. Such general purpose technologies iecktdam power, electricity,
computers, or the Internet. The focus in this texdn e-business technologies,
which constitute a number of related informatiod @mmunication technolo-
gies (ICT) that are jointly based on the Interfidte purpose of these technolo-
gies is to support business processes, both vatlcimmpany or between a com-
pany and its environment. Related technologiedyratand alone. This makes
the analysis of the diffusion of e-business tecbgials particularly interesting,
because some of these technologies might be coraptsror constitute a pre-
requisite for the adoption of another applicatidiso, firms that have already
collected experience with one or more of theserteldgies might have learn-
ing effects that make the adoption of another eela¢chnology more attractive.
If such effects prevail, what will be the conseqeenfor technological devel-
opment? Which diffusion patterns can we expecind

Ever since the end of the “dot.com bubble”, thems been a very lively de-
bate about the relevance and the impact of ICT exbdsiness technologies
among economists, business scientists, managegs,jnathe public media.
Therefore, another relevant question in this cdniexDoes IT matter, and if
so, how?

The aim of this work is to make a contribution toslgour understanding of
these issues.

1.2. Contributions

This thesis contributes to the existing literaturea number of aspects. On
the theoretical side, an underpinning of the eff@ftrelated technologies is of-
fered. Specifically, it is argued that various €ast such as technological com-
plementarities, learning effects, absorptive cagaad imperfections of finan-
cial markets, can lead to increasing returns tqtdn. Hence, the probability
to adopt any e-business technology is hypothesiadue a strictly increasing
function of the number of other e-business techgiethat a firm has already
installed. As a result, a growing “digital dividean be expected up to the point
where the most advanced firms find no more addifioelated technologies that
promise positive returns on investment. A matherahtiramework is offered
that makes these thoughts explicit and empiridakyable.
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On the empirical side, various innovative approade employed. To ana-
lyze the adoption and diffusion of e-business, rap&tric model is always used
in the first step to test the mathematically detdilgpothesis explicitly. In addi-
tion, chapter 5 complements the parametric restittsa non-parametric analy-
sis that allows to gain additional insights abdnat tlata and provides an indirect
robustness check for the parametric model. Thispayametric techniques in
chapter 5 is used for the first time to analyzétetogy diffusion data. The pa-
rametric models in chapter 6 and 7 also featureesomovative elements. The
discrete time hazard-rate model which is used aptdr 6 allows to control for
unobserved heterogeneity of firms. In addition,tiedel has a semi-parametric
specification of the baseline hazard which allogtingation without making the
assumption that eventually all firms will adopt ledechnology as time goes to
infinity — a weakness of standard continuous tiragand-rate models for ana-
lyzing technology diffusion data. Chapter 7 usefixad-effects error compo-
nent model to estimate firm performance conditiomalthe market that a firm
operates in, thus controlling for unobserved masketific effects. All analyses
are based on large-scale survey data that werectad for thee-Business Mar-
ket W@tcha research project sponsored by the European Caiomithat had
the objective to monitor the uptake and impact-biisiness in various sectors
of the enlarged European union. The datasets coméay detailed information
at the individual firm level and represent popuatisamples from numerous
sectors and countries, covering a large part oh@wrdic activity in Europe in
the years 2002 and 2003.

The results of these studies are also novel andriiaupt in their own right.
The empirical results support the hypothesis ofdasing momentum of devel-
opment upon a given technological trajectory. Akbe, existence of a growing
digital divide is shown and its extent is quantifién addition, in chapter 7 we
learn that a substantial amount of innovation igently related to Internet-
based technologies. Also, it is shown that inn@vetibased on ICT are at the
very least not inferior to other kinds of innovaiso The results suggest that in-
novative firms and firms that are more advanceteahnology usage are more
likely to grow. Also, it is found that not all typeof innovation are related to
profitability. Reasons for this are discussed. Bnamplications of all results
are discussed both from an economic and a manag@®espective.

The original research presented in chapters 5 i® &companied by two
chapters that give an up-to-date overview of thstiey literature. All together,
I hope that these chapters will be accessiblerdatmg, and convincing to the
reader and possibly contribute to the debate artefuresearch on the nature
and the consequences of technological change.



1.3. Outline

The text is organized in three main parts. The fiest describes the research
topic in detail and provides an overview of what eauerently know about tech-
nological change by means of an extensive litegataview. This first part of
the text comprises of chapters 1, 2 and 3. Partctwdains chapters 4 through
7. These chapters present the novel research #satenducted for this thesis.
Part three concludes the text by summarizing thetrmoportant new insights
and by providing directions for further research.

The remainder of this first chapter continues wiité discussion of the most
relevant terminology that will be used throughche test of the book. This is
necessary to pin down an understanding about thestanovation, adoption,
diffusion, technological progress, and e-businbkasis appropriate for the pur-
pose of this study.

Chapter 2 gives a literature overview about thesequnences of technologi-
cal diffusion. Starting from a very general pergpes it discusses how tech-
nology determines the operating range of an engerpind possible problems to
appropriate returns from investments into new tetdgies. Then, the interplay
between market structure and technology investrisecbnsidered. The poten-
tial of technology to spur productivity and econongrowth is discussed.
Closely related but not identical to the concepprfductivity is firm perform-
ance, which might be measured on various criteréh s1s profitability, growth,
market share, or stock value. Consequently, tlaioglship between technology
investments and firm performance is also treatagthErmore, the conse-
guences of technological change for labor demardsarveyed. The chapter
concludes with a number of implications and hypsitheegarding e-business
diffusion.

Chapter 3 gives an overview of various stream#erfdtures that explain the
nature of the diffusion process of technologies)satering findings from mi-
cro-economic theory, empirical 10, corporate firarand the management lit-
erature. Although technology diffusion is a topicirmquiry in all these fields,
we find surprisingly little spill-over of insightbetween the disciplines. The
chapter tries to identify main contributions andcedapping themes of the dif-
ferent streams. It specifies some hypothesis atvith factors influence the
decision of firms to adopt e-business technolodresddition, the relationships
between technology diffusion and the impact of reshnologies are empha-
sized by showing numerous parallels and connectiehseen the theories dis-
cussed in chapters 3 and 4. It is argued that thetldiffusion and the impact of
new technologies are closely related and that thggther comprise an elemen-
tary part of technological progress and changes €bincludes Part .

Part 1l, which presents the original research tstaith Chapter 4 which de-
scribes thee-Business Market W@tclatasets that were used for the empirical
analysis in the following chapters.
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Chapter 5 presents a static analyses of e-busatkgstion. Particular atten-
tion is paid to the presence and consequencedatédetechnologies. A theo-
retical model based on investment-theoretic comatams is introduced which
leads to the hypothesis that, under specific cigtantes, firms are more likely
to adopt if they are already advanced users ofs@bss technologies. The hy-
pothesis is tested with logistic regressions andaigsimultaneous equation
model. In addition, classification and regressi@es are used to explore tech-
nological complementarities and usage patternsadrendetail. The three em-
pirical methods that are used in this chapter gaokide unique insights into
the adoption patterns of related technologies.

Chapter 6 extends the analysis to a dynamic saensing pseudo-panel
data. It tests the same hypothesis as chapter withih a dynamic hazard-rate
modeling framework. The results of chapter 5 arppsuted throughout al-
though the analysis is based on a different datadétcted with other enter-
prises more than one year later. A formal definitaf the growing digital di-
vide is presented and empirical evidence for fitressented.

Chapter 7 tackles the question about the relevaheebusiness technologies
as a source of sustainable competitive advantagériies. It is argued that e-
business tools enable both product and proceswvatinas. A model of firm
performance is developed that controls for unolesmwarket-specific effects
and estimates for the effect of e-business enahblsalvations on turnover de-
velopment, profitability, and employment developmare presented and dis-
cussed.

Finally, Part Il concludes the text with chapt8rand 9. Chapter 8 summa-
rizes the main findings and contributions. Chaf@ediscusses economic and
managerial implications of the findings and suggettections for future re-
search.

1.4. Terminology
1.4.1. Innovation

The term innovation is widely used in various catgeHowever, there is no
unique and universally applicable definition for Rtractically, this means that
instead of a universally “correct” definition, weust suffice with an under-
standing of the term that fits the purpose of thalysis. Here, we will need a
definition that is broad enough to point out theklbetween innovation and
technological progress, but also explicit enougkistinguish between innova-
tion and related terms, as for example newness.

In common speech, innovation means “the introductb something new”
or “a new idea, method, or device” (Merriam-Webddéctionary 2003). The
precise meaning is usually clarified in the speadiontext it is used in. For in-
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stance, a quite different meaning can be attaah#uketterm in a sociological or
a legal context. Compare, for example, the undedstg of the sociologist
Hagen (1971, pp. 351-361) who views innovation &sceor that allows elites
to build up power potentials, or the understandihthe German patent office
(Deutsches Patentamt, 2004) about what constiaut@snovative activity.

For the purpose of this study, it is an obviousichdo use a well-known
definition from the economics or business scieriegaiture. For an extensive
discussion of the term innovation from the manadeperspective, see
Hauschildt (1997, pp. 1-25). A popular example fritva business literature is
Rogers (2003) who defines innovation as an “ideactice, or object perceived
as new by the individual or other unit of adoptiofihe emphasis of this defini-
tion is clearly on the demand side of the marketRbgers view, it is the per-
ception of the customer that decides whether sdntgeth an innovation or not.
This definition is especially popular for marketipgrposes.

Another popular definition often cited in the maegdgl literature is by
Tushman and Moore (1982, p. 132), who define intiond'as the synthesis of
a market need with the means to achieve and proayreduct that meet that
need”. This definition is broader than the one sstgd by Rogers in the sense
that it includes the supply side of the market. ldeer, the focus is entirely on
the commercial transaction — the purchase of apreduct. The definition does
not account for the possibility that an innovatimay also occur on the users
side as a consequence or a prerequisite of the w§age new produét.

In contrast to many definitions of innovation tfi@tus primarily on the per-
spective of the seller of a new product, idea,racfice, a more comprehensive
definition is needed for the context of this wohlat allows to identify the rele-
vance of innovations beyond the immediate salesrést of the inventor. An
obvious candidate is the broad and popular defimiby Schumpeter (1934, p.
66). He describes innovation as the “carrying oftithew combinations”.
Schumpeter restricts this definition to those “renbinations” which are dis-
continuous, and not simply a small, continuous anbment of an old combina-
tion. He identifies five possible cases:

1. “The introduction of a new good...
2. The introduction of a new method of production...
3. The opening of a new market...

4. The opening of a new source of supply...

2 Other definition from the managerial perspectige be found in Barnett (1953, p.
7), Becker and Whisler (1967, p. 463), Damanpou®l1 9. 556), Knight (1967, p.
478), Rickards (1985, p. 10, 28), Roberts (1987) por3Schmookler (1966, p. 2).
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5. The carrying out of the new organization of amustry, like the creation
or breach of a monopoly position.”

Schumpeter’s definition is especially valuable hseait outlines different
dimensions of innovation in the economic and mariagsense. First of all, he
does not restrict innovation to one specific fumeéil dimension (e.g. market-
ing) but recognizes that innovations can occurractically all spheres of the
firm. In fact, his definition of innovation as “agmng out new combinations” is
not even limited to the firm environment. They naso occur among individu-
als or non-profit institutions, although Schumpsténterest was primarily on
production.

Second, his definition includes the subjective digien of innovation. The
judgment of how and in which way the new and tleeadmbinations of means
and ends are different, is essentially tied toljext and her perspective. This is
implied in the “five possible cases”, which coultiralate to one and the same
innovation (e.g. the gasoline-operated engine)dbpending on the perspective
of different subjects, this innovation could beewrgood (e.g. the engine from
the perspective of Carl Benz), a new market (emmfthe perspective of all
those who see the commercial potential of Benzowation), a new source of
supply (e.g. for the established manufacturersoathes), the introduction of a
new method of production (e.g. for carters who &wifrom horse coaches to
automobiles as a means of transporting their lgamsihe carrying out of the
new organization of an industry (e.g. from the estperspective of an outside
observer of the coach industry). Consequently, definition of innovation im-
plies that the question if something is an innamratiannot be answered without
asking “new for who”. In this way, Schumpeter’sidéfon of innovation gen-
eralizes Rogers definition.

Third, Schumpeter raises the issue of differenteleg of innovativeness. By
limiting his definition to discontinuous new comhbtions, he clarifies that not
everything which is somehow new already qualifeebé an innovation. For ex-
ample, the invention of the gasoline engine anddtheslopment of a new taste
variety of a candy bar can hardly be measured ensoale. It is the discontinu-
ity that distinguishes the one from the other. Dasoline engine actually re-
places the horse, the new taste variety only difiessthe spectrum of candy
bars. This has led to humerous attempts in theatitee to classify different de-
grees of innovativeness. We find characterizatlies‘major” versus “minor”,
“radical” versus “incremental”, or “basic” versusriprovement”. See for ex-
ample Green et. al . (1995), who constructed faatdrs and 17 items to meas-
ure the degree of innovativeness.

Fourth, Schumpeter clearly distinguishes betwegarition and innovation.
Invention is a necessary, but not yet a sufficemtdition for innovation. Inno-
vation does include the process of invention, t&d #he introduction of the in-
vention in a market or process. Schumpeter’s fix@rgles of innovativeness
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all include the notion of a practical use of theeintion. The “carrying out of
new combinations” requires an actual utilizatioraafiew mean or the achieve-
ment of a new end. Thus, what distinguishes innorgtom invention is that
the former requires a practical use of the lattan-invention must be adopted
to become an innovation (instead of just an idea jprototype).

This broad definition of innovation by Schumpet#ows to take different
perspectives on the subject. It seems suitabledopurposes and will be used
henceforth.

1.4.2. Adoption and diffusion

Innovation can be viewed as a process (Becker amglgy 1967, Hauschildt
1997, pp. 19-22) that typically involves stages lik

1. first idea
. discovery/observation
. research
. development
. invention

. introduction

N oo ok WON

. ongoing usage

We can view stages one to five as a breakdown efirtiention process,
whereas innovation includes stages one to six.eStagen — the ongoing usage
- is a consequence of the innovation, but not phathe innovation itself. The
terms adoption and diffusion of innovation referstage six of this process —
the introduction of a new product or process anmorgibers of a social system
(a firm, a market, a country etc.). Adoption refershe individual decision to
use a new product or process for the first timas Tlually involves some kind
of commercial transaction, contract or purchase.

The adoption decisions of different members of @aystem are usually
distributed over time. Diffusion means the aggredagpread of an innovation
in a social system, which is the result of theriistion of individual adoption
decisions (Litfin 2000, pp. 19-23). Adoption theatydies the determinants of
individual adoption decisions. Diffusion theory exyls the analysis to an ag-
gregated, time-dynamic perspective that does nmssarily model the individ-
ual decision of each member of a social systenalligehowever, adoption the-
ory should be the fundament of diffusion theonhtve a micro-foundation of
the aggregate analysis. It should be noted thatliffiesion of a new product or
process is an imitation of the behavior of othemmers of the social system.
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However, for each individual, the adoption of tlerproduct or process could
be an innovation in the sense that it changes hgrof’doing things or doing a
new thing for the first time (subjective dimensioh innovation — “new for
who”).

1.4.3. Technological progress

For the purposes of this study, the comprehensefaition proposed by
Stoneman (2002) is adopted: Technology means tbesgand services pro-
duced and the means by which they are producedfirmaindustry, or econ-
omy. Technological changes mean changes in thesgobdervices produced
and the means by which they are produced. The tézoimological change,
technological advance, and technological progressused interchangeably in
this text, blinding out the slightly different etll overtones of these terms.
When speaking of technological progress or advantis text, it is not neces-
sarily implied that this progress or advance wdlduperior to the previous state
in all regards — it simply means change in the enno sense specified above.
Technological changes in the nature and types oflg@nd services produced
are called product innovation. Technological changethe techniques used in
production are called process innovation (whicHudes e.g. changes in ma-
chinery, organizational changes, changes in the dlbgoods or information, or
managerial changes). However, as pointed out abelether something is
considered to be a product or a process innovagiafiten a question of per-
spective.

The attention to technology-related phenomena basad in the last few
decades to become an important concern for quitastneam economic theo-
ries, e.g. “patent races”, “new trade theory”, “ngwowth theory” and even
“real business cycle” macro models (Dosi 1997), &igb in the managerial
community with the emergence of research and tagdields like “technology
management”, “innovation management”, and “R&D ngg@maent”. The study
of technological progress is making steps “inside black box” (Rosenberg,
1982). We begin to understand technological pragrest as an exogenous
shock that randomly shifts the supply curve, buamexplicit part of economic

dynamics and business management.

The interest of economists to study technologicabpess was inspired by
Schumpeter (1934) who viewed major technologicabuations (“the carrying
out of new combinations”) as the main source ofjitgrm economic develop-
ment. He advocated the view that economic developmmist be driven by
forces that exist within the economy itself, and just by external influences
that the economy reacts to (Schumpeter 1934, p.“68puld it turn out that
there are no such changes arising in the econopfiers itself, and that the
phenomenon that we call economic development actice simply founded
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upon the fact that the data change and that theoewp continuously adapts it-
self to them, then we should say that there is cun@mic development.” In
other words, economic development in this sense doemean history or cul-
ture or other influences that are exogenous te@tmmomy. Neither does it sim-
ply mean the growth of population or income as atiooous process over time.

“Development in our sense is a distinct phenomeaatirely foreign to what
may be observed in the circular flow or in the &mdy towards equilibrium. It
is spontaneous and discontinuous change in thenelaof the flow, distur-
bance of equilibrium, which forever alters and tisps the equilibrium state
previously existing (p. 64)... These spontaneousd@isdontinuous changes in
the channel of the circular flow and these distodes of the centre of equilib-
rium appear in the sphere of industrial and comiaklife, not in the sphere of
the wants of the consumers of final products (p..6%he carrying out of new
combinations means, therefore, simply the differemployment of the eco-
nomic system’s existing supplies of productive ngearwhich might provide a
second definition of development in our sense &)".6

From this perspective, the emergence and diffusibmew technologies
among firms — thus technological change - is seea motor of economic de-
velopment. This concept of economic developmentdzased new popularity
recently through the very influential endogenouswgh literature (see for ex-
ample Jones 1998 and Romer 1990).

At the micro-economic level, the emergence of neshhologies often bring
about a myriad of changes that do not end withattheption of one new tech-
nology, but include the adoption of various compatary technologies, ac-
companied by organizational changes, changes idupts and services being
offered, prices, quality levels, production proessand changing supplier rela-
tionships. The influential theoretical work by Mitgn and Roberts (1990) and
Milgrom, Qian, and Roberts (1991) has demonstrétat it is no coincidence
that these changes occur together. The key id#missomplementarities exist
between technology variables and other key vargablethe firm's strategy,
such as organizational design, production and gpdecesses, inventory man-
agement, quality and delay of delivery. The firmdicision to adopt any or all
of the possible changes is marked by importanteanvexities. Thus, it may be
unprofitable for a firm to purchase a technologyheut adopting a changed
marketing strategy or organizational structure,ibuatight be highly profitable
to do all together. One key conclusion from theselefs is that under the pres-
ence of complementarities all sign-adjusted decisiariables rise over time
within a firm. Another conclusion is that it is pkible to expect coordinated
and radical changes in various decision variablesil&aneously. Once the
adoption is well underway, it should proceed rapialith increasing momen-
tum. It can also be shown that innovations in ttfenufiacture of technological
inputs both arise as a response to a growing mé&kehose inputs and simul-
taneously encourage that growth (Milgrom, Qian Ruderts 1991). Comple-
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mentarities among a group of core activities arat@sses can lead to a persis-
tent, path-dependent pattern of change. Once gteraybegins along a path of
growth of core variables, it will continue forevaong that path, or until exter-
nal forces disturb the system.

Another interesting and often cited stream of thdug the literature on
technological paradigms and trajectories (Dosi 19&bich provide a concept
for the direction of development. Dosi suggestd thabroad analogy to the
Kuhnian definition of a scientific paradigm (Kuh®@2), technological para-
digms can be defined. A technological paradigmnsoael or a pattern of solu-
tion of selected technological problems, based elacted principles derived
from natural science and on selected material t@olies. A cluster of related
concrete technological solutions can be associati#id each technological
paradigm, such as nuclear technologies, biotechredp or Internet technolo-
gies. Dosi calls the pattern and direction of pesgrbased on a technological
paradigm a trajectory. Technology, in this viewglides a perception of a lim-
ited set of possible technological alternatives ahahotional future develop-
ments. We can think of the outer limits of a trégeg as the optimal combina-
tion of all relevant technological and economiciakles, so to speak the pro-
duction possibility frontier with respect to a giveechnological paradigm. The
emergence of a new trajectory corresponds to trergance of a cluster of re-
lated technological innovations in the Schumpetesi@anse. The movement of a
firm or an entire economy upon a trajectory caméscribed by the diffusion of
technologies from the cluster within a firm or eocotry. The economic and
managerial relevance of a new trajectory will deben the scope and the “dis-
ruptiveness” of the associated technologies.

Numerous technological trajectories can exist imalh. Also, trajectories
can be more or less general and more or less pawgrfaddition, there might
be complementarities among trajectories because régiire complementary
forms of knowledge, experience, skills etc. Wheera¥ing of trajectories or
technological paradigms in this text, the abovesgidefinition of these terms
by Dosi (1982) is implied.

1.4.4. E-business

Before we proceed, it must be made clear what wenny e-business and
how it fits into the general framework.

The emergence of the Internet as a new mass meidithe late 1990’'s
combined with a lively public debate about its nsehas created a variety of
terms to describe Internet-related technologiesamidities. Policymakers, in-
dustry, and the media used different terms forstmae concepts, and also often
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attached different meanings to the same terms. ésnaequence of the initial
confusion, there were numerous efforts lead byousristatistical authorities
and international organizations (e.g. OECD, Eurap€ammission, U.S. Bu-
reau of the Census, Statistics Canada) to comeitlpanclear and consistent
definition of terms as a first step for developumgful statistics to measure the
“digital economy” (Mesenbourg 2001, p. 3; OECD 19pp. 7-9; EITO 1999,
pp. 169-170; Atrostic et. al. 2001).

The existing definitions can be seen as differimghiree key elements that
they usually cover (OECD 1999, p. 10):

1. activities/transactions,
2. applications,
3. communication networks.

These three key elements are identical to the rdiftedimensions that e-
business comprises: A technological communicatiérastructure, one or more
(software) applications that run on this infrastune, and the actual usage of
the applications. The earlier definitions of e-lbesis and e-commerce varied
for example with the activity (e.qg. retailing orlidery occurring electronically),
the application (e.g. fully integrated online shmpan online catalogue with a
simple email form), or the communication networkythreferred to (e.g. Inter-
net or EDI). In addition, there has been a debhteitathe scope and the rela-
tionship of the terms e-business and e-commerce.

For the purposes of this text, it is useful tolstiz the definition given by the
European e-Business Market W@tch (2003), becawseuhvey data for the
empirical analysis in chapters 5 till 8 stems fritnis research project. The defi-
nition of the e-Business W@tch project is offigjalised by the European
Commission (who initiated the project) and closeiates to the definitions
suggested by the OECD and the U.S. Bureau of thsuSe This ensures a wide
acceptance in countries that follow OECD standakti®, with this back-up by
official authorities, the definition used here ssetm become increasingly ac-
cepted in research and business practice as well.

The e-Business Market W@tch defines e-businessnadiasiness process
that an enterprise conducts over non-proprietamgpeger networks, which re-
lates both to external and to company internal gsees. The understanding of
the term e-business is such that is does not adgribe external communica-
tion and transaction functions, but also relatethéoflow of information within
the company, i.e., between employees, departmsmisjdiaries and branches.
As distinct from this, e-commerce is taken to coeeternal transactions only,
and it therefore might be conceived as a subgrdugphbusiness activities (see
Figure 1).
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Figure 1 - Basic concept of “e-business” and “e-camerce”
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Source: European e-Business Market W@tch (2003)

The definition given above limits the scope of thems e-business and e-
commerce to the usage of non-proprietary netwarks the Internet) for con-
ducting transactions. The distinction was maintaibg the e-Business W@tch
team to be able to investigate the specific corsecgs of non-proprietary net-
works, which can be very different from using piliefary networks such as EDI
(Cohen et. al. 2001).

The related term “information and communicatiorhtemlogy” (ICT) refers
in this context to the technological infrastructue the tools of e-business,
rather than to the processes associated with tisaige. ICT can also be pro-
prietary technologies (e.g. networks, computerftwsme, or proprietary CAD
technologies). The use of ICT in business processas to e-business, if non-
proprietary networks are used.

Other than the restriction to non-proprietary netwvtechnologies, the e-
business definition used here is very broad byuthiolg anykind of business
process that occurs within an enterprise or betveaernterprise and external
parties. The meaning of the term is explicitly redtricted to commercial trans-
actions in the legal sense, but also includes atieams of exchanging informa-
tion in a commercially relevant way, for example floe purpose of optimizing
logistics, sharing knowledge, or employee trainifis broad definition has
the advantage that for the purpose of analyzing ihgacts of
e-business, the attention of the investigator tshastily restricted to a limited
set of Internet-supported activities or applicasidhat might ex post not turn
out to be the most relevant.
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How does e-business fit into the framework outlimédve? Is it an innova-
tion? If so, how “major” or “disruptive” is it? I part of technological progress
in the sense of Schumpeter, Milgrom and RobertBasi?

An innovation in the Schumpeterian sense as “cagrgiut of new combina-
tions” requires the utilization of a new mean, #uhievement of a new end, or
both. When a firm adopts an e-business solutiastglly transfers parts of an
existing process into a new process that is supgoby the new Internet-
technology. It changes the way of doing things. Erample, when a firm
adopts an e-learning solution, a part of the tr@ractivities could be shifted
from the seminar room to the computer desktop efaimployees. In our termi-
nology this is the utilization of a new mean — agass innovation. Such a proc-
ess innovation naturally requires more than sintipdy purchase of a particular
software. In practice, the purchase of a speciicigness tool is only the first
step in a longer implementation process that ugealinprises

* customization of the software,
* implementation into the existing communication ratey

» definition and implementation of interfaces of thew software with leg-
acy software systems and data,

» development and integration of suitable content,
» re-engineering of business processes,

» and various training measures for employees tolifaize them with the
new tools and routines.

A process innovation only occurs if the implementatsucceeds, the rou-
tines are changed, and the new system is actudéized.

The adoption of an e-business solution may alsw teahe achievement of a
new end, for example if the usage of the technoisdlye prerequisite for a new
product or service offer that can be successfalisoduced to the market (e.g.
Internet auction platforms like Ebay — in this cdle service innovation oc-
curred simultaneously with the emergence of a neterprise and a new mar-
ket). Online banking is an example where the watilan of a new mean and a
new end happened simultaneously. It is a produdeorice innovation to the
customer that allows her to access her bankingusmtcand conduct financial
transaction 24 hours a day from any Internet-teariimthe world, independent
from bank branches and opening hours. To the baika process innovation
because it automates the processing of custonmeairdons.

From these examples it becomes clear that e-bssfitesnto the definition
of innovation as the “carrying out of new combipag”, given that the imple-
mentation and utilization of the technology-suppdrhew processes or the in-
troduction of the technology-supported new produciervice to the market ac-
tually succeed.
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Further considering the functiondimension, one can find e-business solu-
tions for practically all spheres of the firm (SEgble 1). This illustrates that e-
business offers a wide range of innovation potémtegain corresponding with
the broad Schumpeterian definition that did notrigsthe innovation term to a
specific function of the firm.

Table 1 - Examples of e-business solutions for varisdunctions of the firn?

E-business solution

Typically corresponding functiorof the
firm

Online sales

Marketing / sales

E-procurement

Purchasing

Supply chain management (SCM)

Purchasing / logigtioduction

E-marketplaces

Purchasing / sales

Customer relationship management
(CRM)

Marketing / customer service

Knowledge management (KM)

Human resource managehfitbD

Enterprise resource planning (ERP)

Accounting /madlittg / logistics / pur-
chasing / sales

E-learning

Human resource management

Group ware

General management / R&D

For the sake of completeness, different subjediwgensions of e-business
innovation can be identified. Let's consider tharmple of e-learning, which is
the usage of online, Internet-based technologiesufiport employee training
(E-business W@tch 2003, Kéllinger 2002, pp. 15-19).

E-learning can be aew goodfor the producer of a learning software plat-
form (e.g. Saba, Docent) orreew servicefor an education content provider,
who switches to this new distribution channel (glgbalenglisch.com, Univer-
sity of Phoenix). It can be mew markefor all those who see the commercial
potential of e-learning (e.g. SAP — a late mov¢o ithe market for e-learning
software platforms, or NETg — an e-learning firnthworigin in the United
States who expanded into Europe as a new markdteaFhing can also be
viewed as anew source of supplyy those companies that add e-learning mod-
ules to their employee training curricula (e.g. l@r-Chrysler corporate uni-
versity). It may also be considered aseav methodf knowledge generation,
both from the perspective of the individual learaed the perspective of the
firm that organises and conducts trainings. Finatlymay also be seen as a
source for thenew organization of an industry the market for professional

3 The examples listed in the table only refer tosthsolutions which run on the
Internet, i.e. fulfill our definition of e-businedkat is restricted to non-proprietary net-
work technologies.
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training services has seen quite a restructurimgesithe emergence of e-
learning. Market shares have shifted from traddlotraining methods to e-
learning and to new industry players, while incunibereacted with different
strategies to the new possibilities and threatdlifier 2001, pp. 63-72; IDC
2000).

One could easily formulate similar cases for o#vdusiness technologies. It
becomes obvious again that the question if somgikian innovation cannot be
answered without asking “new for who”. In additidhalso shows that whether
one views e-business as a product or a procesgdtian is essentially a matter
of perspective.

The previous discussion leads to the following us@ading of e-business:
An e-business technology may be viewed as

e a product innovation or a new market from the pectipe of the suppli-
ers, if their technological inventions are sucad$sfintroduced to the
market;

« an enabler of process innovation from the perspedf the adopter, if
the implementation of the e-business technologgesds, the routines
are changed, and the new system is actually wufiliae

« an enabler of product or service innovation from plerspective of the
adopter, if the e-business technology is succdgsiskd to offer a new
service or deliver products to customers in a vy ts new to the en-
terprise.

Note that in all three cases the definition of sibess as an innovation is
conditional on certain restrictions. This is espgiimportant for the perspec-
tive of the adopter. For the adopting firm, thehtemogical solution is only a
tool to enable innovation, the purchase of the ttsallf does not constitute an
innovation yet. Thus, the question if and to whdest e-business technologies
are actually used to conduct innovations on the sidthe adopters is already
an empirical one.

This leads to the question how “disruptive” or “omidj e-business-enabled
innovations might be. From the previous discussierknow that e-business of-
fers a wide range of innovation potentials, spagmver many functional areas
of each firm. In addition, many of these e-busirgdsitions can be applied in
various sectors of the economy, so the scope dhtiwvation potentials for the
economy is also very broad. However, whether weeslesmajor changes oc-
curring due to the adoption of e-business technietogssentially depends on
how each individual firm deals with the availabdehnologies. The e-business
induced changes that are possible in each firmbeaquite radical, but they
may also be incremental. In the worst case, ans@bss investment may also
turn out to lead to no changes or to no desirechgdm (i.e. a writing off). In
practice, we find that some firms rely very heawly Internet-supported proc-
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esses (e.g. Dell, E-bay), whereas others don'tsTthe question whether e-
business is a “disruptive” innovation in the Schetepian sense that acts as a
driver of economic development is actually alsoeampirical one. Chapter 7
will discuss this issue in more detail, based opidoal results.

Interestingly, many aspects of e-business seenonply with the assump-
tions in the model of Milgrom and Roberts (1990) Vfe faced with a number
of new technologies that can serve different pugposithin firms, but are all
members of the group of ICT’s that use the Inteaset communication plat-
form. We may expect that some of these technolagikbe complementary to
each other and to other decision variables of itine, such as flexible produc-
tion schemes, automated supply chain managemeitkeguengineering and
production times or customized marketing activitiekis would mean that it is
plausible to expect path-dependent developmentsirréasing momentum
once the adoption of some core variables is undgr w

Finally, how does e-business relate to Dosi's cphoé technological para-
digms and trajectories? Recall that Dosi (1982)nesf a technological para-
digm as a model or pattern of a solution of setbdtehnological problems,
based on selected principles derived from the ahgaiences and on selected
material technologies. Following this conceptuahiework, we could define e-
business as a cluster of related technologicalviations that are jointly based
on the Internet. The technological problem thatealiusiness solutions try to
solve is to optimize the exchange of commerciadhgvant information, which
is essential for running and controlling any busserhey do so by providing
specific software solutions that run on non-pragrg computer communica-
tion networks with a universally standardized peolo(TCP/IP). In this sense,
e-business is a technological paradigm with a genyeral scope, because it's
“normal problem solving tools” are applicable irrieais regions, sectors, firms,
and functional areas. The normal course of devedopralong the e-business
trajectory starts with the non-availability of atechnology from the e-business
cluster within a firm or country, progresses witle tadoption of various tech-
nologies, and possibly ends with adopting all aldé e-business tools. Note
that this is not a deterministic process. Not iath§ need necessarily adopt all
technologies that are associated with a given jgradHowever, the rate of
progress upon a trajectory can be related to tiséipo of a firm upon the tra-
jectory because of complementarities, learningcifferebates and financial
consequences of earlier investments. Chapters b anidldiscuss this in detail.
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2. Consequences of technological diffusion

An extensive amount of research has been condocté¢ide consequences of
the emergence of new technologies (for an overvses,for example Stoneman
1995). The purpose of this chapter is not to giveomplete treatment of all
relevant contributions to this topic, such an endeavould be clearly beyond
the scope of this text. Instead, the purpose potot out some important topics
that have been demonstrated to be directly relate@chnological change in
general in order to identify possible consequerafes-business technologies.
Some of the emerging issues can be addresseckirctapters, while most will
necessarily remain subject to further research.

2.1 Technology and the supply function

The technological environment is fundamental tohefien and the entire
economy because it determines the available opgredinge of each individual
enterprise. In micro-economic theory, firms are emed with production-
possibility sets, which are determined by the add technology. Producers
maximize their profits over these technological gdoisities, giving rise to sup-
ply functions (Arrow and Debreu 1954, Mas-Colell & 1995, ch. 5, Tirole
1988, Varian 1992, ch. 1). From this general stgrfioint, it is obvious that the
technological environment influences all areas afn®mic activity. Technol-
ogy determines the types of products and servieggylproduced in an econ-
omy and the optimal combination of machinery arbtao produce these out-
puts. It also influences market structures. Fomg®a, whether a technology is
convex or not will have an influence on the expeatarket structure and com-
petitive dynamics of an industry. Technology alsfiuences the equilibrium
conditions in each market, and thereby market priaggregate output and the
distribution of social welfare. This implies thattronly the profits of the firms
operating in a given market depend on the techyolsgd, but also consumer
welfare. Hence, technology is a crucial elementtlf@r living standards in an
economy.

The largest part of economic theory takes techryolmyexogenous and de-
rives equilibrium conditions given a particularieology (i.e. cost function). It
is implicitly understood by economists that teclugyl is a fundamental aspect
of economic activity, but it is mostly treated a%kack box”. However, there is
also a substantial part of the literature that mmrs the incentives and conse-
quences of technological change explicitly. Examplee the research on R&D
incentives, patents, licensing, technology diffasioew growth theory and real
business cycle theory (Geroski 1995, Beath el 985, Romer 1996, ch. 3 & 4,
Stoneman 2002).
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Technological change always comprises of severas.pahe first part is the
emergence of a new technology, which is a produmatvation from the point of
view of the firm producing the technology. A newhaology can either emerge
as a consequence of a deliberate research ancgmesit effort, but it can also
emerge as a by-product of some other activity oplme chance. The second
part is the introduction of the new technology amather firms. By adopting
and implementing the new technology, user firmsttrychange their way of
production, which constitutes a process innovatfdternatively, user firms can
also adopt the new technology to create a new ptaatuservice for their cus-
tomers, which constitutes a product innovationalyn both product and proc-
ess innovations can occur simultaneously on the gidhe technology-adopting
firm if the implementation succeeds.

In micro-economic terms, a product innovation cgpends to the generation
of a new production function (Kamien and SchwaB882, p.2), or alternatively
leads to product differentiation (Beath et. al. 198haked and Sutton 1986,
Vickers 1986), depending on how new the product is.

A process innovation, on the other hand, can b&edeas an outward shift
of an existing supply function, which is normallypdeled by assuming that the
new technology will lead to lower variable costghie production of an existing
good or service (Beath et. al. 1995, Dasgupta aiglits 1980, Reinganum
1981 a,b).

The possible consequences of a successful prodpcboess innovation that
are induced by a successful implementation of remlirtologies create market
adjustments that can yield competitive advantageshie innovative firm. The
prospect of these advantages triggers the investmennew technologies and
the associated diffusion process. The nature afetlidosely interdependent in-
centives, decisions and market adjustments isdurdiscussed in chapters 2.3,
2.4,2.5and 3.

2.2. Appropriability problems

A relevant and non-trivial question is who will kefih most from an innova-
tion. Apart from the literature that emphasizesdbtual products and processes
used in an economy when talking about innovatiath tachnological change, it
is also not uncommon to think of technology as gerlowledge or informa-
tion that is generated by investing into R&D (Storam 2002, 4-6, Geroski
1995). Typically, the terms knowledge, informatigmyention, innovation and
technology are inexactly treated as synonyms ih sontexts. Although this is
not the approach that is followed throughout tbid,tit does have some merits
because it points out potential problems for ineestto invest into technology
and the ability of innovators to benefit from thisivestment.
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The main argument is that knowledge and informaliave to a large degree
attributes of a public good. Information may be -mmalrous in the sense that
its use by one firm does not automatically precltig=use by another. It may
also be non-excludable if the producer of the neeskedge is unable to effec-
tively prevent non-payers from using it. Patents @ame way to assign property
rights to knowledge. However, not all commercialbluable knowledge com-
plies to the legal standards required for gettingept protection. Thus, a suc-
cessful inventor may involuntarily create a positexternality for the market
without being able to get a private benefit from B&D investment. Hence, the
production and dissemination of new knowledge éormation might be sub-
ject to market failure and create problems foritiventors.

If the use of information by one firm does not puele the use of the same
information by another firm, the sale or involupt&mansfer of the new informa-
tion by the inventor instantly destroys her mongp@eroski 1995). Also, a
potential buyer of the information will have diffities in judging the value of
the information before it is revealed. Howeverthet moment the information is
revealed there is usually no additional value irchasing it. Thus, the inventor
is unlikely to recoup her investments into genegatthe new information,
which creates a disincentive to invest. This comsts a potential for market
failure because everyone might be better off with hew information than
without it, but the incentives to invest are snifaiocial returns exceed private
returns on investment.

In addition, market failure might arise becausedteation of knowledge of-
ten involves substantial fixed costs which leadnreasing returns to scale.
Also, knowledge and information are inherently déte, which usually pre-
vents marginal pricing and also implies economiescale even if the informa-
tion can be perfectly codified and protected withagent. Finally, investments
into the generation of new knowledge is risky iotways. First, the inventor
has ‘technological’ uncertainty about how to makensthing work. Second,
there is the additional uncertainty about how tib tee new idea on a market
(i.e. how to turn the invention into an innovatiodhis double uncertainty
might be another cause of market failure for thediment into new technology
(Arrow 1963, Geroski 1995, p. 91)

Thus, there are numerous potential problems foine@entor to appropriate
returns from her investment into new knowledge.t@nother hand, according
to Geroski (1995, p. 93) there are two reasons tivege problems may not be
SO severe in practice:

First, the appropriability problem depends on tkieset that the transmission
of knowledge is costless. As soon as the acquisitioknowledge becomes a
cost factor for whatever reason, knowledge losestin-excludability attribute
and increases the chance of the inventor to yighdivate return. The second
reason why information and knowledge are oftenmdilic goods is because
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many new ideas can be embodied in an output saddn@sv product or service.
Naturally, it is much easier to claim property tiglover and charge for things
or services than for ideas or concepts.

The costs of transmitting a new technology (voltiytar involuntarily) are
rarely actually zero. It seems clear that the coktsansmission depend on the
nature of the technology. They tend to increasd widmplexity, the rate of
change, and the degree to which the technologteseta other complementary
or specialized assets of firms and their degreexpgrience (Geroski 1995, p.
117). Also, the ease of transmitting knowledge $atoddecrease if the nature of
the knowledge is more tacit than explicit, and leecannot be easily codified.

However, even if the public goods characteristicaroinvention can be ef-
fectively circumvented by whatever means, this dogtsyet guarantee that the
inventor will be able to appropriate private resiriMacDonald and Ryall
(2004) have shown in a formal analysis based ofiticwagames that even if a
technology or innovation takes the form of a valeakare, and imperfectly imi-
table firm-specific asset, this does not guaraptéate returns of the owner of
the technology. They show that a non-imitable res®us neither a necessary
nor a sufficient condition for profitability becaaighe ability of a firm to appro-
priate private returns also depends on how consunaue the product of the
firm and whether there is competition for the pretdon the consumers side. In
other words, the firm must also be able to effattivestrict its supply such that
some consumers who would value the product aresemwed. On the other ex-
treme, even if the technology would be perfectlitaivie, this does not rule out
that firms might appropriate excess returns in ¢hsg have another scarce re-
source, such as production capacity (i.e. if ath§ together cannot serve all
customers although the technology is common knoydgdOnly if there is per-
fect imitation and no scarcity of supply, no firnilve able to gain profits irre-
spective of their bargaining skills and customeils appropriate all value. The
point is — even if a successful innovator is petfeable to circumvent the pub-
lic goods problem of his invention, this does natoanatically solve his appro-
priability problem.

In the case of e-business technologies, techn@oppliers have found many
ways to circumvent the public goods problem. The fieowledge” about how
to run certain business processes based on Intectaiologies is usually em-
bedded in products (hardware and software) anduttings services (customi-
zation, implementation, migration, training, andpetvision), which can be
sold. This does, however, not imply that all tedbgg suppliers can be profit-
able, but at least they are not unprofitable bezafis disability to exclude cus-
tomers from the usage of their innovations.

Whether the users of the new technology are ablppropriate private re-
turns from their investments into the new techni@sgand the corresponding
process innovations is even less clear. Let’'s asstome industry is character-
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ized by all firms originally using the same (oldrhnology. Each of these firms
might originally be profitable or not. Now a nevetmology arrives that makes
production more efficient and could in principle beught by any firm in the
industry (hence it is non-exclusive and repressoise generic new knowledge,
such as a standardized enterprise software soltitadrcontains a set of proven
best practice business processes). The questibad®ption of the new tech-
nology will allow a firm to benefit from the invesent, i.e. to yield private re-
turns exceeding the original returns. The answéhigquestion depends on the
timing of adoption decisions. For example, it canshown that under monopo-
listic competition, firms that successfully intrashd a new production process
are only able to get private returns from theireisiment as long as their com-
petitors have not also adopted the same procedg ((989). If all firms adopt
immediately, no firm will get excess returns andehefits will be passed on to
consumers. Firms that do not adopt, however, wikelmarket share and will
eventually be driven out of business.

The story changes, however, if firms are not coteffehomogeneous ex
ante and if the new technology closely relatesoimmementary or specialized
scarce assets, such as managerial competenceetenpe of rare technical ex-
perts, or a high level of technological experieacgong employees. In such a
case, only firms that posses the necessary comptaryescarce resources will
be able to benefit from the new technology. Omtimer words, the value of the
new technology is not identical to each firm in tharket. It could also be that
the technology is not generic, but can be custainiaesuit individual needs of
companies, thus making it more difficult for rivadsimitate. This opens up the
possibility to create a scarce resource that cabrogasily copied by rivals,
thus increasing the chance to appropriate privatess returns, provided that
there is some degree of competition for the prodadhe consumers’ side.

The bottom line for the users’ side thus is: adaptjeneric “best practice”
e-business solutions will at best generate temparacess returns, as long as
competitors did not successfully copy the sametm@cSustainable advantages
that are due to e-business technology can onlycheweed in two ways: (1) if
the technology can be customized, complementingesotiner scarce resource
of the firm, thus limiting imitation; or (2) if theechnology can be used to inno-
vate a new product or service offer that is valaablcustomers and cannot be
perfectly copied by competitors.

A number of empirical studies have dealt with dif@ methods of appropri-
ability and their effectiveness. Levin et. al. (Z98ind that for new processes
lead time (early adoption) and learning curve athges were most effective in
securing private returns, followed by secrecy albloeitnew process and market-
ing related advantages. Patents were found todst &ffective for appropriat-
ing returns from new processes. For new productents turned out to be
more important, but still not as effective as I¢iaok, learning curve and mar-
keting advantages. Taylor and Silberstone (1978phdothat the influence of
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various measures also varied from sector to seEtmrexample, patents seem
to work better in the pharmaceutical industry ahd manufacturing of other
chemical products than in other sectors.

Another relevant issue in this context is the itivia time that firms need to
copy the action of the first innovator. Mansfiel®85) found that rivals learned
about decisions made to develop new products aegees some 12-18 months
after the decision has been made. Consideringviiage development process,
which takes about 2-3 years to complete, therevisrg good chance that the
news will leak out before the project is finishe@efoski 1995, p. 107). If,
however, the innovation is readily codified and tenpurchased as a technol-
ogy from some provider (as in the case of many sidess technologies), the
imitation time might be considerably lower and tlius diffusion process of the
technology faster than in the study by Mansfieléigd).

Summing up, the research on appropriability prokldras pointed out that
investments into technology might be subject tokeafailure for various rea-
sons. One important reason is that the inventolddog unable to exclude non-
payers from copying the invention. In this case, $bcial returns to the inven-
tion might exceed the private returns and hencaterao incentive for the po-
tential inventor to invest. This incentive problemears off if the inventor is
able to embed its new idea in a new product oricerthat is valuable and
scarce for customers, or in case of a new proasses with the complexity of
the technology and its relation to other complemgnand scare inputs, such as
specialized labor. To profit, the innovating firnust at least gain a temporary
monopoly position which will be destroyed once cetitors are able to per-
fectly copy the innovation and serve all custonierthe market. Hence, lead
time, learning curve advantages, secrecy, pateapsacity constraints, market-
ing related advantages, and other scarce complamyersources of a firm can
contribute towards securing private returns on stwment and overcoming the
appropriability problem.

2.3. Market structure

The relationship between technology, innovativeviies and market struc-
ture is complex and has been subject of extensisearch in the industrial or-
ganizations literature. The results of these orgo@search activities are rele-
vant both for policy makers (for defining competiti policies that ensure dy-
namic efficiency) and business managers (for cimgosiptimal innovation
strategies to gain profitability and to survivelie market).

Technology influences cost structures and, thusyspan important role for
determining market structure. This is a one-dime@l relationship. However,
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the relationship between technology and innovatiorthe one hand, and mar-
ket structure and innovation on the other is a divectional relationship. While

the present state of technology influences theeaasfgpossible future techno-
logical development by means of successful innowatine occurrence of suc-
cessful innovation changes the technological envirent. Furthermore, a given
market structure influences firms’ incentives tedst into innovative activities.

Successful innovations, in turn, might initiate ©hes in market structure by
stimulating the growth of the successful innovatbthe expense of its rivals or
changing the minimum efficient plant size for ogiienain a market, hence lead-
ing to a rise or fall in industry concentration.ushtechnology, market structure
and innovative activity are all endogenous varigliledynamic models of mar-
ket development (Scherer 1980, p. 5).

Market structure is determined by the size of tlaekat, the number of firms
in the market, and their size class distributiohe Toptimal size of firms in a
market is given by the shape of their cost fungtishich depends on the pres-
ence of economies of scale and scope. The sideeaintirket is related to the
position of the demand function, which might bejsabto network external-
ities. The interaction of the aggregate supply dachand function pose limits
on the feasible number and size distribution ahdirin equilibrium. Thus, they
shape the boundaries of the industry market streictu

According to Panzar (1989), an industry configuratis a number of firms,
m, and related output vectog,y?,...,y" such thaty"y' =Q(p), wherep is the
vector of market prices an@(p) is the system of market demand equations.
Thus, supply equals demand. An industry structunéclvis sustainable in a
long-run equilibrium must guarantee that firmshia tndustry make at least zero
profits. Thus, if an industry structure is to badile, the market demand curve
must not lie to the extreme left of the firm’'s aage costs curves. Formally, a
market structure is feasible fxy' > C(y )i, i.e. no firm in the market makes
negative profits.

However, not all feasible industry structures Wil sustainable. In fact, for
some markets, industry configurations with one,,tara thousand firms might
all be feasible. In order to be sustainable, amsig structure also needs to be
efficient. Efficiency of an industry can be definasl

(2.1) >ciy)=_min 3 cy)=XC W)

wherey' =3"y! is the total industry output and (y') is the industry cost func-
tion. Therefore, according to Panzar (1989, pp338jan industry configuration
is efficient and sustainable if and only if it iade up of a number of firms and
a division of output that yield the lowest possitd&l industry costs of produc-
tion. However, as the technological environmennges, the cost functions and
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/ or the output vectors of firms begin to changd an industry structure that
was feasible and efficient in the past might notsbstainable anymore. This
could lead to exit of enterprises from the marked greater concentration or
encouraging new entry and higher competition.

To reiterate, the feasibility and efficiency of aanket structure at any given
point in time is given by the shape of the costfiom of firms and the demand
function of the market. The dynamic structure aharket, however, is influ-
enced by the interplay of firms’ incentives to ist@to innovation, their ability
to appropriate returns from their investments, paossible shifts in the demand
function of a market.

To elaborate on these issues in more detail, th@xfimg two sections will look
at economies of scale and scope as factors tHaemde the shape of the cost
function. The section after that looks at netwatteenalities as a factor that in-
fluences the shape of the demand function. Thexeafie interplay of market
structure and innovation are discussed in moreldetavo sections. A special
section is the one on technology competition, whadtes a game-theoretic ap-
proach to analyze firms’ strategic incentives teest in R&D and analyses the
market outcomes of such games. The following seatientions additional fac-
tors that can influence the dynamic relationshipnobvation, technology, and
market structure. Finally, the last section sumpearithe main results and re-
lates them to the diffusion of e-business techriekg

2.3.1. Economies of scale

The limits of perfectly competitive market struasrhave frequently been at-
tributed to technological constraints and costcstmes resulting from them. It
is argued that costs determine prices and, thfiseice industry structure (Hay
and Morris 1991, p. 27). The notions of economiescale and scope are im-
portant in this regard because they imply thatsthe and the product range of a
firm influence their cost structure.

According to the standard definition, economiesc#le are present in a sin-
gle product environment when an increase in alluirpvels is followed by a
more than proportional increase in output (Pant889). Economies of scale
can be measured as the ratio of average costsrgprmabcosts. If total the cost
of aggregate output at factor pricew is represented by a simple cost function

4 Nepelski (2003) discusses some of the literatuemtioned in sections 2.2.2. to
2.2.5 to analyze whether the diffusion of e-busineeshnologies in the automotive in-
dustry relates to an increase in industry concéatra
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C(Y,w), then average costs are defined &S =C(Y,w)/Y and marginal
costs asMC=dC/dY. The degree of economies of scale is given by
S(Y,w)= AC/MC={C(Y,w)/dC/dY}. If S(Y,w)is greater than, equal to or
smaller than 1, the firm faces increasing, constamtecreasing returns to scale
(Bailey and Friedlaender 1982).

Economies of scale might occur for various reaséns.example, product-
specific economies occur if a higher productionuneé of a product leads to a
better utilization of available resources, like iliies, managerial staff, or
R&D. They also occur if the marginal costs of amliidnal unit are close to
zero, but the production of the first unit invoh@&sbstantial fixed costs. This is
typically the case in all content industries (musiewspapers, magazines, radio,
television) where the production of the contentasy costly, but the distribu-
tion of the content to an additional customer hastscclose to zero. Economies
of scale might also be plant-specific, where thestiction of a big plant might
be less expensive relative to its output than tleelyction of a small plant. Fi-
nally, economies of scale might also be presennwheltiple plants are oper-
ated by a single firm where some organizationamelgs (management, per-
sonnel, R&D or technology adoption) might be uétizby more than one plant,
hence leading to a cost reduction in output size.

Note that economies of scale depend on the avail@chnology. Hence, a
change of the technological environment might leadhanges in the degree of
scale economies.

Economies of scale exist in many industries (Sch&880). Yet, in most
production or distribution activities a firm reashe point at which further cost
reductions arising from size or production increase exhausted. Any further
expansion beyond this point would result in disegnies of scale (Scherer and
Ross 1990, p. 102). The point at which the averag attains its minimum
represents the industry minimum efficient scale @yilEwhich plays a key role
in determining industry structure (Schmalensee 1988%53). The MES deter-
mines the optimum firm size that, together with tb&al industry size, deter-
mines the optimum number of firms in a market (uand George 1983, p.
217).

The presence of strong economies of scale in amsindcreates significant
entry barriers (Bain 1956, p. 55) and leads to iginket concentration or even
monopoly outcome. However, as Panzar (1989, pi294ointed out, econo-
mies of scale are neither necessary nor sufficienditions for sustaining natu-
ral monopoly. The perquisite for a natural monopisha cost function that is
strictly subadditive over the entire range of otgp&ormally, a cost function is
said to be subadditive i€} Y') <) C(Y'), where each proportion of' may
range over all levels of output up fp Y'. An industry is a natural monopoly
through the output leveY if C(Y") is strictly subadditive atalY'<Y , i.e. if
up to output level Y it is cheapest if only one @amy produces everything.
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The theoretical importance of economies of scala dsterminant of indus-
try structure has been supported by empirical resed=or example, in the
meta-study by Curry and George (1983) it was fotmad all surveys confirmed
a significant relationship between economies ofesead industry concentra-
tion. Technological factors also seem to explai dbserved similarity across
analyzed countries in the ranking of industriexzbgcentration level.

2.3.2. Economies of scope

Cost savings cannot only arise from the size oé@terprise, but also from
its scope of activity. Whenever the costs of pringdthe services of the shar-
able input to two or more product lines are subiagsithe multi-product cost
function exhibits economies of scope (Panzar antigMi981). For the two
product case, this can be formally expressed by
C(Y,,Y,) <C(Y,,0)+C(0,Y,)where Y, and Y, stand for the outputs of product 1
and 2 respectively. The measure of the degreeagfeseconomies is simply a
proportion of the total production cost that isesby joint production to total
costs s, ={ C(Y,,0)+ C(0,Y, )~ C(Y.Y,} /C(Y,,Y,). Economies of scope are pre-
sent if S, is greater than 0. If economies of scope existdiwith a diversified
product mix enjoy lower total costs than total sast firms specializing in sin-
gle products (Bailey and Friedlaender 1982).

There are various reasons why economies of scopétroiccur. First, it
might be that some production factors are not scant hence can be used for
the production of various goods or services. Fangde, a reputable brand
name might give rise to economies of scope. Sedbrduld be that different
products share the same scarce inputs, and camttages arise from producing
more than one kind of product if spare capacitiethe joint input exist. For
example, this could be managerial competence @od gommunication infra-
structure of a company. Third, it could be thatr¢hare cost complementarities
between different outputs, i.e. when the margimet ©f producing one good
falls as the production of the other good increagemmples for this can be
found in the chemical industries when one prodsitihé byproduct of another.

Again, the presence of economies of scope is inflaé by the technological
environment and changes in technology might chaimgdevel of economies of
scope. Since most firms offer more than one prqdbetconcept of economies
of scope seems to be of great significance. Howererontrast to economies
of scale, there is little empirical evidence foe thresence of economies of
scope. One reason for this are measurement probBawsnol et. al. (1982)
have pointed out conditions for correct measurentgut for a few exceptions,
there have been little attempts to implement themnpirical research and the
available evidence is inconclusive (Hay and Mot891, p. 37).
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2.3.3. Network externalities

The presence of network externalities is yet andetor that can influence
market structures. It relates to the shape angdbgion of the demand function
for a new network-based technology. Generally,»dargaality is said to be pre-
sent whenever the well-being of a consumer or theuyction possibilities of a
firm are directly affected by the actions of anothgent in the economy (Mas-
Colell et. al. 1995, p. 352). Externalities canpwsitive or negative. Networks
exhibit positive consumption and production extéties (Economides 1996a).
Network externalities are a concept that is digexlated to technology, in par-
ticular technological infrastructures that are migad as networks, i.e. compo-
nents which are physically or virtually linked likailways, telephone lines, or
the Internet. A network externality occurs if thengponents of a network are
compatible, hence if linking the components givise to complementarities
(Economides 1996a). The value of such a networlegp on the number of
components that are connected to it. For example,telephone network each
owner of a telephone is a component in the netvamik the value of the net-
work to each user is the greater the more othesuseve a telephone. If such a
network has users, then there amne(n—1) potential components, i.e. people
one could call if the components are compatiblausTithe value of the network
is proportional ton(n—-1)= rf - n, hence it increases exponentially in the
number of users. The willingness of each potensalr to join the network and
her willingness to pay for it consequently depemdtlve expected number of
other users (Shapiro and Varian 1999, p. 184, Boates 1996a).

When a new network technology is introduced to rtiarket, the eventual
market outcome depends on customers’ predictionstaimw the network will
evolve. Consequently, there will be feedback loapd numerous equilibria are
possible, i.e. either a zero size network or adargtwork size might emerge
(Katz and Shapiro 1985, 1992, Economides 1996kjvdfor more alternative
network technologies are introduced to a market,niarket outcome might be
characterized by a “winner takes all” scenario aridck-in by historical events
(Arthur 1989, Church and Gandal 1993, David 198&tzkand Shapiro 1986).
An interesting question in this regard is whethe producers of competing
technologies should risk a standards war or optéonpatibility of their sys-
tems (Besen and Farrell 1994, Farrell and Salor$&6,.1 1992, Katz and
Shapiro 1985, 1994). The research on this topicshasvn that although net-
work externalities occur on the demand side of akata(sometimes they are
also referred to as demand side economies of s¢h&presence of these ef-
fects has far reaching implications for the mateticture on the supply side,
strategic behavior of technology suppliers, andetfieiency and desirability of
the market outcome.

Furthermore, positive externalities might not onlgcur among consumers,
but also among firms in vertically or horizontatllated industries. This could
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be a possible source of increasing returns to stalsee this, consider the fol-
lowing example by Mas-Colell et. al. (1995, pp. 3%b):

Consider a bilateral externality situation involyitwo firms. Firm 1 may en-
gage in an externality-generating activity thaeef§ firm 2’'s production. For
example, this could be a specific output, knowledgethe utilization of a
communication technology that firm 2 also uses ¢&hg firm 1 provides addi-
tional value to the communication network). Theeleaf the externality gener-
ated by firm 1 is denoted Wby and firmj’s profits conditional on the production
of the externality leveh are m(h) for j=1,2. It is standard to assume that
() is concave, hence that firm 1 is subject to desingareturns to scale.
However, this may not automatically be true fomfi2 also.

Suppose that firm 2 produces an output at priagsihg an input at price 1
also. Firm 2’s production function ig = h*Z', with a,80[0,1]. Thus,his a
positive externality. Giveh, the maximized profits of firm 2 can be calculated
as 1, (h) = yh**®  wherey >0 is a constant. IB >1-a , than firm 2’s profit
function isnot concave irh and firm 2 exhibits increasing returns to scale be
causea +B>1. Thus, if firm 1 increases the production of tlasifive exter-
nality h, it is profit maximizing for firm 2 to increasesiscale rather than just
substitutingh for z

The above discussion allows to formulate some ptesginplications for the
diffusion of e-business technologies. First of albusiness technologies are
likely to be subject to network externalities besmuhey are communication
tools that are jointly based on the Internet. Theernet itself clearly features
network externalities: The more individuals andnfiruse the Internet, the more
valuable it becomes. The same is true for eachsexess technology that is in-
stalled in a firm. The value of these technologiesally increases the more in-
dividuals make use of them. For example, the valua knowledge manage-
ment system, an online marketplace, or an e-prowemé system clearly in-
crease with the number of users. Furthermore, ragsfaystems are compatible
between firms, positive externalities generatedahyadditional user within a
firm or a new firm joining the network spill oveo bther firms. This has three
implications: First, the more firms jump on the Basiness wagon”, the more
valuable it becomes for other firms to join in t&econd, large firms with many
employees will benefit more from e-business tecbgiels that are primarily
used in-house than small firms can. This is becausege number of in-house
users implies a higher value of the communicatietwork. Third, as far as sys-
tems are compatible and linked across companiey, ¢buld possibly be a
source of increasing returns to scale given theamiag from above. This could
shift up the minimum efficient scale of firms in ardustry and hence increase
concentration levels if demand remains constantvéder, this last point might
be counteracted by new business opportunitiesogp@n up in an industry due
to the emergence of the new technologies, e.g.pumsibilities to differentiate
products. Hence, there might also be new firmsrengehe industry and ex-
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ploiting these opportunities. In addition, the d¢onbusly falling prices of pro-
gressively more powerful computer equipment antinsog tools lower the in-
vestment barriers into ICT for small firms and giteem access to resources
that were formerly privilege of large enterpris€bus, the net-effect of ICT and
e-business diffusion for market structures coularide=d.

2.3.4. Market structure and innovation incentives

Present industry structures might influence firimsentives and abilities to
invest in innovation and new technologies. Reseanehest has focused on the
question which market structure best promotes iation and technological
advance. The debate largely focuses on the tworSobterian (1942) hypothe-
sis that (1) there is a positive relationship befmvénnovation and monopoly
power with the concomitant of above normal profitsd (2) that large firms are
more than proportionately innovative than smathfir Both Schumpeterian hy-
potheses are related to the rank effects literathat explains differences
among firms in their timing to invest into new taclogies (chapter 3.2.2). It is
argued that large firms and firms with some priettisg power are more likely
to be early adopters of new technologies.

The relationship between monopoly power and inriomatas been subject
to lively debates in the economic literature. Thare two ways in which mo-
nopoly can affect innovative activities (SchereBQ9p. 423). First, the antici-
pation of extraordinary profits is of course anentive for developing an inno-
vation. It is necessary to have some monopoly pdarea while to realize an
extraordinary profit. This monopoly power is theli&pto prevent or at least to
retard imitation (Kamien and Schwartz 1982, p. Ef)en in a competitive in-
dustry a firm might secure a monopoly position sténg from a successful in-
novation by means of patent protection or suffitlead time to build up capac-
ity to realize economies of scale or strategic kinmw. This line of reasoning
is consensus. Second, the possession of monopeWerpoould precipitate
firms’ innovative activities. However, this issigesubject to controversy.

Arguments in favor of the first Schumpeterian hyyasis claim that monopo-
listic profits can serve as an investment pool ftother research. Also, mo-
nopolists can have advantages in being able tadman innovative activity in-
ternally, which includes advantages in controllihg flow of information about
the innovative activity, thus making it more prolealio appropriate returns
from the investment (Kamien and Schwartz 1982,9). Zontrariwise, a mo-
nopolist might be subject to lethargy and more auceacy, which could hinder
the ability to innovate. Furthermore, a monopdistitention might focus more
on protecting current profits rather than seekiag iprofit opportunities. Ken-
neth Arrow (1964) has formally shown the possipitiat a newcomer to an in-
dustry might have greater incentives to invest iat@ost-reducing process-
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innovation than the monopolistic incumbent. He shdwhat both for drastic

and non-drastic innovation, the newcomer’s incentiv invest exceed the in-
centive of the monopolist because the incumbermuéaties the incentive as the
difference between expected future profits anderurprofits, whereas the new-
comer sees the profits from the innovation as & ain. Segerstrom and Zol-
nierek (1999) have shown that this assumption isatweays true. According to

their findings, whether industry leaders or indugtillowers are most innova-

tive depends on the R&D cost advantages with reédpenarket power. The in-

centives of the follower to innovate are the greasdative to the incumbents
incentives, the smaller the cost advantage of thambent to innovate. How-
ever, if the cost advantage of the incumbent isturtial, then the incentives to
innovate will be greater for the incumbent.

The empirical investigation of the first Schumpeter hypothesis is ex-
tremely challenging because of the difficultiesnteasure monopoly power in
empirical studies. Still, there are numerous papleas address this issue em-
pirically. One stylized fact that emerges from thvsrk is an inverse U-shaped
relation between concentration ratio and innovatagivity (Scherer 1967,
Mansfield 1977, Comanor 1967). A slight amountcohcentration seems to
promote invention and innovation. But beyond a nnatteamount of concentra-
tion, further increases in concentration do notsée be associated with more
rapid rates of technological advance (Baldwin andttS1987, p. 90). In addi-
tion, Paul Geroski (1994) has pointed out an imgrarsource of biased estima-
tion results: technological opportunities (the &aility of potential investment
projects) may not be evenly distributed acrossiralustry sectors. Geroski
(1994) showed that industries with high technolabapportunity are character-
ized by high concentration ratios, considerablekeiashare, and higher profit-
ability. The technological opportunity variable ¢éaiped about 60% of the in-
novativeness variance and thus turned out to beiwgrortant. Hence, estima-
tion results that do not control for technologiagbportunity might over-
estimate the positive effect of monopoly power mmoivation incentives.

The second Schumpeterian hypothesis, that langes fare more than propor-
tionately innovative than small firms, is also ®dijto debate. Arguments in fa-
vor of the hypothesis include economies of scate suope. Positive scale and
scope effects my be present on the input side dsawéhe output side of inno-
vative projects (Kamien and Schwartz 1982, p. 82yge firms have advan-
tages in attracting highly specialized staff whismeeded for innovative pro-
jects. Because of the indivisibility of labor it ghit only be viable for large
firms to hire such personnel. Also, large firms htigave large research labora-
tories with different specialists who can benefiinfi each others work. In addi-
tion, large firms have advantages to utilize spizeid equipment and they may
benefit from well-established marketing and disttibn channels to exploit the
benefits of innovative activities (Nelson 1959303). Furthermore, innovative
activities involve risks and large firms have adeges in managing these risk,
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given that innovative activities are usually notisible: According to portfolio
theory, the variance of a portfolio can be decrédsediversifying investments
into various risky projects that are not perfecityrelated. Hence, large firms
can diversify their portfolio of investment projeand thereby limit their over-
all risk whereas small firms often put their entirdstence on stake if they un-
dertake one big, risky project.

On the other hand, bureaucracy and communicatioblgms might limit the
positive effects of large size on innovative atigés. In a large organization,
ideas and findings may be more likely to get lbsintin a small firms. Also, re-
searchers may also be less motivated in a langetfian in a small firm because
in the latter, their compensation may be more tiyeelated to their perform-
ance. Some evidence for this can be found in reBees leaving large compa-
nies to found their own enterprise to exploit idéfaat their former employer
would not sponsor (Kamien and Schwartz, p. 33).

The empirical evidence on the relationship betwfem size and innovative
activity is also subject to various measuremenblgms. For example, many
studies of firm size and innovative behavior tal@&>Rspending as the depend-
ent variable to indicate innovative activity. HoweeyR&D spending is a meas-
ure of input, and not a measure of output of intiveaactivity. The evidence
on the relationship between firm size and innovattomixed. Some studies ex-
amine a positive relationship (Comanor 1967, Ac$ Andretsch 1987, Blun-
dell et. al. 1999), while others did not find arsfigant relationship (Mansfield
1964, Cohen et. al. 1987). Scherer (1967) foundemge for an inverse U-
shaped interaction between size and firms’ R&Dnisity. The results also vary
with the industry that is being analyzed, for extenpwhether the industry is
capital intensive, mature or emerging seems to plagle for what type of in-
novations are being observed and what type of prnsess bring them to the
market (Acs and Audretsch 1987, Cohen and Klepp@é6)L

Comprising, there is evidence for an inverse U-slalationships between
innovative activity and monopoly power, as welliasovative activity and firm
size. Even though small innovative enterprisestetigppears that small firms
are less likely to be leaders in technological cetitipn. Large firms and mar-
ket leaders have, up to some boundary, advantagesriying out risky and in-
novative projects. Nevertheless, it appears thilherea large size nor monop-
oly power are prerequisites for high performancénitovative activities. Fur-
thermore, no industry structure seems to be akedglatiperior in terms of in-
centives for technological development. The refetiops are rather complex
and tend to vary from industry to industry.
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2.3.5. Innovation and market structure

As pointed out above, technology and changes inedttenological environ-
ment that are induced by successful innovation lzad@ect impact on market
structures. First, technology determines economfescale of production and
thus the minimum efficient size of a firm in an ustry. Thus, if the emergence
of a new technology increases the minimum efficiglant size while demand
remains constant, the industry is likely to becanm@e concentrated. Second,
successful innovations create entry barriers ang gnge the innovator a sus-
tainable advantage. For example, the innovator hwdgt a patent, or use her
lead time to build up capacities to realize ecomsnuf scale, gain advantages
from learning and experience, build up reputatimnexploit possible network
effects on the demand side of the market.

The importance of technology as determining the stracture of an indus-
try and thus its concentration level is well redagd since the early works of
Bain (1956) and Blair (1972). The faith in techrgital determinism of market
structure has been reinforced by the evidenceasfsecountry similarities in in-
dustry concentration ratios (Caves 1989).

Recently, this line of research has been refinednbiing a distinction be-
tween exogenous and endogenous sunk costs (Sui). IExogenous sunk
costs are those that are given by the technolagyexXample the costs for set-
ting up a single production unit of minimum effiotesize. These exogenous
sunk costs are equal for all entrants in an ingug&ndogenous sunk costs, on
the other hand, are those that are incurred by féanho increase consumers’
willingness to pay for a company’s product. Thislinles R&D expenditures
and advertising, which are obviously also sunk,ibwontrast to the exogenous
sunk costs, these variables are part of each fiomsice set and thus endoge-
nous.

The industry concentration ratio is determined iy $ize of the market and
entry costs. Thus, according to Sutton (1991),narease in market demand or
a decrease in exogenous sunk costs will resultomwar concentration level and
a higher number of enterprises in the market, etaribus. However, in Sut-
ton’s (1991) model the analysis of industries véttnificant endogenous sunk
costs is more complex because R&D and advertisifigence market demand.
However, an increase in market size alone doegsawmuilt in the reduction of
concentration ratios because the competitive madf other firm's in the mar-
ket will raise the equilibrium level of endogenosink costs in the industry.
Thus, instead of more firms joining the industrptrg barriers will be raised
and the incumbent firms will grow.

According to Sutton (2001), the only plausible viayraise margins and re-
covering sunk costs in an industry with intensimaadvations is through the
change of market structure. This can be achievetbhgolidation or via exit of
firms. Thus, industries in which competition is taed on technological pro-
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gress can be expected to be more concentratedtthauld be implied given
the minimum efficient size alone.

The vulnerability of a given market structure degeeon whether an aggres-
sive newcomer who outspends all incumbent firm&&D can cover his ex-
penses on innovation. The question is whether anclscalation strategy pays
off. According to Sutton (2001), the answer to thigstion depends on the in-
dustry. In particular, it depends on two charastars. First, if R&D is effective
in raising consumers’ willingness to pay for protduelonging to the relevant
group of products on which R&D is spent, than esttah becomes more prof-
itable. Ineffective R&D will consequently not beitedin escalation strategy.
Second, if the scope of R&D activities is broad dmhefits various product
groups, and if these product groups are close itulest, then the escalation
strategy is more viable. Therefore, in industries/hich products are close sub-
stitutes high concentration levels can be expedteduch an industry it is prof-
itable to follow the escalation strategy becausg tanhnologically aggressive
firm is able to capture sales from smaller rivgiem@ting both its own product
range and that of rivals.

Sutton’s theory predicts that in industries in whionovative efforts are in-
significant, the lower bound to the concentratiemel is zero no matter how
homogenous submarkets are. That is, if the esoalatrategy is ineffective the
market can accommodate an undefined number of fitis a small market
share each. On the other hand, in an industry iichwR&D investments are
both high and effective, the lower bound to thecsmration level should in-
crease together with the degree of product sulmility. Empirical support for
this theory was found by Sutton (1991, 2001) andifson and Chiang (1996).

Further empirical evidence on innovation as a deteant of market struc-
ture development has been collected by numerousoeut Phillips (1966)
found that successfully innovating firms tend towgrat the cost of others, lead-
ing to a rise of concentration level (Kamien andW&artz 1982, p. 72). Mans-
field (1983) investigated whether the introductafrinnovations has influenced
the MES in the chemical, drug, and petroleum imiestand concluded that
most process innovations led to an increase in MiaSresulted in an increase
in industry concentration. He also found evidenat tsuccessful innovators
grow faster than their competitors (Baldwin andts&687, p. 99). Hannan and
McDowell (1990) examine the process of technolodgpdion in the banking
sector and its impact on concentration level. Thigidings suggest that the
adoption of new technology enabled innovative finrmsenlarge their market
shares, which resulted in either an increase aredse in the market concentra-
tion ratio. If large firms were first to adopt thew technology, the concentra-
tion level rose. Otherwise, if small firms weresfito adopt, concentration lev-
els decreased.
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Thus, a complex relationship exists between matatture and innovation.
While existing market structures influence firmfgéntives to invest in innova-
tion, successful innovative activities will charihe existing market structure to
the disadvantage of the non-innovators. The ewaudif industry structures is
largely influenced by technological change and $irincentives and ability to
innovate. Hence, technology, innovative activitiasgd market structure should
all be viewed as endogenous variables in modélsdoistry evolution.

2.3.6. Technological competition

A part of the theoretical literature that expligiidheres to this view is the
game-theoretic approach to analyze technologicaipetition. This stream of
research has improved our understanding of st@igpects of technological
competition and their immediate consequences id#velopment of industry
structures. For an excellent overview, see Beathletil995. According to the
game-theoretic approach, firms invest into innoxafctivities for two reasons
(Beath et. al. 1995): They seek profitable investim@pportunities (profit in-
centive) and they seek to give themselves a stcatetyantage over their rivals
(competitive threat). A strategic advantage mayuodecause a better process
or a better product can enhance a firm's marketesifia firm knows that its
rivals are engaging in innovative activities, iflvgee its own competitive posi-
tion as being under threat. This creates an inoemti also invest in innovation
in order not to lose out to rivals. The incentieenivest depends on the differ-
ence between the pay-off if the firms wins the tetbgical competition and its
pay-off if it loses, in which case the successivhirtakes over part or all of its
market share.

In general, the models found in this literaturetedzd from economies of
scale effects and assume constant returns to $taeever, some of the models
allow a heterogeneous starting position of firmseinms of differences in their
cost function, as a probable result of past teagioal competition.

The literature can be divided into non-tournamepidets and tournament
models. In non-tournament models, potentially mdingns can obtain an
equivalent improvement in their cost function byesging an equivalent
amount on R&D. Usually Cournot competition is assednmn the product mar-
ket, and products are assumed to be substituteseTi® only one stage to the
game in which all firms simultaneously choose tlmitput and R&D expendi-
ture levels. The results depend on the elasticitgubstitution between the
product commodities and the effectiveness of R&Ensfing to reduce mar-
ginal costs of production (Dasgupta and Stiglit8@,9Beath et. al. 1982). It can
be shown that social optima only occur under vemgcsal circumstances, oth-
erwise there will be market failures in the amoahR&D activity and in the
number of firms in the market. While this type obdels is well-suited to ad-
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dress questions of social optima, it does not éxple stylized fact of techno-
logical competition that “success breeds succeBsaih et. al. 1995, Dasgupta
1986). The “success breeds success” story imgigsthere are only a limited
number of successful innovators (maybe only onéalwhre able to carry their
advantage on over time. This issue is addresseaduimament models (also
known as “patent races”).

In these models, technological competition takesfolim of a tournament in
which there is only one winner and a race to befiteeto make the discovery.
Obviously, the central question in these modeististher in the process of dy-
namic competitiorpersistent dominancef one firm emerges, or whether ad-
vantages of any technological leader in the ingusiil be short-lived and
competition will be characterized by a persisteattgrn ofaction/reaction and
a constant switch in who is leading the competition

The factors that influence the outcome of such gaane very complex, and
as noted by Beath et. al. (1995, p. 142), the t®san be quite confusing be-
cause different models yield conflicting predicgoabout the expected out-
come. The reason is that these models are typibally on different assump-
tions, and these assumptions are responsible flaretit predictions. One of
the lessons that can be learnt is that results tenéry dramatically between
the static and the dynamic analysis. To illustratmsider the following two ex-
amples.

First, in models that concern the tournament of fiwos for a single innova-
tion, the outcome depends crucially on the typeampetition that is assumed.
If Cournot competition is assumed, than dependmdn@w drastic the innova-
tion is, there are scenarios whaeion/reactionwill be the outcome. However,
if the assumption of Cournot competition is repthedth the assumption of
Bertrand competitionpersistent dominancwill be the outcome in all cases
(Beath et. al. 1995, p. 146, Vickers 1986). ThusjesBertrand usually leads to
more competitive outcomes in the static case,rnitgae less competitive out-
comes in the dynamic case.

Second, there are almost reverse predictions fatetaahat analyze a race
for just one innovation, and models that analyzeoatinuous race for a se-
quence of innovations. Vickers (1986) has showh dindy some of the strong-
est conditions fodominanceor action/reactioncarry over to sequences. Fur-
thermore, conditions that are sufficient tisminanceor action/reactionin sin-
gle-innovation models can lead to exactly oppositdcomes in sequential
models (Beath et. al., p. 148).

In summary, the game-theoretic literature demotestréhat the market out-
come of technological competition is highly sewsitio numerous factors:

1. Certainty vs. uncertainty: whether the succdsanoR&D invest-
ment can be taken for granted or not
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2. Mode of competition: Whether firms are in a madeprice (Ber-
trand) or quantity competition (Cournot-Nash)

3. Type of innovation: Whether firms compete foneav product or a
new process innovation

4. Drastic vs. non-drastic innovation: The extenthich the innova-
tion enables cost savings or differentiates prodifers

Rate of progress: How fast new technologies tmecavailable

Leap-frogging vs. catch-up: Whether technologgdmes common
knowledge after a while and thus enables firmkeép-frog certain

technological developments, or whether the techgylman be ef-
fectively protected from imitation by the innovatamn which case
rivals would have to spend moredatch-up

Variations in one or more of these parameters asdmaptions can lead to
drastically different market outcomes and stratégientives of firms to invest
in new technologies. Empirical evidence with fielata for these types of mod-
els is naturally hard to come by. However, the raiive and positive predic-
tions of these models point out important factorguide empirical research on
these issues and inform managers and policy maleost circumstances to
look out for to guide their decisions.

2.3.7. Other dynamic factors

Other then the strategic incentives of firms toestvinto technology that are
identified in the game-theoretic literature, there three additional dynamic
factors that influence the sequence of technoldgicmpetition and its market
outcome. All three dynamic factors contribute to onderstanding of the “suc-
cess breeds success” story.

First, learning by doing may endogenously influetiee ability and costs of
making further technological progress. Kenneth Wi(@962a) deserves credit
for recognizing learning by doing as an importatér of economic activity.
He pointed out two widely accepted generalizatiabsut the process of learn-
ing. First, learning is a product of experienced/Aecond, learning from repeti-
tion is subject to sharply decreasing returns, &éhe learning stimulus must be
evolving to continuously increase knowledge. Basedhese initial facts, Ar-
row (1962a) advanced the hypothesis that “techribahge in general can be
ascribed to experience, that it is the very agtigit production which gives rise
to problems for which favorable responses are tadeover time.” In his
model, the cumulative production of capital goodsas an index of experi-
ence. Furthermore, he assumes that all learnimgd@sporated in the new capi-
tal goods and that no additional learning takeseptan the side of the user. Fur-
thermore, he views learning as a pure by-produpraduction, ignoring factors
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such as schooling or research. The accumulatiorcaniihuous investment into
knowledge is reflected in a downward drift in costves over time. As pointed
out by Sheshinski (1967), such economies of saaeadgnamic by nature and
thus “irreversible”, which benefits those firms timave an early start in compe-
tition. Parente (1994) and Chari and Hopenhayn 1) $@ve pointed out that
learning by doing may cause constant long-term tropaths. Lieberman
(1984), Hatch and Mowery (1998) and others haveahstnated the empirical
relevance of learning by doing effects, while Sgeift981) and Lieberman
(1984) pointed out the importance of learning bynddfor the evolution of
market structures. Surprisingly though, the presefcstrong learning by doing
effects must not automatically lead gersistent dominanc& a dynamic mar-
ket. Jovanovich and Nyarko (1996) showed that amtamay be so skilled at
some technology that he will never switch agaim toewer, better technology,
so he will experience no long-run growth from ataier point in time on. A less
skilled agent might switch to a newer and bettehm®logy, however, and over-
take the more skilled agent. Thagtion/reactioncan also occur when learning
from experience is important.

Second, R&D has a dual role: It does not only eresw technologies and
knowledge, it also enables a firm to develop anéhtam their broader capa-
bilities to assimilate and exploit externally aaaile innovation. Hence, con-
ducting its own R&D helps a firm to learn and taet from R&D conducted
elsewhere. This dual role of R&D has been pointgdCbhen and Levinthal
(1989). Other scholars of technological change tase observed that firms
invest in own R&D partially to be able to utilizeformation which is available
externally (Allen 1977, Mowery 1983, Tilton 197I)hus, learning through
R&D helps a firm to absorb extramural knowledgeisTtabsorptive capacity”
of firms represents an important part of theiribilo create new knowledge.
Absorptive capacity is different from learning-bgidg in that the latter refers
to the automatic process by which firms become nmesticed, and, hence,
more efficient at doing what they are already doingcontrast, with absorptive
capacity a firm may acquire outside knowledge thidlitpermit it to do some-
thing quite different (Cohen and Levinthal 1989hisTobservations sheds a dif-
ferent light on R&D. For example, it implies thatnis might conduct R&D
even if they are not able to prevent the new kndgéeto spill out into the pub-
lic domain. Specifically, they might conduct R&D ander to gain first-mover
advantages from technological knowledge generataghiversities or govern-
mental laboratories. Or they might invest in R&Dhte able to act as fast sec-
ond mover in the face of spillovers from a comjpe®t innovation. Thus, firms
that are active in R&D might have competitive adeges even if they are not
able to perfectly appropriate returns from theireistment (e.g. if they conduct
pure basic research that is not readily embeddesbiime product, service, or
process innovation).
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Third and finally, a “success-breeds-success” stoight emerge because of
imperfections in the capital market. In the reakidipinformation asymmetries
exist between financial intermediaries and firmst theek external funding for
investment projects. This might lead to varyingafining conditions for firms
that intend to invest into the same investmentqmtjdepending on their past
financial performance. Because of information aswtnias, the creditor will
not only look at the nature of the investment projeut also at the past per-
formance of an enterprise to evaluate the risk@atad with the credit. Con-
sider for example the influential role of creditings by Standard and Poor’s or
others on firms’ ability to get external financiffcurrent access to capital de-
pends on past performance, then firms that suadbs#finovated in the past
might have an advantage today to finance investmpegjects that could yield
them superior returns in the future. Or, in otherds, when borrowers’ net
worth improves, lenders become more willing to leadd additional invest-
ment can be financed. Thus, imperfections in thptabmarket might lead to a
“success-breeds-success” story because they owpoitionately benefit the
winner of a technological competition. The finariterature has analyzed this
effect in detail and found strong evidence for #iselerator mechanism (Abel
and Blanchard 1986, Hubbard 1990, Hubbard and Kash$92). Against this
backdrop, Kéllinger (2003) analyzed the dynamicgushover and e-business
development, finding that firms that invested ietbusiness technologies in the
past are more likely to experience increasing tuendoday and also are more
likely to increase their e-business investmentthénfuture. Although the find-
ings are only suggestive because the analysis wssdbon a cross-sectional
dataset and not on a panel, they indicate thatiec&ss-breeds-success” story
could also occur in the deployment of e-businesisrtelogies.

These dynamic aspects of technological compettiere important implica-
tions for the diffusion of new technologies. Thayggest that if learning-by-
doing occurs, or if firms can increase their “alpsive capacity” by investing
into R&D or other innovative activities, or if finaial markets over-
proportionately benefit the winners of past tecbgalal competition, the deci-
sion to adopt a new technology will not be indepsndrom past investment
decisions. Hence, path-dependent developments &wuteess-breeds-success”
story could emerge. Chapter 3.5 further elaboratethese issues. In addition,
these theories suggest that the performance ansutteess of an enterprise is
closely linked to its ability to keep up in techagical competition. Thus, in-
vestments into new technologies have explicit agiatimplications and should
be treated as such. Chapter 7 further investigatehis issue.

2.4. Productivity and growth

One of the most widely accepted insights from eauns is the recognition
of technical change as a major driver of long rcon®mic growth. Scholars of
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economic growth attribute the development of wealtid the differences in
wealth across nations to a large degree towardddogical advance. Already
Schumpeter (1934) suggested that the diffusionagbmnnovations is the driv-

ing force behind the business cycle, in partictiarlong run Kondratieff cycle.

Economists’ attention to the role of technologigedgress in improving wealth
has been reinforced by Solow’s (1957) discovery tmy a small fraction of

per-capita growth was associated with an increasieei ratio of capital to labor.

The famous Solow residual in the growth accounfragnework turned out to

trace seven-eighth of total GDP growth, while imsed capital per man hour
made up for only one-eighth. Studies of econonstohians have also delivered
direct evidence for the role of industrial innoweatias the engine of growth
(Grossman and Helpman 1994). For example, Fog@4(18stimated that rail-

roads as a single innovation added 5% to U.S. GWNP880. Other studies by
Rosenberg (1972) and Landes (1969) have also eimpHathe role of new

technologies to spur industrial development andptimposive and profit-driven

nature of technological progress. The role of tetdgical progress as a driver
of economic growth also becomes intuitively cldaorie tries to imagine what
last century’s growth performance would have béenwithout the innovations

in generating and using electricity, the emergeofcthe automobile industry,

airplanes and air traffic, the transistor and iragéed circuits, computers, radio,
television, mobile telephony and others.

In a seminal paper, Solow (1956) advanced a nesickdanodel of long run
macroeconomic growth that became the standardereferfor the following
decades. Solow assumed a production function wiffital and labor as inputs,
constant returns to scale, an exogenously givemtbroate of labor (fertility)
and technology (inventions and their assimilatiothie production process) and
an endogenously determined rate of savings. Otleeofesults of this model is
that the steady-state rate of growth of incomegegson depends only on the
rate of technological progress and not on the rafesaving and population
growth. Furthermore, in the steady state, the matgiroduct of capital is con-
stant, whereas the marginal product of labor gratmhe rate of technological
progress. If technology would be constant over fithe only rise in per capita
income would come from the accumulation of physicapbital. An economy
with an initially low capital-labor ratio will hava high marginal product of
capital. Over time, capital per worker will risehish will generate a decline in
the marginal product of capital. At this point, &g will also decline to the
rate were new capital will only be purchased tdaep worn out capital. At this
point, the economy would reach a steady state &itlunchanged standard of
living (Grossman and Helpman 1994). However, ihteslogical advance takes
place (which Solow assumed to be exogenous oiirffairom the sky”), the
marginal product of capital need not decline astabper worker increased. In-
stead, technology makes workers more productive tardaccumulation of
capital would continue to keep pace with the effectabor force, even with a
constant population.
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Thus, technological progress leads to higher weaditause it makes labor
more productive. To illustrate this result in a glistic way, one can think of a
farmer plowing a field with a horse or with a ti@ct the tractor will enable the
farmer the plow a much larger field in one day, itie¥rease in productivity will
be due to technical progress and the purchasesdfdhtor. As long as techno-
logical innovations come up that enable farmerpléav more land in one day,
an additional accumulation of capital in the forfmew machines will occur to
take advantage of the possibility of achieving biglabor productivity. This
mechanism leads to higher production and a higteamne per capita.

However, this neoclassical framework also turnetitouhave some weak-
nesses. Notably, one of the key variables in thdehftechnological advance)
was treated as exogenous and hence the theorgathidg about whether tech-
nological advance and hence sustained long termthrare plausible and real-
istic assumptions. Also, the model turned out teehsome weakness when put
to the test against real world data. For exampkejridependence of growth and
cross-country saving rates that was suggestedeb$atow model could not be
found. Instead, it turned out that savings and tiaave strongly positively cor-
related (Mankiw et. al. 1995). Furthermore, the gidihs weaknesses to ex-
plain the large magnitudes of international differes in per capita income.
Also, it predicts a much faster rate of convergdmeveen countries as empiri-
cal studies suggest. In addition, it predicts mhaher returns to capital in
poorer countries than what is actually observable.

Consequently, later research has focused on solliegsg limitations by pro-
posing various extensions and changes to the atifiamework. Most notice-
able, the endogenous growth literature has madgilootions by making tech-
nological progress endogenous. This helps to expls existence of techno-
logical progress and offers a more realistic dpsiom of R&D (Mankiw et. al.
1995). In particular, the influential model by Ram@990) sees economic
growth as driven by the generation of new techriel@ a research and devel-
opment sector that are then used in the sectoptbaduces final goods and ser-
vices® Grossman and Helpman (1991) show that by makin@ R&dogenous
and allowing firms to appropriate private returestheir R&D investments
leads to a macro model with sustained growth incggita output, even if popu-
lation size is constant and the economy has noigadysapital. Other scholars
have also included the theory of monopolistic catitipa into growth theory to
account for the fact that successfully innovatimmg are likely to gain at least
temporarily monopoly positions (Romer 1990, Aghamd Howitt 1992), giv-
ing rise to models that predict sustainable graagtiplausible outcomes.

5 This model, however, assumes instant transfer fl@R&D to the producing sec-
tor and thus abstracts from the complications dftelogy diffusion.



42

Other approaches have suggested a broader definitioapital investments
than proposed in the original neoclassical framé&wBomer (1986, 1987) ar-
gued that capital investments create an externdigtymay not only benefit the
owner, but also others in society. Furthermore,rtile of human capital and
knowledge has been emphasized. The argument iagkats do not only forgo
consumption to accumulate physical capital, bub &lgman capital (skills) by
investing into schooling and training. Because huicepital and physical capi-
tal are complementary inputs in the production pss¢ both are needed to gen-
erate sustained growth (Lloyd-Ellis and Roberts20®osenberg (1982) and
Young (1993) stressed the inherent uncertaintisscated with innovative ac-
tivities and the fact that producers using new nietbgies rarely achieve com-
mercial viability until after they experience a lmoged period of learning-by-
doing. In particular, Young (1993) has integratethinnovation incentives for
R&D and bounded learning-by-doing in a growth model

Recent advances in growth theory have also exXplictinsidered the diffu-
sion process of new technologies, hence recognithiegfact that newly in-
vented technologies do not gain immediate full es@@prro and Sala-I-Martin
1997, Grossman and Helpman 1991, chp 9 and 11r&Ra&tiz and Romer
1991). For example, Barro and Sala-I-Martin (198@int out that imitation is
usually cheaper than invention, advancing a theosrgument that explains
why some countries become technological leaderssanae followers. They
show that the ability and the costs of imitatiovédna substantial effect on the
expected rate of convergence between countriesn kmpirical paper, Parente
and Prescott (1994) find that technology adoptiarribrs can account for a
substantial part of income disparity across coastremphasizing the role of
technology diffusion as an important driver of emanic growth.

From a policy perspective, the findings from thevgh literature emphasize
the role of technological progress and capital aedation as the most impor-
tant factors that determine the wealth of nationhe long run. In particular,
this implies that the abilities of a country to @awate (to do R&D), to assimilate
knowledge and new technologies, and to accumulgtelévels of human capi-
tal through education and training are the keyaldes to promote long run
economic growth and wealth. This is good news bezdloe provision of R&D
and technology centers, universities, schools, e & incentives to utilize
these resources are all variables that governnsant§avorably influence.

ICT, productivity and growth

Given the recognized importance of technologicangfe as a driver of pro-
ductivity and GDP growth, it is not surprising tliaé joint emergence of a pro-
ductivity growth resurgence in the US in the 199%sl the simultaneous mas-
sive diffusion of new ICT’s has stimulated a debab®ut a “new economy”,
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where ongoing productivity improvements in ICT wdrelieved to lead to a
sustainable and higher rate of total factor praditgtgrowth. Numerous stud-

ies have since dealt with two major questions is tontext: (1) How much

productivity growth is due to ICT, and (2) will ICBe an additional and sus-
tainable source of growth?

Numerous authors stressed that ICT may be chaizedeas a typical gen-
eral purpose technology that, like earlier techgwal breakthroughs, has a
wide range of applications and a large impact @memic activity (Breshnahan
and Trajtenberg 1995, Helpman 1998). At the agdeedevel, Jorgenson
(2001) and Jorgenson and Stiroh (2000) argue tigatesurgence of growth in
the US is mainly founded on the development andogerent of semiconduc-
tors that continuously exhibit a price decline amcreasing performance, fol-
lowing Moore’s law (Moore 1965, Ruttan 2001 pp. &65). Other authors
have also demonstrated an increasingly productae af ICT in the user-
sectors, and not only a productivity growth in 13 producing sector itself
(Oliner and Sichel 2000, Baily and Lawrence 200&prdon (2000) raised
doubts about this productivity growth acceleratiary and attributed most of
the observed changes in US-productivity to pricesoeement problems and
cyclical factors. Although measurement problems ardebate about the sus-
tainability of ICT-enabled growth remain, theranisle consensus that ICT does
have positive effects on productivity growth (for iaternational overview arti-
cle, see van Ark 2002).

However, the ICT-induced productivity effects vasignificantly between
sectors (Nordhaus 2002). The largest productivitpmth effect occurs in the
ICT-producing sectors themselves, and only smgbet still measurable) ef-
fects in the well-measured non-farming businessosgcin the US, the largest
positive effects of ICT-enabled growth in the 1C3ing sectors occurred in re-
tail, wholesale, and security trading. Interestmngfhe same industries in Europe
experienced much slower productivity growth althotigey also invested heav-
ily in ICT, but were not able to recoup growth effedue to mostly structural
factors (van Ark 2002, Nordhaus 2002). In fact, ghewth differences in these
three industries explain much of the total obsenmextiuctivity growth gap be-
tween the US and Europe at that time (Gordon 2002).

Some authors have also analyzed the impact of ICfirm-level productiv-
ity. It is usually stressed that ICT investmentsstrioe combined with comple-
mentary investments in work practices, human ch@tad firm restructuring to
have an impact on performance (Brynjolfsson and Bit00, David 1990,
Greenwood and Jovanovic 1998, Malone and Rock&1Y1Brynjolfsson and
Hitt (2003) find that computers make a positive aighificant contribution to
output growth at the firm level. The implied retsirimcrease if longer time dif-
ferences are taken into account, which suggestgithe-intensive complemen-
tary investments into organizational restructuriraye to be undertaken. In a
similar spirit, Hempell (2002) argues that firmgwinnovative experience are
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particularly well prepared to make productive us&a3 by introducing appro-
priate complementary innovations. Bertschek ands&@a{2004) show that ICT
has indirect effects on productivity by enablingriqglace reorganization and

organizational change, stressing strong complerridas between these in-
vestments.

Summarizing, ICT is indeed a relevant part of cotrtechnological change
processes and an important factor that contribidesrds growth. However,
the magnitude of impact varies significantly betwesectors and can either be
hampered or promoted by structural factors. Moghefproductivity gains oc-
cur in the ICT-producing sectors themselves. Atltheel of individual firms,
ICT investments lead to productivity gains if theye combined with comple-
mentary investments into innovative activities lik@rkplace reorganization,
organizational change, or process restructuringicelelCT does currently play
an important role both for economic development fandhe efficiency of indi-
vidual firms. Whether ICT induced growth effectsllwemain sustainable as
some of the scholars suggest, will, however, oelgé&en in the long run.

2.5. Firm performance

The management and organization science literddoles at innovation pri-
marily from the perspective of the individual buess unit, viewing innovation
as a possible source of competitive advantage apdri®r performance of
firms. Thus, this stream of research focuses omtlestion if and under which
conditions companies are able to appropriate griveturns from an innovative
activity. Firm performance is related to produdgiyibut is much more broadly
defined. Firm performance includes productivity e possible measure of
performance, but is not limited to it. Numerous @epts and variables are used
to measure performance. For example, March an@i$(t997) mention prof-
its, sales, market share, productivity, debt ratiygl stock prices. Ittner et. al.
(1997) differentiate between financial and nondficial measures of perform-
ance. Financial measures include operating incoefer® tax, cash flow, net
income, earnings-per-share, sales, economic valdeda return on invested
capital / assets / sales, stock price return arsed meduction. Non-financial
measures are, for example, customer satisfactinployee satisfaction, prod-
uct or service quality, employee safety, marketeshaon-financial strategic ob-
jectives, innovation and employee training. Evitierthese different measures
of performance are correlated. Which of the measisrgiven priority is essen-
tially a matter of perspective - management, ermgssy and stake holders will
most likely emphasize different performance measasemost relevant to them.
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In empirical studies, the choice of the performamaasure is often limited by
the availability of data.

It is obvious that numerous factors influence tlefgrmance of an enter-
prise, for example its market of operation, thespree of economies of scale
and the size of the firm, market structure and mlaskare of an enterprise, as
well as firm-internal structures and resourcese(likchnology, organizational
structure, human resources, or managerial compsitehenz (1981) provides
an interdisciplinary summary of numerous “determis&of organizational per-
formance.

Among all factors, how does innovation affect parfance? Scholars of firm
performance have made numerous contributions fottiic. However, a fun-
damental problem is the identification of causalitysuch studies. As March
and Sutton (1997) noted: “Most studies of orgaiuretl performance are inca-
pable of identifying the true causal relations agwperformance variables and
other variables correlated with them through th&adend methods they nor-
mally use. Although there are studies that mitightsse shortcomings, the em-
peror of organizational performance studies istfier most part rather naked.”
With respect to the relationship of innovation gretformance, the principal
question that is so hard to answer is whether fipesform well becausehey
are innovative, or if they are able to innovagcausethey perform well. The
two-way interdependence of innovation and perfomeahas also been dis-
cussed in theoretical papers. For example, the ghewetic literature on pat-
ent races has shown that innovation incentivesketashare, turnover, and
profitability are all endogenous variables with giex relationships.

Notwithstanding the principal limitation to idengti€ause and effect, there is
some robust evidence that innovation and good pedoce are related, i.e. that
innovative firms perform better and vice versa. Erample, Mansfield (1968)
reported that innovators in the steel and petrolaguastries grew more rapidly
than other firms in those industries during thergexdter an innovation. Armour
and Teece (1978) showed that the adoption of adtrative innovations in pe-
troleum firms increased the rate of return on owhequity. Lawless and
Anderson (1996) tested the effects of innovatiot market complexity on firm
performance, using data from the US computer imgu€82-91. The depend-
ent variable in their study is the difference betwe firm's predicted market
share in each year and its realized market shdrey Tind that generational
technological change fosters the emergence of ptadarket niches and local
rivalry. Firms that differentiate within a nicheearewarded, while changing
niches bears a short-term penalty. Notably, stqeeidormers adopt new tech-
nologies quickly, without changing niches. Eastod darrell (1998) conduct an
empirical study about the performance effects ofalfQuality Management
(TQM), an organizational innovation. The findingslicate that performance,
measured by both accounting variables and stockn®tis better for the firms
adopting TQM (not implying a clear causality). Bwit(1993) showed that the
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propensity to innovate fluctuates with organizagioperformance, rather than
stemming solely from a firm’s inherent charactérist The results emphasize
the two-way relationship between innovation andgrerance.

An important aspect of innovation and performargee¢he “success breeds
success” story that was mentioned earlier in chapt@ The basic argument
was that successful innovation in the past leadsiperior performance today,
which increases the chances of conducting sucddssiovation again, which
will lead to superior performance in the future @udon, leading to a virtuous
circle. If the success breeds success story is thoes this imply that failure
also breeds failure? Masuch (1985) analyzed thsilpiity of the occurrence of
vicious circles in organizations, concluding thatany structural sub-
optimalities of organizations, such as underperforoe, stagnation, or decay,
are caused by vicious circles. An interesting aspéwicious circles is the be-
havior of decision makers in risky situations, sashthe decision to invest into
an innovative activity with uncertain outcome. Wisn and Bromiley (1996)
deliver empirical evidence that firms facing deelichange their investment be-
havior in risky projects and fall into a trap okitag unprofitable risks that ulti-
mately exacerbates their decline. The authors aiban interesting theoretical
conflict surrounding the risk-taking behavior afnfis in decline. Many scholars
believe that declining firms reduce their risks and back on innovative in-
vestments, which leads to further decline becafi$eregone profit opportuni-
ties. Other scholars, who have a primary interesisk per se, come to the op-
posite conclusion that low performing firms takermaoisks than other firms
and such risks reduce their subsequent performawmoerding to Wiseman and
Bromiley (1996), this argument is closely relategtospect theory (Kahneman
and Tversky 1979), assuming that firms facing & losntext (where expected
performance falls below performance targets) uguadlve project options that
they frame as continued losses. Firms facing thisitson may opt for projects
of higher risk, where that higher risk translatet® igreater variance in project
outcomes. If a project’s outcome variance is leggeugh, the project may in-
clude a small probability of success. Firms thdlofe such reasoning will
choose riskier projects, since lower risk projegiarantee failure to meet aspi-
ration levels (Singh 1986). However, on averagmdipursuing projects with
unreasonable risk will experience loss, and thsd lmay exceed that of a lower
risk project. Both mechanism could give rise taais circle dynamics, but for
different reasons. The empirical results of Wiseraad Bromiley (1996) sup-
port the latter theory.

Although the causal relationship between innovatiod performance is not
unambiguous, it is clear that innovation and sueees strongly correlated and
therefore of high strategic importance for managéhss implies that Internet-
based technologies should also be of high straiegiortance, as far as they
are used as enablers of process or product inmovedther than as mere infra-
structural technologies. Recently, there has bekrely debate about the stra-
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tegic importance of IT and the Internet (Porter 2Z00arr 2003). The dispute is
about whether investments into IT and Internet-idasehnologies enable firms
to gain sustainable advantages. Chapter 7 progiole® new insights that con-
tribute towards this debate.

2.6. Employment effects

Another highly relevant and much debated issugt@eemployment effects
of innovation and technical change. The centralstioe is if technological
change creates or destroys jobs. The debate iklas@conomics as a scien-
tific discipline, with early contributions to theedate by Adam Smith, Karl
Marx, and Ricardo (Vivarelli 1995). There is no miaguous answer to it, and
recent research has emphasized that employmentseffary with the level of
analysis (firm, sector, national economy) and tipe tof innovation (product vs.
process). A common belief is that because innonasiaselated to growth, rapid
innovation and growth would solve the unemploymemtblem. However, an
innovation might lead to productivity growth withioleading to GDP growth.
The employment effects can be very different fa tivo kinds of growth (Ed-
quist et. al. 2001). Growth effects vary for misaeéous types of innovation
(Kuznets 1972). A common conceptual framework igliféerentiate between
product and process innovations. Product innovatan occur in goods or in
services, while process innovations can be eitbehrtological or organiza-
tional, with varying implications for employmenfedts.

A product innovation corresponds to the creatiora afew supply function.
Given a sufficient demand for the new product, ilt usually create additional
demand for both capital and labor production factoy the innovating firm.
This is often called theompensation effe¢Pasinetti 1981). However, if the
new product does not satisfy a completely new lohdlemand or does not
serve an entirely new function, i.e. if it only fitionally replaces an old one,
there will also be substitution effectThe net employment effect of such an in-
novation could be either negative or positive, aeliey on (1) whether the new
demand for satisfying the function changes whennihe product replaces the
old one and (2) the labor intensity of the produttiechnology of the new
product compared to the old one. However, in mases product innovations
are employment creating even if substitution effeate taken into account
(Katsoulacos 1986, Kuznets 1972, Edquist et. &120. 97).

Process innovations usually also have both a cosgpiem and a substitution
effect, however, their net effect is much less rcthan for product innovations.
Process innovations reduce the costs of produdtio@a given unit of output,
hence they increase productivity per unit of inpithis corresponds to an out-
ward shift of an existing supply function. Deperglion the price elasticity of
demand and the degree of competition in the ingugis outward shift of the
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supply function will lead to growth and lower edjiilum prices. This compen-

sation effect is stronger for competitive industrand high price elasticity’s of

demand. However, an increase in productivity ingptigat a given level of out-

put can be produced by less amount of input. THudemand and output re-

main constant, a process innovation will lead toeduction of labor, ceteris

paribus. While the compensation effect can mitigate losses, they can only
promote net employment gains when growth in pradacand demand out-

strips productivity growth. This usually only hapgewhen the price elasticity
of demand is greater than zero, which is only a caise (Edquist et. al. 2001, p.
119).

Also, the effects depend on the specific kind afgess innovation. Techno-
logical process innovations that replace labor ayital will have a stronger
employment reducing effect than process innovatibaslead to organizational
changes. In fact, organizational process innovationight be either labor-
saving or capital-saving, while technological pse@novations are primarily
labor-saving (Edquist et. al. 2001, p. 35-37). Qigational innovations are
also special in the sense that they can be vieweiheestments into human
capital by the provision of new knowledge througlueation, training, and
learning-by-doing (Becker 1975). This constitutespacial kind of investment
because it is durable, generates continuing retamd is embodied in “knowl-
edge carriers” (Machlup 1980). Thus, if an emplogtmeducing effect of or-
ganizational process innovations exists at ai§ likely to be much smaller than
the employment reducing effect of technologicalgess innovations.

In addition to this static firm-level view on difient kinds of innovation, a
dynamic macro-level view emphasizes that therdiked/ to be secondary ef-
fects of innovation because whether somethingpiaess or a product innova-
tion is essentially a matter of perspective (sesptdr 1.4.1). Some product in-
novations in one sector can turn out to be process/ations in another sector
leading to secondary employment effects. Edquistle{2001, p. 100) differen-
tiate the net-employment effect of product innowasi according to three prod-
uct categories:

- Consumer products
- Investment products
- Intermediate products

Only investment products can play the double rélenaployment generation
in one sector and labor displacement in anothee. gt-employment effect of
an investment product innovation hence depends diotthe effect in the tech-
nology producing sector, and the effects in thagisiectors. For consumer and
intermediate goods innovation, there is usually dhé primary (typically em-
ployment increasing) effect.
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A double role of product innovation can also odouthe service sector if the
new product is an organizational innovation thatdexmoditized and sold as a
consulting service. The net employment effect ahsan organizational innova-
tion depends also on the size of the compensatidrttee substitution effect in
the sectors adopting the innovation and in theosehat supplies the consulting
service.

Thus, it is clear that the employment effects afowations depend on the
specific type of innovation. They can also varyngfigantly between aggrega-
tion levels (firm, industry, national economy). &mployment increase in one
(successfully innovating) firm might lead to empimgnt losses at the industry
level or at the national level, depending on whethéput growth offsets pro-
ductivity growth. Thus, the net impact of an innttsa on employment remains
essentially an empirical issue that cannot be uiguobsly predicted ex ante.

Empirical evidence suggests that overall employreéfiects of innovatiomt
the firm leveltends to be positive. Firms that innovate in prasiubut also in
processes, grow faster in their respective maikedsare more likely to expand
their employment than non-innovative firms, regasdl of industry, size, or
other characteristics (for an overview see PiaO@42.

Studies on théndustry levelshow that the employment impact is positive in
industries characterized by high demand growth @ehtation towards prod-
uct (or service) innovations, while process innmrattends to lead to job
losses. Recent sectoral evidence for Europe sugygegtrevalence of labor-
saving process innovations. Slow growth on the aehsde and increasing in-
ternational competition has pushed many firms towaestructuring and proc-
ess innovations. This leads to the well-known phegmon of jobless productiv-
ity growth which is currently being witnessed in mpaEuropean countries.
However, product innovation has confirmed its pesitffects on output and
jobs (Pianta 2000, 2001, Antonucci and Pianta 2@¥2ngelista and Savona
2002, 2003).

The overall effectdepends on the country and period being studie@. Th
higher economic growth (total output and demania®, ligher is the positive
impact of innovation, while technical change ingsiating or closed economies
tends to be associated with serious employment$osaccording to Pianta
(2004), empirical evidence suggests that instihatiofactors and macroeco-
nomic conditions play an important role for theunatand the effect of techni-
cal change on employment at the macro level. The@ment impact is gener-
ally more positive the higher is the ability to geste new products and to in-
vest in new economic activities, and the strongehé effect of price reduction,
leading to increased demand. Aggregate studieg@gnpoint out the possibil-
ity of technological unemployment, which emergeemwindustries or countries
see the prevalence of process innovations in cttefxweak demand. Firms
innovating in both products and processes may beessful in expanding out-
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put and jobs regardless of economic context, bignoét the expense of non-
innovating firms.

In addition to the quantity impact of innovation employment, there also
exists a quality aspect. The question is what kihdobs are created or de-
stroyed by innovation? A large literature on shithsed technical change (Ace-
muglu 2002) finds that technical change is biaseehtds skilled workers as it
replaces unskilled labor and increases wage ingguatd polarization. Un-
skilled jobs have long been declining in absoletents in Europe and growing
only slowly in the US, while skilled jobs for edued workers are created at a
faster pace in most countries (Pianta 2004). Aradyzhe particular skill-
biased effects of ICT-enabled innovation, Brynjstfs and Hitt (2002) find that
innovative firms that combine investments into I€&mplementary workplace
reorganization, and innovations in products and/ises tend to use more
skilled labor. In particular, the effects of ICT tabor demand are greater when
IT is combined with organizational restructuringghiighting the importance of
IT-enabled innovation.

The employment effect of e-business technologie® y&t to be analyzed.
E-business will most probably generate new jolthénhardware, software, and
consulting industries because for these sectorssieuss essentially is a prod-
uct (or service) innovation that creates new sufyohgtions. On the side of the
technology using sectors and on the aggregate, lbaelever, the net employ-
ment impact of e-business is less clear. While areexpect that firms that suc-
cessfully conduct product or processes innovatigisg e-business technolo-
gies will grow faster than non-innovating firmseyhwill probably do so at the
expense of non-innovating firms, especially considgthe currently stagnating
demand dynamics in many markets in Europe. Hencertainly plausible as-
sumption would be that e-business technologiesjusll be another instrument
for many firms to rationalize and restructure & #xpense of total employment
in a low GDP growth scenario. Also, we may expéett the diffusion of e-
business technologies will have a skill-biasedaftan labor demand, favoring
well-educated workers with ICT skills.

2.7. Implications for e-business diffusion

The above discussion on the consequences of texdical change has em-
phasized that technological developmengngslogenouso the development of
productivity, growth, market structure, employmeemand and firm perform-
ance.

Some implications and hypotheses for the diffusibre-business technolo-
gies can be derived from the discussion which canelsted using firm-level
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data in later parts of this study. To the exteat #business technologies turn
out to be effective in either (1) enabling compartie conduct process innova-
tion and reduce their marginal costs or (2) to camevith new product or ser-
vice varieties, the following impacts can be expdct

First, it was discussed that the emergence of eelwnblogies may lead to
changes in market structure (chapter 2.3). Thusewery company will benefit
from the diffusion of e-business technologies, ¢h&ill be winners and losers.
The direction and the extent of these changes madllyever, largely depend on
past and current market structures. Also, the &ffet e-business technology-
induced process innovations in an industry willywaith the degree of price-
elasticity of demand and the degree to which ermss related product or ser-
vice innovations raises consumers’ willingnessdg (Sutton 1991). Hence, the
incentives to invest into e-business technologies related innovations can be
expected to vary from industry to industry, simitarearlier innovative activi-
ties (Sutton 2001, Acs and Audretsch 1987, CohehKdapper 1996). Also,
following the argument of Geroski (1994), the temlogical opportunities of e-
business might be very different across industfiiéss leads to Hypothesis 1:

Hypothesis 1 - Diffusion patterns of e-business tenologies will vary across in-
dustries.

Sutton’s (1991) theory also suggests a systenttionship between indus-
try concentration ratios and the intensity of teslbgical competition: Indus-
tries with a high level of technological competitiare more likely to be con-
centrated because this is the only way how firmsuich industries can recover
the sunk costs of fast technological progressduiteon, a generally high level
of technological competition will increase firm®)sorptive capacities for new
technologies like e-business (Cohen and LevintB&89). To the extent that e-
business provides sufficient industry-specific oppuoities, the following hy-
pothesis can be derived:

Hypothesis 2 - Industries with high levels of techmlogical competition and high
concentration ratios are likely to be leaders in dusiness adoption.

Independent from industry membership, the discussimgested a number
of firm-specific factors that influence whetheriarf will invest in e-business
and whether it will be able to benefit from the éstment. For example,
e-business technologies are likely to be subjectettwvork externalities. Thus,
as far as systems are compatible between firmdhigher the number of firms
that use e-business technologies, the more valitdideomes for other firms to
join in too. Once a critical mass of users is reachinternet-based process
technologies are likely to become a “new standaridtommunicating within
and across companies. In addition, large firms widmy employees have more
potential in-house users of communication techrieldn conjunction with the
inside that large firms are, up to some threshuoloke likely to invest in innova-
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tion (Acs and Audretsch 1987, Comanor 1967, Sché&8§7, Schumpeter
1942), this leads to:

Hypothesis 3 - Large firms are more likely to adope-business technologies that
are primarily used in-house.

Also, a possible inverse U-shaped relationship eetwmarket power and
innovative activity has been discussed (Comanor7 1S&herer 1967, Mans-
field 1977). Thus, we can also expect that therk also be an inverse U-
shaped relationship between firms’ market power thedt probability to adopt
e-business technologies:

Hypothesis 4 — Firms with a medium degree of markepower are more likely to
adopt.

The game-theoretic literature has also pointedwhd are likely to be the
winners in technological competition (Beath et.18195): Firms that are able to
outpace their direct competitors in technologicalelopment will capture mar-
ket shares from the rivals, possibly up to the deghat they the drive their
competitors out of business and gain dominancéenmarket. Conditional on
the assumption that the new technology of the eadyer is indeed superior,
this mechanism simply reflects that “time is monayitl therefore being quick
can yield competitive advantages:

Hypothesis 5 - Early movers in technological compéidn can enjoy excess re-
turns as long as their competitors have not perfelst copied them.

However, once imitation was successful and an iatiom has successfully
diffused among market players, no single firm w#l able to realize excess re-
turns on the innovation anymore. Yet, the posiéffects of the innovation will
not be lost, they will simply be passed on to comsts in the form of greater
product variety and lower prices. As a consequesesessful diffusion of an
innovation will increase market size. Hence, indejant from whether innovat-
ing firms will be able to appropriate private ptsffrom their investments, suc-
cessful innovation will lead to growth of the inraer, ceteris paribus (Hannan
and McDowell 1990, Mansfield 1983, Phillips 196&itt6n 1991, 2001):

Hypothesis 6 - Innovators are more likely to grow tian their competing non-
innovators, independent from their ability to achieve excess profits.

The discussion about the employment impacts ofvations and new tech-
nologies stated that the net impact depends orethgve strength of the substi-
tution effect and the compensation effect. On the lsand, the substitution ef-
fect implies a reduction in the demand for labocsaesse new technologies and
more efficient processes partially replace lowiskillabor. On the other hand,
the compensation effect implies a growing demanmddbor due to an expan-
sion of the innovative firm. The net employmenteets of new technologies
and innovations vary across different aggregatéwels (firm, sector, national
economy). Also, they vary for different kinds ofisvations and new technolo-
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gies (e.g. product vs. process innovations). Mdstigness technologies prom-
ise efficiency gains because they enable to autmatariety of routine tasks.
Thus, they can be expected to have a labor sulirsgiteffect after the imple-

mentation is completed and the routines have b#eatieely changed and op-
timized. Consequently, firms that are more advarinegsing e-business tech-
nologies can be expected to reduce their stafftoule substitution effect, ce-
teris paribus.

Hypothesis 7: Firms that are more advanced in using-business technologies are
more likely to reduce employment than their less achnced competitors, ceteris
paribus.

Yet, the compensation effect also suggests thategminnovations lead to
efficiency gains that allow the innovator to grow the expense of non-
innovating rivals. Also, product or service inndeas are usually associated
with growth because they enable a company to fuléiv needs and wants of
customers. The growth of the innovating firm wi# lBspecially pronounced if
direct competitors have not yet imitated the inimra Thus, the compensation
effect will be more pronounced in the short rumtiathe long run (after all ri-
vals have copied the innovation). To the extent éhbusiness technologies are
used to introduce innovations to a firm, they carekpected to have a compen-
sation effect in the short run.

Hypothesis 8: Firms that recently used e-busines®¢hnologies to innovate are
more likely to increase employment than non-innovéve firms, ceteris paribus.

Furthermore, the research on the dynamics of tdobiwal competition has
demonstrated that a “success breeds success” @tofg emerge as a conse-
quence of five distinct reasons — complementafitgchnologies (Milgrom and
Roberts 1990), strategic behavior of agents (Beathl. 1995), learning by do-
ing (Arrow 1962a), increases in absorptive capaé@phen and Levinthal
1989), or imperfections in capital markets (Abed &@ianchard 1986). Provided
that the early movers in technological competitima able to appropriate some
private gains of their investmefitst is likely that they will be successful in
building a sustainable advantage over their rivalshe dynamic process of
technological competition, possibly even up to éeghat they achieve industry
dominance, if one or more of these acceleratingeforare at work. This will be
discussed in more detail in section 3.5. Finalyo tadditional aspects have
been mentioned in the above discussion that segmoriamt. First, it was
pointed out that changes in technology might infeesthe degree of economies
of scope and the MES of an industry. These aretiaddl ways of how new
technologies can induced changes in industry siredsee page 29). However,

® This assumption reflects the argument of Hypothsihat early movers can enjoy
excess returns as long as their competitors hatvpertectly copied their practices.
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the direction of the effect of e-business technigl®gs not unambiguously de-
terminable because two contrary effects are at workthe one hand, the net-
work characteristics of Internet-based technologigsly economies of scale.
On the other hand, Internet-based technologies aifeo new business oppor-
tunities to start-ups and small firms that previguld not exists. The net effect
will probably vary among industries. Given the ddtat was available for this
study, it is not possible to track changes in miaskeicture over time and relate
these changes unambiguously to the diffusion ofusFiess technologies.
Therefore, no particular hypothesis is formulated this point. Second, on
various occasions it was mentioned that investmiemtstechnology might be
subject to market failure, which can result in eitoo much or too little in-
vestment in technology compared to the social aptinfe.g. page 20 and 35).
This could occur because firms anticipate problémngrotect their innovation
from immediate imitation or because the competitly@amics in an industry
induce sub-optimal investment levels. However,sitalso not clear a-priori
which scenario is likely to occur, if market faduwill occur at all, or what the
social optimum would actually be in reality. Thas, hypotheses are formulated
for this aspect either because the direction ofr¢tegtionship is ambiguous and
the estimation of social optima are subject to sewdifficulties in an empirical
investigations.

3. Theories of technological diffusion

Theories of innovation diffusion are concerned viitle process by which
new technologies, practices, products, or servipesad across their potential
market over time. Empirical studies of innovatidgfiudion identified a very ro-
bust stylized fact that seems to apply to all kinfisnnovations, including new
technologies, production processes, organizatiamabvations, or consumer
products: Innovations spread in their potentialketover time following an S-
shaped aggregate curve, featuring early adoptemsgjarity of followers, late
adopters and frequently also a substantial numbaow-adopters (Bain 1964,
Bass 1964, Griliches 1957, Mansfield 1968, Rogd¥832 Stoneman 2002).
Frequently, years pass from the first introducttban innovation to a market to
the point where saturation levels are reachedirét $ight, it is not intuitively
clear why this process may take so long. If an vation satisfies a new mean
or achieves a given mean in a superior way, whgatall potential users adopt
the innovation immediately? This is the fundameadstion that theories of
innovation diffusion address.

The study of innovation diffusion is interestingdamelevant for various rea-
sons. From an academic perspectives, it concemstiqus that deal with deci-
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sion dynamics of consumers or firms in situatidmst ttan involve incomplete
information, risk, and ambiguity. Understanding tfsgure of these dynamics is
an indispensable cornerstone to understand theenafutechnological change
and development. It also has important practicgllizations: For example,
theories of innovation diffusion reveal insidesointho will be the winners and
the losers of innovation diffusion, when is theioyt time to adopt an innova-
tion for a particular firm or individual, and thean help marketers of innova-
tion to optimize marketing strategies and productians. From a policy per-
spective, it is relevant to understand the optiraéé¢ of diffusion, to identify
possible market failures, and to understand whiglicy actions could be un-
dertaken to reach the optimal rate of diffusion.

3.1. Different perspectives on innovation diffusion

A long tradition of research on the diffusion ohavations can be found
both in the economics and the management literaBo¢h fields developed
their own research agendas independently and sumglyi little cross-reference
and acknowledgment of the contributions of the eetipe other side can be
found, although numerous parallels and complemitietaexist.

Fundamentally, there is one branch of work devatetthe diffusion of inno-
vative consumer products, and a second branch ciwasiders innovations
among firms, including technological, process, anglanizational types of in-
novation. Innovations for consumer markets or fimarkets are very different
and have thus lead to different streams of resed&ic$t, innovations for con-
sumers or firms are often different in their natarel do not necessarily over-
lap. Some innovations that are relevant for firfos €xample a new production
technique) are irrelevant for consumers and vigsaieSecond, the incentive to
adopt an innovation is very different for consumargl firms. Consumers
maximize their personal utility given their budgenstraint (Becker 1965, Hor-
sky 1990). For private individuals and households purchase of a new good
or service is a consumptive activity that yieldamiediate or ongoing utility
gains from the time of purchase on, which is adjwecto the time spent on
consuming the new good or service. Firms, on therohand, maximize their
profits in a given market setting (G6tz 1999, Fumkng and Tirole 1985, Rein-
ganum 1981a,b). Their payoff from an innovation<aet only depend on the
innovation itself, but on the amount they produte, costs they bear, and the
price they can charge for their product. For firthg decision to adopt an inno-
vation is an investment decision that involves £astthe expectation of future
— rather than immediate - rewards which is base&fticiency gains in their
production activities (Dixit and Pindyck 1996, Huian 2001). Third, firms are
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usually in competitive situatiohs- their gains from an innovation depend on
the behavior of their competitors and their costtm€onsumers do not com-
pete against each other on output markets, thiéity itom purchasing an inno-
vation is directly and exclusively determined bg tew product or service it-
self and their own behavior.

Depending on the purpose of each particular stadiiplars have empha-
sized different perspectives on the diffusion pescand different levels of
analysis were chosen. As a general trend, the ediorditerature has put more
emphasis on the study of innovations for firms, l/the marketing literature
has focused more on consumer product innovatione.strategic management
literature has numerous contributions for both $yp&innovations. The focus
in the economics literature has recently been eratialysis of individual deci-
sions and behavioral foundations of innovationusiibn, thus emphasizing a
micro-level of analysis. On the other side, the kaeting profession has put
more emphasize on forecasting performance, intiaguearious extensions
upon the seminal epidemic diffusion model of Bas#60) (see Mahajan et. al.
1990). These epidemic type of models take an agtgegew of the diffusion
process and abstract from individual-level decisitaking. The strategic man-
agement literature, once again, features contdbatito both streams of re-
search.

Yet another aspect in the study of innovation diffa is the distinction be-
tween intra-firm diffusion and inter-firm diffusio(see for example Stoneman
2002, pp. 57-58). While intra-firm diffusion consid how new technologies,
work practices or organizational changes gain decee within a given firm
after management has decided to adopt the innawatiter-firm analysis ab-
stracts from inner-organizational dynamics andtsreaoption as an investment
decision and an all-or-nothing event. The leveusé of the innovation within
the firm after the adoption decision is not consedeexplicitly in inter-firm
analysis. Obviously, studies on intra-firm diffusifocus on organizational as-
pects and human resources, while inter-firm stutlase an emphasis on firm-
heterogeneity and strategic, market-oriented aspect

For the purpose of this study, the focus is hentefon the diffusion of
technological innovations among firms because éabgs technologies clearly
belong to this category (see chapter 1.4.4). Furtbee, the inter-firm perspec-
tive is taken. Hence, the interest is primarilytbe market and inter-firm dy-
namics of the diffusion process. The primary obyecbf this approach is to
explain differences in the adoption behavior amfimgs. Inner-firm processes
(such as learning-by-doing) are considered as fathat contribute towards the

" Not meaning competition to purchase a potentidigrce technology, but competi-
tion on a given output market.
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heterogeneity of firms. However, consistent wité literature on inter-firm dif-
fusion of innovations, the adoption of a new tedbgy is treated as an invest-
ment decision and an all-or-nothing event, abstrgdtom the level of utiliza-
tion of the new technology within each firm. Thdldaing sub-chapters will
summarize important insights both from the manageraed the economics lit-
erature on the diffusion of technological innovasoamong firms. Selected
work is cited that is most relevant to this stullyparticular purpose of this lit-
erature review is to link important insights froheteconomics and the man-
agement literature as a preliminary to derive aidoptriteria for e-business
technologies in section 3.6. The chapter concludéssection 3.7 which points
out parallels and connections between the diffusionew technologies (chap-
ter 3) and the consequences of the technologidfisdtin (chapter 2). In the
subsequent empirical chapters (5 and 6), this guglgyues a micro-level view
emphasizing the adoption dynamics at the levehefindividual firm, testing
explicitly some of the hypothesis developed in ¢bep2 and 3.

3.2. Economic theory of technology adoption

The economic literature has identified various degtthat influence the dif-
fusion of new technologies among firms. In particuthe most prominent fac-
tors discussed are:

- The distribution of information among agents, imthg learning
and dissemination of information

- The cost of acquiring new technology and changeieth over time
- The performance of new technology and changesithever time

- Number and characteristics of technologies (onlg new technol-
ogy, two or more competing technologies, two or enmemplemen-
tary technologies)

- Existence of network externalities

- Level of competition among agents (none, duopdigopoly, mo-
nopolistic competition, perfect competition)

- Firm characteristics and their distribution

- Discount factors

- Risk and ambiguity aversion of agents

- The extent of first mover advantages

- The extent to which realized profits generate navestment

These factors are not independent. Instead, differembinations of these
factors can lead to very different diffusion dynasiiThe various theories of
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technology diffusion among firms that are foundhe economic literature can
be subsumed as belonging to either the epidemid, itock, or order effect
type of models. This terminology and classificatafreconomic diffusion mod-
els has been introduced by Paul Stoneman (Ston@®@#, Karshenas and
Stoneman 1993, Stoneman 1995). The basic argumedtsonclusions of these
different approaches to explain the diffusion ofvrtechnologies among firms
are briefly outlined below, focusing on the difiosiof a stand-alone technology
without network effects. For a comprehensive anddpth overview, the book
of Stoneman (2002) is a valuable resource.

3.2.1. Epidemic effects

Epidemic models of innovation diffusion take a nmagiew of the diffusion
process. As the term “epidemic” suggests, thesectadthve a close analogy to
the analysis of the spread of infectious diseaBs.basic idea is that users and
non-users of a new technology mix socially and makatact over time. When
a user meets a non-users, she “contaminates” theiser with the innovation,
which eventually results in an adoption decisiortha& non-user. The process
starts with a few original users who are “infectdy’ the new technology. As
time proceeds, the share of “infected” agents enghpulation increases due to
the social mixing. Thus, in the beginning of thegasses the number of agents
who adopt per period increases. While more and mgeats have adopted, the
share of non-users gets continuously smaller. Taftef some point of inflec-
tion, the number of adopters per period decreagais aowards the end of the
process, eventually leading to a saturation levetre all agents have adopted
the innovation.

Mathematically, this idea can be simply expressed #ogistic function that
gives rise to the empirically observable S-shapédsibn curve. LetN be the
number of potential adopters, aMm{t) the number of adopters at tinheAs-
sume that there is constant mixing within the papah such that individuals
will make contact withdM(t)/ N users of the technology. dfis the probability
that contact will lead to adoption, the number efvrusers in periodl can be
expressed as

(3.1) am() _ 8M(H)

at N {N-m@}

where 8 =9q is the probability of an infectious contact. Tliguation can
be solved with respect td(t) yielding
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3.2 - N
(32) M) 1+expEp-06t)

which is the standard logistic function (Stonem@02, pp. 29-33). Herq
defines the starting date of the diffusion prodgks intercept term)p deter-
mines the speed and the shape of the diffusiorecamndN is the market poten-
tial of the innovation.

Examples of the epidemic approach in the econongitature are Griliches
(1957), Bain (1964), Mansfield (1968), and moreerdgty Gruber and Ver-
boven (2001) and Beck et al. (2005). Although lbgisype of models often
provide good fit to historical diffusion data, thpproach has been criticized on
various grounds. First of all, the model is silaftout what exactly happens
when a user and a non-user meet, i.e. why suchtaatoshould result in an
adoption. A common interpretation is that sociahtect leads to a transfer of
information between agents. Non-users may originadit know about the new
technology or may not be convinced about its béneifn this way, social con-
tact may indeed spur the spread of an innovatis.such, the essence of epi-
demic models is that the dissemination of inforomatis driving the diffusion
process.

However, this interpretation also has clear linftscial contact is clearly not
the only source of information that real world atgehave. In many ways, the
epidemic model is lacking behavioral and economiatent. For example,
given that many innovations take years to reach tharket potential, it is im-
plausible to assume that the only reason why sageata have waited with the
adoption was because they did not know about ithéfy knew about the new
technology and were not convinced about its begjeffitis not plausible why
they should passively wait for an information toiva and not actively search
for it up to some optimal stopping point of the rebding process. Furthermore,
if uncertainty or ambiguity about the new techngl@ye prevalent and deter
agents from adopting, this should be modeled eXlpli@ather than being mixed
together with ignorance of agents with respech&imnovation. In addition, the
model takes the number of potential ugeras exogenously given, being silent
about what determindd. Also, there is no story involved about why andalih
new technologies should be chosen by a companynitiiel also assumes that
the technology remains constant over time, botteims of performance and
costs of acquisition. However, changes in technologght influence both the
diffusion speed as well as the number of potengals\.

Epidemic models of innovation diffusion are in egsedisequilibrium mod-
els, as noted by Stoneman (2002). The equilibriewell of users of a technol-
ogy is N, the model explains the adjustment process towtmelequilibrium
within a population, but until the end of the d#fon process the market is out
of equilibrium. Furthermore, the epidemic modehiself-propagating, determi-
nistic mechanism that cannot be stopped beforgotdintial users have adopted.
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In summary, epidemic models stress the role ofrin&tion dissemination as
a key factor that drives the diffusion process.sTisic insight is useful. Also,
the model often has good fit to historical diffusidata. However, beyond the
information story, the behavioral and economic eohibf epidemic models is
limited.

3.2.2. Rank effects

In contrast to epidemic models, the theory of rafflects takes a micro-
perspective on the diffusion process leading tdoprer logit-type of models.
Rank effect models assume perfect information atidmal profit-maximizing
behavior of firms. The diffusion process is notestetinistic and does not occur
endogenously. Instead, it is driven by exogenoawfa, such as technological
improvements over time or falling costs for acqugrithe technology.

The basic idea is that firms differ from each otimeat least one relevant di-
mension such that the net present value of a téogical innovation is higher
for some firms than for others. This makes it galssto rank firms in terms of
the benefit to be obtained from the use of the temknology. Firms that rank
higher are expected to adopt more rapidly. Impoémiémensions of heterogene-
ity are e.g. firm size, location, previous investitse availability of complemen-
tary inputs, R&D intensity, market factors, inneganizational factors, differ-
ent expectations, or different access to finan@aburces (David 1969, 1991,
Davies 1979, Stoneman 2002). There are numeroafiglaibetween the theory
of rank effects and some of the literature on thesequences of technological
change that was discussed in chapter 2. For exatapie firms might be more
likely to adopt a new technology because they hhgenecessary financial re-
sources (see section 2.3.4 and the Schumpeterjaothgses) or because the
technology has increasing returns to scale (setore2.3.1 and 2.3.3 on net-
work externalities). Also, Sutton’s (1991) theomggicts that innovative efforts
will be higher for firms that act in markets wheéneovative activities success-
fully raise consumers’ willingness to pay and whpreduct groups are close
substitutes (see section 2.3.5). Thus, the marksthich a firm is active is one
source of heterogeneity that contributes to differdoption dynamics among
companies. In addition, section 2.3.7 pointed bat the history can matter for
the dynamics of technological progress. In paréigybast investment decisions
of firms can lead to learning-by-doing effects eafftheir ability to absorb new
technologies, or influence their ability to finanoew investment projects.
Hence, past investment decisions of firms are @uwtof that contributes to-
wards the heterogeneity of firms and possibly efices the adoption behavior
of new technologies.

The theory of rank effects argues that the benefitadoption have some
kind of distribution within the population, usualfgllowing some bell shaped
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curve. Each firm considers the gross benefits hadcbst of acquisition for its
own situation and, in the absence of uncertairdppés if the former exceeds
the latter.

Let their beN heterogeneous firms without strategic interactioafine the
costs of acquisition at timeas c(t) and the net present value of the techgolog
at timet as G(t). The new technology is adoptedGift) > c(t). Because firms
are allowed to be heterogeneous, only a fractiof) af(the entire population
will exhibit G(t)= c(t)and adopt. Hence, the level of ownership of thé-tec
nology at timet will be M(t) =m(t)N. M(t) can change over time due to ex-
ogenous changes that either increase G(t) via tdogical improvements or
decreases in c(t), giving rise to a diffusion curVee shape of the diffusion
curve depends on the distribution of m(t). Notet tinét) may remain smaller
than unity even ift - . Thus, depending on the characteristics of thb-tec
nology, the distribution of firm characteristicsidathe costs of the technology
there might be a significant number of non-adopterthe population even in
the long run.

Rank effect models provide an economic explanafawrthe occurrence of
diffusion processes even if agents behave perfeatignal and all information
about the new technology are public knowledge. Téraphasize heterogeneity
of firms as the primary source of differences iog@tibn decisions. A particular
strength of the rank effects approach is thatléved to incorporate any dimen-
sion of firm heterogeneity into the modeling apmto¢hat is related to the abil-
ity and the propensity of firms to innovate. Thitss a very general and flexi-
ble approach for empirical studies of innovatioffugion at the micro level.
Also, in contrast to epidemic models, the markdeptial of a new technology
must not be assumed exogenously, instead it dep@mdactors that are en-
dogenous and can vary between different firm pdfmria and technologies.

A limitation of the approach is that the empirigatibservable S-shaped pat-
tern cannot be explained by rank effects in theeats of technological im-
provements or falling costs of the technology otiere. Also, firms are as-
sumed to be independent of each other. Thus, rfi@ét enodels are not infor-
mative about strategic aspects of technology adopti

3.2.3. Stock effects

The strategic aspects of technology adoption anghasized by stock effect
models. They take a game-theoretic approach tltatsés on the interdepend-
encies of payoffs between firms that compete onstrmae output market. Im-
portant contributions in this spirit are Reingan{ifi81la,b), Quirmbach (1986),
and more recently G6tz (1999) who integrates stalt rank effects in one
model.



62

Similar to rank effect models, the game-theorepipraach to innovation dif-
fusion assumes rational, profit-maximizing agentsl gerfect information.
Also, the diffusion process does occur due to emogs factors, such as techno-
logical improvements or falling costs of the newhieology. However, in con-
trast to the rank effects approach, stock effeotaat assume firms to be inde-
pendent or heterogeneous. Instead, firms are asstonbe identicakx ante
and they compete on some given output market. @hew process technology
arrives that has the potential to reduce productasts. The payoff of each firm
depends on its costs of production, its outputljeaed the price it can charge.
All three variables might be different before arfterathe adoption of a new
technology. Also, the decision of one firm to aduyit affect the payoff level
of all competitors. In this way, stock effect maxlébve parallels to the game-
theoretical models of technological competitiont thvere discussed in section
2.3.6.

In stock effect models, the diffusion process asours as an equilibrium
that changes its level over time due to exogenbaages. The basic idea is that
as more and more firms adopt the cost-reducinggstechnology, industry
output will be expanded and the equilibrium maikeéte will fall. At any point
in time, it is not profitable for all firms to adbghe innovation because this
would pass on all excess gains directly to the wores via higher output levels
and lower prices. Excess returns from adoptingardn be realized as long as
not all competitors have also adopted. Thus, at f@igt in time there is a
unique equilibrium number of firms that will useethew technology, depending
on market conditions and the costs and benefittehew technology vis-a-vis
the old technology.

To illustrate the basic argument, consider the do&ginganum (1981b)
model which, in addition to all assumptions lisdzbve, supposes myopic ex-
pectations of firms. The following notations areds

p(t) - equilibrium market price at tinte

M(t) - the number of users of the new technology attim

C, - cost per unit of output of the old technology

c, - cost per unit of output of the new technology

g, (t) - output of the firm at timéusing the old technology

g, (t) - output of the firm at timeusing the new technology
M,(t) - annual profit at timé using the old technology

IM,(t) - annual profit at timé using the new technology

V,(t,t) - present value of the profit streams of the elthhology
V,(t,t) - present value of the profit streams of the neshihology

r - the discount rate
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C(t) - costs for purchasing the new technology at time

The annual profits of firms using the old or thevnechnology depend on
the market, production costs, and quantities predudhus, they are respec-
tively defined as

53 Mo(t) = (P()~ &) (1)
n,(t) = (p(t) - ¢)a (1)
If the new technology is superior to the olg,< ¢, and ¢, > q,. Therefore,
firms using the new technology have a cost advantaigd produce more.
Hence, they exhibit excess returns compared tcsfirsing the old technology:

(3.4) M, () =M,(1) = (p(t) - ¢)a, (D= (P()- ¢ )G (D= C

As the number of users of the new technology irsgeaaggregate output
will be expanded and thus the equilibrium marketeomill fall. Because of
this, profits of both old and new technology useit decline. Depending on
the shape of the demand curve, profits of the rmhirtology users usually de-
cline faster than profits of the old technologyrasé& hus, the profit difference
between old and new technology users also declige tame, but remains posi-
tive until all firms have adopted the new technglog

The decision to invest depends on the present vdla# future profit gains.
If the technology has an infinite life, the preseatue of the new and the old
technology respectively can be written as

V,(t,t) = j N,(t,t)expm)d
(3.5) -
Vo(t,) = [ Mo(t,t)expir)d

1=t

Now consider that firms have myopic expectatiohsistat timet for all
T>t, they expect the number of usévKt) at that point in time to be the same
as at time. In such circumstances, the profits realized att will depend on
the number of users at that time, firms will exptbett for all T >t the profits
they generate will be the same. This simplisticrapph can be extended to in-
clude more realistic assumptions without changirgliasic message of the ap-
proach (Stoneman 2002, p. 45). Under myopic exfien the profits for us-
ers and non-users can simply be written as



64
n, (v, 1) =n,(M(1)

(3.6) M, (1,t) =M, (M(1))

and the difference in payoff streams between the teehnologies is given
by

(3.7) Vy(t, 1) = V(t, ) =M M) ;”o('\/'(t)))

which is decreasing itM(t) . Given (3.7) the decision rule to invest into the
new technology is given by

(3.8) V,(t,t) =Vy(t, 1) = (M, (M) ;no(M(t))) >C(t).

The equilibrium number of firms that should adoptimet, M(t)", can be
established (Reinganum 1981b) and depends on 8te obthe technology at
timet. As C(t) declines over timeM(t)" will increase and a diffusion process
will occur.

Note that in contrast to the rank effects modele hiiffusion occurs although
firms areex anteidentical. The only difference arises between us@id non-
users of the new technology. There is also no bgé&reity among adopters
with respect to their annual profit flow dependiog when they adopt. At all
times, all non-users make the same profits andisls make the same (but
higher) profits. Thus, over all periods, the eatippters do best in terms of ex-
cess returns they can earn. At the end of the psped! firms will have adopted
the new technology — thus they will henceforth dentical again. In such a set-
ting, excess returns from technology adoption atesastainable in the long run
and have only a temporary effect.

It is also interesting to observe that the bagiclseffect model allows for
the possibility of different diffusion dynamics warious industries. Because the
incentives to invest do not only depend on therietdgy, but also on the slope
and the position of both the aggregate demand apgdiys functions in which
firms operate, a very rapid adoption could be arniligium outcome in one in-
dustry, while in another industry a much slowereaould also be an equilib-
rium. Thus, as long as aggregate supply and demanditions are not equal
across industries, we can expect different diffuagignamics in different indus-
try sectors.

Notice further that the basic stock effects modslssnothing about which
firms should adopt first. It only establishes awiélgrium number of new tech-
nology users that would maximize profits. It isesil about how firms should
coordinate to reach this equilibrium by assumingt tirms precommit them-
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selves to an adoption date. In the model, the fitrith is able to precommit it-
self to adopt first does best, yet any firm canpdast in equilibrium. The
model does not consider how firms would solve thismma. Hence, in the ba-
sic stock effects model, in addition to respondimgxternal stimuli, firms are
also in a coordination game which adds strategéetainty to their decisions.
This has, to my best knowledge, not been explictysidered yet. However,
this additional strategic uncertainty might haveoasiderable influence on the
diffusion process.

3.2.4. Order effects

Order effects models can be viewed as an extemditime stock effects ap-
proach. The basic stock effects model claims thatannual profits of all users
of the new technology are the same, irrespectiwehai they have adopted and
how many other firms have adopted at that time.ddefirms are identicagx
anteandex posto their adoption decisions.

However, this must not be the case if some of #simptions of the stock
effect model are relaxed somewhat. This is thensibé that is proposed by or-
der effects models. If, for example, we allow fezdry and exit in the market,
positive returns to scale, learning-by-doing effectcarce complementary re-
sources to the new technology, market reputatifects, competition about the
timing of adoption, or discount rates that are Io¥ee previously more profit-
able companies, this can yield a story where firne,smarket structure, and
performance are endogenous to the diffusion maaelwhere being an early
adopter yields much higher returns which can béasmed even if other firms
adopt later. The first adopter thus influencesatieption decision of followers
in additional (strategic) ways and first mover eemay not be completely ex-
tinguished by other firms following. It might alsaake it less profitable for late
movers to adopt at all. In this case, early adepteéll be able to sustain an ad-
vantageous position even in the long run, as lengre abstracts from techno-
logical uncertainty or technological improvement&iotime. The relevance of
these additional strategic elements of the timifigneestment decisions has
been discussed in section 2.3.7.

Interesting contributions to this line of reasonemg Fudenberg and Tirole
(1985), who show that early (pre-emptive) adoptdrone firm can impact on
the preferred adoption date of other firms, withyirsg results for equilibrium
adoption strategies for different market structuhedand and Stoneman (1985)
argue that early adoption might allow the first moto pre-empt certain scarce
inputs, such as the best geographical locatiocance skilled labor.

The bottom-line is, an order effect is said to @cailnen early adoption
yields sustainable excess returns that cannot fplecaited or extinguished by
later adoption decisions of other firms. If thisthie case, firms might preemp-
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tively adopt a new technology although this woutd Ine indicated by return on
investment considerations alone. The timing of sidopdecisions in such a set-
ting becomes an explicitly strategic move.

3.2.5. Risk and uncertainty

Rank, stock, and order effect models all assumeptatm information and
certainty with regard to the payoff from a techmgylonvestment. However, in
reality the decision to invest in a new technolagyolves risk and uncertainty
in a number of dimension. First, there is uncetya@bout the performance of a
technology, i.e. the potential of cost reductior do the new process technol-
ogy is usually not known precisely. Second, theraricertainty about whether
the firm can succeed in implementing the technokagycessfully, thus realizing
the potential of the technology. Implementationlddiail due to technological
problems or a failure of the technology to diffimecessfully within the firm.
Third, the firm’s payoff obviously also depends demand conditions on its
output market. Fluctuation in demand will make plagoffs from technological
investments uncertain. Fourth, the ability of anfiro appropriate private gains
from a technology investment depends also on thenber of its competitors,
as emphasized in stock and order effect modelss,Tthare is also strategic un-
certainty about the expected payoffs from the itmest.

The imitation effect in epidemic models (Mansfidl@i68, Stoneman 2002,
pp. 55-57) has been interpreted as a result ofrtaioty reduction over time.
As more and more firms use a technology, non-adspgarn about the true po-
tential of the technology by observation and thewel of uncertainty reduces,
making adoption more probable. However, this apghiozan be criticized on
various grounds. For example, one strange imptinadif this interpretation is
that uncertainty is reduced over time (the variapicthe expected payoff is re-
duced), however firms never change their initigiented value of the technol-
ogy and only learn that their initial expectatioasaright as uncertainty reduces
(Stoneman 2002, p. 56). This implies that a firnvarelearns that adoption
could be unprofitable or that its initial estimatas wrong. Also, the epidemic
approach does not allow for improvements of thdwrtetogy over time and
models diffusion as a deterministic process witlixad (a priori determined)
end level of use, which is by itself contradicttmythe concept of uncertainty.

Two additional modeling approaches can be founthénliterature that ex-
plicitly deal with uncertainty — the mean variaraggroach and the real options
approach.

The mean variance approach (Stoneman 1980, 198ijnas that firms si-
multaneously use a mix of old and new technolodiegh technology is char-
acterized by an expected or mean return and thanear attached to the mean
return. Firms try to optimize their portfolio ofcdbhnd new technologies, trading
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off the expected returns and variances of the ®@olies following the stan-

dard optimal portfolio approach from the finanderiture. The variance of the
expected returns for each technology is compridédi@ parts: A true variance

(which is determined by the state of the world #relnature of the technology)
and a second part that results from a lack of kadgé about the technology.
This second part only exists for new technologies,for old ones that the firm

has already been using for some time. Also, the tnean of the returns of a
new technology are not known to firms a priori,ti&ve to be figured out by
learning. Learning occurs according to Bayesiaasuleading to updates in the
expected mean return of new technologies (the éggemean can either in-
crease or decrease) and to reduction of that paneovariance which is due to
lack of knowledge. Firms might differ in their chateristics, having a distribu-
tion of different levels of risk aversion, initiglexpected prior estimates of the
mean returns of a new technology, or proportionsstifnated variance which is
due to a lack of knowledge. As time proceeds, fiteasn about the new tech-
nology and the variance which is due to lack ofideadlge is reduced, spurring
additional usage (i.e. a restructuring of the tedbgy portfolio towards the

newer technologies given that prior estimates acimeturns had not to be cor-
rected downwards; or a larger share of the popuatising the new technol-

ogy).

The real options approach takes yet another pergpean risks, yielding
some interesting insides into investment decistbas can also be incorporated
into stock, order or rank effect type of modelse(skiisman 2001 for some in-
teresting examples of this). The basic idea ofrdad options approach is to
view technology adoption as an investment deciiahpossesses three charac-
teristics: irreversibility, uncertainty, and posdktp of delay (Dixit and Pindyck
1996, ch. 3). In contrast to the net present vahe¢hod, which suggests that
firms should invest when the expected present vakeeeds the expected pre-
sent value of expenditures of the technology, #& options approach results
in a different investment rule. While the net présealue method assumes that
an investment project is a now or never decisiba,real options approach ex-
plicitly considers the possibility to delay the @stment and specifies the value
of the option to defer the investment decision.

The approach exploits an analogy between technaloggstments and fi-
nancial call options. A financial call option givédse holder the right, but not
the obligation, to buy a particular good (e.g. @kt bond, or a ton of cement)
for a specified price before or at a specified tifienilar, a new technology can
be viewed as an investment opportunity that givéisnathe right, but not the
obligation, to carry out the investment. Assumihgttthe technology will not
disappear again, the opportunity to invest intotdehnology can be viewed as
an infinitely lived call option on a dividend pagimctivity. The dividend of the
activity is the expected benefit from the technglagyeach future point in time.
Because the future payoffs of the technology arerain due to various possi-
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ble changes in the environment, the possibilitgétay the investment into the
technology has a value vis-a-vis an immediate imuest or the pre-

commitment to invest at some specific time in thieife. This value of waiting

is expressed by the value of the call option. T@silting investment rule is that
firms should only invest when the expected netgmesalue of the technology
exceed the option value of waiting (Huisman 2001)jis investment rule can
rationalize diffusion processes even in worlds vdtmplete information, ho-
mogeneous agents, and no external continuous tledical improvements or

falling prices. Note that the option value of wadtiis greater for higher levels
of uncertainty of the payoffs.

A central result of these approaches is that thengf uncertainty associ-
ated with the payoffs from a new technology wifleat the preferred adoption
date of a firm (Sarkar 2000, van den Goorberghakt2001, Thijssen et al.
2001a, b, Pawlina and Kort 2001). Delaying adoptsomore attractive to firms
for higher levels of uncertainty about the futuméce or future returns of the
technology. Delay will also be more attractiveiifrfs expect the mean acquisi-
tion costs of the technology to grow only slowlyr@gatively over time (falling
prices).

Although recent theoretical advances about uncgytan technology in-
vestment decisions have significantly improved wulerstanding of the role of
uncertainty in particular decision environmentgsth insides have — to my best
knowledge — not yet been combined with insightsnftbe behavioral econom-
ics and psychological literature about the behawibindividuals in uncertain
environments. The above cited economic literatua&eas only rough assump-
tions about the behavior of individuals in riskydammbiguous situations. For
example, even for the rare case that risk avelisi@ssumed, it is usually ig-
nored that people tend to have systematically desioperceptions of risks and
payoffs. However, the rapidly emerging field of beioral economics provides
manifold evidence that actual human behavior ikyrend ambiguous situations
is very complex and only badly described by theddad assumptions of risk
aversion or expected utility theory (see for examihhneman and Tversky,
1979; Thaler et. al., 1997; Fox and Tversky, 1996&hade et al., 2002, Bur-
meister and Schade 2005, Schroder and Schade 2083k not yet been ana-
lyzed how these psychological phenomena influeheebehavior of real deci-
sion makers in the specific context of technolaggestments in firms. Thus, we
do not yet know how different information condit®and levels of uncertainty
actually influence the spread of new technologiesrag firms in the real world
where perceptions and risk attitudes of decisiokarsado matter. This could
be subject to interesting future research.
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3.3. Empirical results from the 1O literature

Given the insights provided by the theoretical i@rhture, the natural role
of empirical studies should be to test theoriestariddicate the relative impor-
tance of different factors that have been suggestedfluence the diffusion
process. However, many articles are either putedgretical without an empiri-
cal test, or they engage in a rigorous economatraysis, but without explic-
itly testing the theoretical models that are premb®lsewhere. One might
speculate about the causes of the divide betwesndtical and empirical stud-
ies in the 10 literature, but two obvious reasorestae technical difficulties in
transferring complex theoretical models into ecoetivally testable equations
and the lack of appropriate data sources that parete all relevant variables
(e.g. expectations of benefits, price changesyimition asymmetries between
firms, or differences in risk preference and pramsy Also, the different theo-
retical explanations of innovation diffusion areséd on sometimes conflicting
assumptions, which makes it difficult to integrétem in one all-embracing es-
timation equation. The few noticeable exceptiores the studies of Karshenas
and Stoneman (1993) and Stoneman and Kwon (1984)rntiude rank, stock,
order, and epidemic effects in their estimatiomfegaork.

The results from various empirical studies providesiderable evidence for
both rank and epidemic effects, thus suggestinpdifferent facets of firm het-
erogeneity and the spread of information over taresimportant drivers of the
diffusion process. The evidence for strategic staiclt order effects, however,
is much weaker and also less frequently analyzedenmpirical studies
(Karshenas and Stoneman 1993, Stoneman and Kwoh Fe®telmeyer and
Stoneman 1993, Stoneman 2002, p. 103).

Important dimensions of firm heterogeneity thatédeen identified to in-
fluence adoption decisions are firm size, markeicstire, market share and in-
dustry characteristics, consistent with the argum@nesented in section 2.3.
Most studies have found a positive relation betwfen size and speed of
adoption analyzing numerous different technologiedustry sectors, and geo-
graphical regions (for example Mansfield 1968, Ron®75, 1977, Davies
1979, David 1969, Hannan and McDowell 1984, Rosk Joskow 1990, Pen-
nings and Hariato 1992, Thomas 1999). Howevernasxaeption Oster (1982)
finds negative size effects in a study of the diffim of basic oxygen furnace
and continuous casting in the US steel industry.

The evidence on the effects of market share andeahatructure are more
inconclusive. Hannan and McDowell (1984) find aipes relation between
market concentration and the diffusion of autom#giter machines in the US
banking industry. A positive effect of market contration on diffusion is also
found in Romeo (1977). In contrast, Levin et. 40&7) find a negative effect
of both concentration ratio and market share itudysof optical scanner diffu-
sion in retail grocery stores in the US. Karshegrad Stoneman (1993) find no
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significant effect of concentration ratios in thetudy of controlled machine
tool diffusion in the UK engineering industry.

The costs of adopting a new technology have beewrstio influence the
speed of diffusion. The probability to adopt usp@dicreases as the price of the
technology falls or opportunity costs increase .(¢hg price of labor when a
new labor-saving technology is available). Evidefige this is provided by
Karshenas and Stoneman (1993), Stoneman and Kw@&6),land Hannan and
McDowell (1984).

Furthermore, empirical evidence suggests that tdolies diffuse faster and
reach higher market penetration levels the higherexpected benefits from
adoption (Mansfield 1968, Griliches 1957, Davie§9P However, the correct
measurement of firms’ expectations in empiricalis is still a critical issue
and a potential field for future research (Karslseswad Stoneman 1995).

Some empirical studies have also analyzed theteffegovernment interven-
tion in the diffusion process. Evidence suggests$ ¢fovernmental intervention
rarely speeds up the diffusion process and govarowntrolled firms do not
move faster than privately owned companies (HammzhMcDowell 1984, Os-
ter and Quigley 1977, Rose and Joskow 1990).

There is also some evidence that cyclical effenfisience firms’ adoption
decision with more technology investment takingcplén periods of cyclical
upswing and less in periods of a downturn (Roméet71®avies 1979).

Some important questions regarding the dynamictedinology diffusion
still remain open and present potential for futtggearch. For example, a panel
data analysis incorporating technology investmesttisionsand performance
parameters (such as profits or market share) aver would provide valuable
new insights into the dynamics of market structigeelopment and technologi-
cal change. Also, the strategic dynamics (as prgbdy stock and order effect
models) need a more rigorous empirical analysisv ldo real decision makers
behave in such situations of strategic uncertaifty?hermore, the role of risk
with regards to the properties of technologies recdle disentangled from the
role of ambiguity and the process of informatiorgyuisition about the new
technology. As theory suggests, these are differentepts with different im-
pacts on the diffusion process. Empirical studiéth weal world data clearly
have limitations to answer these questions. Instéaubratory experiments
might provide useful new insights because theyatlm control and to manipu-
late risk, ambiguity, and information conditionsexplicit ways.
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3.4. Management literature on technology adoption

As pointed out above, the management literature lzds a long tradition of
studying innovation diffusion among firms. Surpnigly though, there is very
little acknowledgment of contributions made outsttie own profession and
only scarce cross-reference between the 10 litexadind the management lit-
erature respectively. In the language of epidenfitsdon models, one might
speculate that the various contributions haveddite“contaminate” research in
the neighboring discipline due to a lack of soecraking and information ex-
change between scholars of both professions. Bhimfortunate because the
research agendas of both professions are highlpleonentary.

The studies concerning innovation diffusion in thenagement literature are
more frequently of empirical nature and only a feapers make purely theo-
retical contributions. The theoretical papers dtlkee optimization models in
the tradition of operations research or micro-ecoicomarket equilibrium
models. Numerous papers also make theoretical ibations by developing
conceptual relationships based on taxonomies astthgetheir usefulness in
empirical studies.

The management literature complements the IO titezain various ways.
First, there is an extensive literature focusingpaganizational heterogeneity as
a determinant of differences in innovation adoptidhus, there is compelling
evidence for the existence of rank effects in trenagement literature. Also,
the management literature provides a much richew f different factors that
contribute towards rank effects. Second, managemesgarch has put more
emphasis on different attributes of the innovaiiself as a determinant of its
diffusion process. Third, the management literati@@ures some interesting
approaches that deal with information acquisitiod ancertainty in more de-
tail. On the other hand, the management literdagales an overarching theoreti-
cal framework and a common terminology that uniffes manifold approaches
to study innovation diffusion. The IO literatureshsuch a framework, and most
contributions from the management literature fibithe rank or epidemic type
of models outlined above. As such, the 10 framewekps to survey and to
classify the various approaches found in managepemers. Also, 10 scholars
have emphasized the strategic aspects of techndiéggion in their stock and
order effect models — this perspective is almo$tedyp missing in the manage-
ment literature. Thus, both research agendas tegptiovide a much better un-
derstanding of what determines technology diffusfean either field alone.

As indicated above, the management literature d@stified numerous rele-
vant dimensions of firm heterogeneity that contiébio differences in adoption
behavior and timing.

Souitaris (2002) and Pavitt (1984) stress the itgpme of sector member-
ship as a driver of different innovation dynamiececag firms. Pavitt (1984)
identified different technological trajectories four sectoral classes of indus-
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trial firms (supplier dominated firms, scale inteesfirms, specialized suppliers
and science-based firms). Souitaris (2002) teststtRataxonomy and con-
cludes that it resolves the problem of various msistent results on the deter-
minants of technological innovation by differeniigt between the four sectoral
classes.

DeCanio et. al. (2000) point out that organizatiostaucture influences a
firm’s ability to adopt a new technology. Henceffetient organizational forms
can lead to rank effects among firms. They buittieoretical model of a firm-
internal network structure of connected agents. fioeel examines the diffu-
sion of a new technology throughout this networll Aaow the network adjusts
to exogenous changes. In the model, the profitglgfi the firm depends on the
structure of the firm-internal network and its &pito adapt well to a new tech-
nology and exogenous changes. The authors argua taidure to recognize the
importance of organizational structure on the panémce of firms will lead to
bias in estimation of costs or benefits of a changexternal circumstances, in-
cluding the arrival of a new technology.

Hurley and Hult (1998) relate firms’ culture to thapacity to adapt and to
innovate. They find that market orientation andamigational cultures that em-
phasize learning, development, and participativeisiten making. In a similar
spirit, Zmud (1982) investigates different factorBuencing the in-house adop-
tion of organizational innovation in an empiricalidy. The results stress the
importance of different types of organizationaldmation (technical vs. admin-
istrative) and their fit to the organization. Ceatlization and formalization of
decision processes are identified as sources efdggneity among firms that
lead to different adoption behavior.

Various studies have focused on the endowmentrogfivith different forms
of human capital as a source of different adoptiehavior. Dewar and Dutton
(1986) empirically tests whether different modete aeeded to predict the
adoption of technical process innovations that @iont high degree of new
knowledge (radical innovations) and a low degreen@fv knowledge (incre-
mental innovations). The results suggest that sktenknowledge depth —
measured by the number of technical specialists firm — is important in the
adoption of both types of innovations. Larger firan® likely to have more
technical specialists and hence adopt more radioalvations. Their results fit
into the complementary investments story proposgdiigrom and Roberts
(1990): Investment into human capital in the forfrtexhnical specialists ap-
pears to be a major facilitator of technical precesovation adoption. In a re-
lated spirit, Kelley and Brooks (1991) present enpigical study to explain why
certain types of small firms have failed to adogtlsknown improvements in
process technology. They argue that three setaabbrls explain which estab-
lishments are likely to have adopted programmabi®mation: 1) cost and
profitability incentives, 2) internal resources awtumulated technical compe-
tencies of the firm including complementary IT dpations, and 3) firm’s link-
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ages to external sources of expertise for learnomgpetencies about the new
technology’'s capabilities and limitations. The feswsuggest that technical
competencies and the availability of complementaspurces and technologies
helps firms to learn faster about a hew technokgy thus increase the chance
of adoption. Nilakanta and Scamell (1990) study Hdifferent information
sources and communication channels influence tifiesitin of database devel-
opment tools. They also stress the importanceabinieal specialists, conclud-
ing that the nurturing of inhouse specialists whighh take on the role of
boundary spanning individuals or champions willuseful to educate the users
of the innovations. Ahire and Ravichandran (200%p @mphasize the impor-
tance of complementary investments into skills pratesses as a determinant
of organizational innovation.

In a related spirit, Glynn (1996) develops the &gtof organizational intel-
ligence which is conceptualized as being functilyrsimilar to individual intel-
ligence (i.e. as purposeful information processirag enables adaptation to en-
vironmental demands). Organizational intelligenseviewed as a social out-
come that relates to the individual intelligencesafployees by mechanisms of
aggregation, cross-level transference, and distabuDifferences in organiza-
tional intelligence are viewed as a source of firaterogeneity and might lead
to differences in innovation adoption.

Hauschildt (1999), Gemunden and Walter (1996), \afiite (1998) empha-
size the importance of individuals who act as iratmn promoters in organiza-
tions. The presence of such individuals might lemadifferent adoption dynam-
ics among enterprises.

Ettlie and Vellenga (1979) identify the risk-takinlymate of an organization
as a factor that contributes to different innovataslynamics. Risk-taking or-
ganizations adopt innovation earlier, consider wations with fewer concrete
performance criteria, and see innovations as lesgplex.

Srinivasan et. al. (2002) find that firms’ adoptidecisions can be attributed
to differences in “technological opportunism” amdirgns. Technological op-
portunism is a construct that captures sense-aspbnse capability of firms
with respect to new technologies and is not idahtic organizational innova-
tiveness in general.

Papadakis and Bourantas (1998) and Tabak and B298]) focus on differ-
ent personality characteristics of managers and SC&0a determinant of inno-
vation decisions. Both papers find that differemamacteristics such as risk pro-
pensity, self-efficacy, demographic characteristiod individual perceptions of
strategic decision makers are relevant and hegxpdain differences in adop-
tion decisions among firms.

In summary, the management literature has idedtifie following relevant
aspects that contribute towards rank effects:
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- sector membership,
- organizational structure, - culture, and - intalhge,

- different endowments with human capital (includinghouse spe-
cialists and innovation promoters) and

- the availability of other complementary inputs tteahnological in-
novation (such as related technologies, accumulatqebrience,
skills and adequate processes),

- the risk taking climate of a organization,

- the ability of the organization to perceive andsuér technological
opportunities,

- different characteristics and personalities oftegiz decision mak-
ers among firms.

The management literature also features some gtilegeextensions to epi-
demic diffusion models. One of the short-comingghaf most basic forms of
epidemic models that was mentioned above is thegt ithterpret the epidemic
effect as a result of the dissemination of infoioratthrough social contact,
however they do not explain what exactly happenenmMwo agents meet or
why agents might not actively search for informatinstead of passively wait-
ing to “get infected” by it. Two papers by McCardE985) and Oliva (1991)
overcome this limitation by building models of apél information acquisition.
McCardle (1985) analyzes the adoption decision fohafor a new technology
with original uncertainty about the profitabilityf the technology. A firm can
wait to adopt in order to gather additional infotima about the technology via
observation of other firms and Bayesian updatingtir@al stopping rules for
the information acquisition are derived via dynamiogramming. The model
predicts that even managers who behave optimallyoatasionally adopt un-
profitable technologies and reject profitable onese study of Oliva (1991)
combines a theoretical model with a numerical satioh. The model uses a re-
sponse surface based on catastrophe theory to mxaha interaction of infor-
mation and profitability estimates on the firm'soption of a new technology or
innovation. Oliva’s (1991) approach allows a pesitestimate of the firm’'s de-
cision process, against which the normative thé&mketules of McCardle
(1985) can be compared. Note that both models @akecro-perspective and
view information acquisition as an active searabcpss with optimal stopping
rules instead of a passive “contamination” of efikith the “truth”.

Mamer and McCardle (1987) make an interesting dmution towards the
modeling of uncertainty and combine it with strategonsiderations. Their
model considers both the uncertainty about then@olgy and the uncertainty
about actions of competitors. While uncertaintywtibe technology can be re-
duced by gathering additional information (Bayesigrdating), uncertainty
about competitive reaction cannot be reduced. Epeipcombines game theory
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and dynamic programming to solve the optimizationbgem. The analysis

shows that substitute competition induces the fomse a less optimistic deci-
sion strategy and thus decreases the probabilitgdoption. Complementary
competition, on the other hand, has the opposfectefin addition, the model

shows that occasionally unprofitable technologidghinbe adopted even if
firms follow an optimal strategy. This is becau$e¢he costly sequential nature
of information and uncertainty associated with pinefitability of the new tech-

nology.

Various authors in the management literature héae stressed different at-
tributes of the innovation itself as a determinahits commercial success and
speed of diffusion. For example, Gatignon et. 2000) provide a valid and re-
liable measurement instrument to differentiate leetwdifferent kinds of tech-
nological innovations and show that the type ofitim@vation has an influence
on its diffusion. The constructs they use are: nempetence acquisition, com-
petence enhancing / destroying, core / peripherelemental / radical, and ar-
chitectural / generational. It turns out that tlenmercially most successful in-
novations are those that built on existing compsénin companies as well as
acquiring new competencies from outside the firnadiRal innovations are
more likely to be commercially successful than émeental ones. Innovations
that relate to the core business of a firm seebetoonsidered as strategic and
diffuse faster, while innovations that either degtcompetencies or require the
acquisition of new competencies diffuse slower.

Rogers (2003) specified five criteria that descabdnnovation and relate to
its commercial success and diffusion: relative atge, compatibility, com-
plexity, testability, and observability. Accordinig Rogers, although these at-
tributes are inherent to the innovation, it is tieg objective value of these at-
tributes but the perception of these attributesistomers that determines the
success of the innovation. The potential for conuia¢success and a fast diffu-
sion of an innovation is hypothesized to be posiyivelated to high values of
the perceived Roger’'s criteria. The emphasize om itinovation-specific
Rogers’ criteria is especially prominent in Marketistudies.

Other authors that have also compared differergviations, their attributes,
and consequences for their speed of diffusion aaadfleld (1993), Meyer and
Goes (1988), and Nault et. al. (1997), all confirgiihat innovation-inherent at-
tributes are relevant for the diffusion process.
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3.5. Multiple related technologies and development
paths

Up to this point, the discussion has focused ondiffasion of stand-alone
technologies which are adopted in isolation frofmeottechnologies. However,
in reality technologies are rarely completely da&at from each other. In par-
ticular, e-business technologies are characteiiizeéde introduction as a num-
ber of technologies that can serve different pugposithin firms, but are all
members of the group of ICT’s that use the Inteaseta communication plat-
form. Thus, they belong to the same technologi@ahgigm. Consequently,
firms are not only faced with the option to invesb any one of the technolo-
gies belonging to this paradigm, but with the optio invest into progress upon
the technological trajectory that is defined by #teibutes and possibilities of
the numerous technologies that belong to this pgmadThis section addresses
the main issues that arise when firms are not ocahfronted with the opportu-
nity to invest in one particular technology, butiwa set of investment opportu-
nities into a number of related technologies.

Dosi (1982) noted in his original paper that “’pregs’ upon a technological
trajectory is likely to retain some cumulative faais: the probability of future
advances is in this case related also to the paditiat one (a firm or a country)
already occupies vis-a-vis the existing technolalgfcontier”. The following
chapters contribute by making this relationship liekp This is possible by
showing that, under specific circumstances, pragrgmn a technological tra-
jectory can be subject to increasing returns, whHedds to an acceleration
mechanism. This has, to my best knowledge, not ldege yet. This section
aims to link different theories that can rationalan acceleration mechanism on
a conceptual basis and it discusses its stratetggance by using the resource-
based view of the firm. It concludes that the exise of a self-propagating
process of technological development would aggeavhé potential of new
technology adoption as a possible source of sestatompetitive advantage.
Chapters 5 and 6 make the nature of this accaderatiechanism mathemati-
cally explicit and empirically testable.

The relevance of considering interdependencies detwarious technolo-
gies in diffusion models has been demonstratedttaye®nan and Kwon (1994),
Stoneman and Toivanen (1997) and Colombo and M0$&885). Stoneman
and Kwon (1994) analyze the simultaneous diffumdmultiple process tech-
nologies, using a probit model on survey data ftbm UK engineering and
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metalworking industries that includes the date dbpmion of five different
technologies. Their results indicate that the memeaplementary the technolo-
gies are, the greater the likelihood that firmd adopt both technologies simul-
taneously. Closely related is the study of Colomalmol Mosconi (1995) who
analyze the diffusion of multiple technologies, éoypng a hazard rate model
on a sample of firms from the Italian metalworkingustry. They pay particu-
lar attention to technological complementaritied &arning effects associated
with experience of previously available, relatecht®logies. Their results con-
firm that technological synergies and cumulativarhéng by using effects are
key determinants to a firm’s adoption behavior. Tégacy of a firm's techno-
logical history is found to greatly affect adoptiammoices. Stoneman and
Toivanen (1996) study the simultaneous diffusionfieé technologies, using
panel data on UK manufacturing industries. Theguls suggest that techno-
logical and strategic interdependencies betweeivithéal technologies do af-
fect the diffusion path.

The following discussion and the empirical analysig€hapters 5 and 6 ex-
tends this line of research in a number of asp€t}A theoretical underpinning
of the effects of related technologies is offer8gecifically, it is argued that
complementarities, learning effects, rebates angkifections in the financial
markets can lead to a self-propagating mechaniatinbreases the probability
of adoption the more related technologies a firm maviously installed. Thus,
if technologies are based on the same principlésibwnot substitute another,
the rate of progress upon a trajectory can be emredsing function of the posi-
tion of a firm upon the trajectory. (2) A mathencatiframework is offered to
make these thoughts explicit and testable. (3)o¢aridifferent econometric ap-
proaches and two different datasets are useddbattter allow for conclusive
findings on the relationships analyzed. (4) Thetjiend econometrics are ap-
plied to two exceptional and very large data dsts$ include information on the
usage of numerous e-business technologies.

Technological complementarity

The related technologies belonging to a paradigmedther be technological
substitutes, partial substitutes, or complementsilllistrate, let's consider the
most simple case of two technologies, A and B.dwalhg Stoneman (2000)
and Stoneman (2002), assume that the decisiorvéstiin both technologies is
a non-reversible, all-or-nothing decision which lg# profit gains , and
T, greater than zero if only one of the two technadegs installed. If the firm
decides to adopt both technologies, the profit gélhbe 1, +1, +v. Tech-
nologies A and B are defined as:



78

complements ifv >0 and thusrt, + 15, +v > T, +T11,

2. total substitutes ifv <0 and thust, +15, +v <, +T13,, but also
T, +T, VST, , T, +T +V<T],

3. partial substitutes ifv <0, and thust, + 15, +v <1, +713, but
alsom, +1, +v>T,, T, +T +V > T

For the case that any of the above scenarios applie technology choice
decision of the firm in timé will depend upon its previous investments. For ex-
ample, if A and B are technological complementsnight be profitable for a
firm that has previously installed A to install Btj whereas for some other firm
that hasot previously installed A it mightot be profitable to install B (or A).
Also, the decision to install either A or B do motly depend on the price of A
or B alone, but also on the price of the respeatibeer technology. For exam-
ple, as the degree of technological complementatyéden A and B increases,
the “threshold prices” at which a firm will buy leé@r A, B, or both will also in-
crease (Stoneman 2000).

More generally, complementarity implies that “thersof the changes in the
payoff function when several arguments are incréasparately is less than the
change resulting from increasing all argumentsttegg@ (Milgrom and Roberts
1990). Mathematically, this corresponds to a paftoittion that is supermodu-
lar in its arguments. The notion of complementairtylies increasing returns
to adoption from any technology, given that oth@mplementary technologies
are also adopted. Note that in terms of progress aptechnological trajectory,
this implies that the momentum of progress shoelé@tincreasingfunction of
all complementary arguments of the underlying tetdgical paradigm.

Complementarities between technologies seem toestighat a firm would
always upgrade or install all complementary compisisimultaneously, lead-
ing to radical changes instead of continuous deretnt paths. However, this
conventional wisdom must not be true. Jovanovic &talyarov (2000) show
that if upgrading each input involves a fixed cdstns may upgrade them at
different times, asynchronously. Thus, compleméytatoes not necessarily
imply comovement of all complementary variablest eeen for a single deci-
sion maker. However, given that complementarityvaile, the chance that a
given firm will invest into a technology will incase with the number of com-
plementary investments it has already conducted.

A necessary condition for technological complemetytés that technologies
are compatible (Economides 1996a). Compatibilitansethat technologies can
be costlessly combined to produce a demanded gomdpatibility can for ex-
ample be observed between hardware and softwarepl@ers and CD’s,
computers and printers, fixed-line and mobile tetape networks etc. If tech-
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nologies are compatible, one technology will beergquisite for the function-
ing of the other, or at least make the other teldgyomore attractive.

Compatibility might also be expected among varietsusiness technolo-
gies. For example, online sales and online purofgasystems within an enter-
prise fulfill clearly different functional purposesthus they are not substitutes.
However, they make use of the same communicatifsasimucture of the firm
(typically a LAN and the Internet protocol) and yhraight both be connected to
an ERP and the in-house database system. In facly efficiency gains of e-
business technologies arise because they run amaaon infrastructure and
have the ability to exchange information acrossliegfions. Many consulting
projects have the explicit objective to establisése links and to integrate the
various applications such that they can exchantge daseamless integration of
various applications is often viewed as an ideahhbse it promises to save in-
house transaction costs and allows to speed upegses. Consider again the
simple example of two technologies, A and B. Althbuhe costs of making A
and B compatible is not necessarily zero (in faopsultants charge consider-
able amounts for such services), they could sirbglyntegrated in the invest-
ment rule of the firm by assuming that>0 comes at some additional price
P,20. If P, is zero or the present value of>0 outweighsP,, it will be
more attractive for a firm to purchase both A andoBether, or increase the
chances that a firm will purchase A (B) given thaireviously installed B (A),
respectively. Thus, the complementary story fohtetogies belonging to the
same paradigm applies as longRsis sufficiently small and technologies do
not substitute each other in their functionalities; 0.

Complementary inputs

Complementarity between technologies can also #rikey require similar
joint inputs to function properly. For example,stitiould be skilled labor or the
presence of technical specialists. So even if W@dgies are completely inde-
pendent and not connected in any way, they migtsuibgect to a supermodular
payoff function because they utilize joint compleraey inputs. Thus, the sum
of changes in the payoff function of a firm for ieasing the arguments of the
technologies and the joint inputs simultaneouslghmbe higher than the sum
of increasing each argument alone. The differediceomplementary inputs to
the technological complementary discussed abowes i®llows: While techno-
logical complementary requires compatibility oftigologies to arrive at a su-
permodular payoff function, this is not the casetécrhnologies that have com-
plementary inputs. In this latter case, a supertawcayoff function arises via
the presence of some third variable which is compltary to the technologies,
although the technologies themselves might notitecttly compatible or con-
nected in any way. For the case of complementgytf it is immediately ob-
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vious that the payoff flow of each technology veitlleast partly depend on the
quality and quantity of the joint input purchasedused. The net benefit of the
technology will thus depend on the price and abdits of the joint input;
changes therein can therefore influence the adomtérision of a firm. An in-
teresting example of this is Gandal et. al. (20@@p study the effect of CD
prices and availability of CD’s on the diffusion @D players.

A well recognized joint input to computer technaglag firms is skilled labor
(Acemoglu 2002, Brynjolfsson and Hitt 2002, Greendo01997, Krueger
1993). It is argued that investments into ICT l&aa higher demand for skilled
labor, which leads to skill-biased technologicahifpe and eventually also im-
pacts on wage structures, favoring well educatelivituals with IT knowl-
edge. In addition to skilled labor, ICT investmehts/e been shown to profit
from complementary investments into the re-orgaminaof processes and or-
ganizational structures (Brynjolfsson and Hitt 20@3ack and Lynch 2004).
Therefore, skilled labor, investments in traininggducation, process re-
engineering and organizational change can be vieagedomplements to in-
vestments in e-business technologies. Thus, thesplementary investments
can be expected to increase the payoff flow frooheabusiness technology. In
addition, a firm that has previously made investrménto human capital, ade-
quate processes and organizational structuresemplect a higher return from
any additional e-business technology than a firat ih still lacking these com-
plementary inputs.

Note again that this result is also strictly ingieg in its arguments. Thus,
the momentum of progress upon the trajectory shbeldnincreasingfunction
of all complementary inputs of the technologiehglng to the paradigm.

Learning-by-doing

Learning-by-doing may be another factor that endogsly influences a
firms’ ability and costs of making further progragson a technological trajec-
tory. As pointed out by Arrow (1962a), learningasproduct of experience.
Thus, the more experienced a firm is in using ai@dar technology, the more
likely will it be able to improve that technologpdto make progress on the tra-
jectory. The knowledge and experience a firm hasimclated will be reflected
in the technology it currently uses, but also snekpected payoffs from any ad-
ditional related technology. In Arrow’'s (1962a) nebdthe accumulation and
continuous investment into knowledge is reflectegidownward drift in cost
curves over time. In the same spirit, it can beaiadgthat a firm that has already
gained substantial knowledge in a given technoldgi@radigm will have ad-
vantages in making further progress on the assmtiagjectory. Sheshinski
(1967) provided a similar argument, pointing owtttlearning-by-doing dynam-
ics are “irreversible”, providing advantages to gadirms that have an early
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start in competition. Thus, firms that are on ahkigposition on a technological
trajectory have collected more experience with teahnology, and therefore
have cost advantages in “making the next step”irAghis reasoning results in
a positive relationship between the position updragectory and the momen-
tum of progress.

Financial slack and imperfect capital markets

Another reason why firms that are already advarmedh trajectory might
have advantages in making further progress are riegi®ns in the capital
market and financial slack. If progress upon aetrgry leads to higher profits,
firms that are more advanced on the trajectorybmaaxpected to have more in-
ternal finances available for investing in furtipeogress, ceteris paribus. In ad-
dition, information asymmetries between financiatermediaries and firms
seeking external funding for investment projectsidaexist, favoring the fi-
nancing conditions of those firms that have beercessful in the past (see
2.3.7). If the net worth of a firm improves, leng&vill become more willing to
lend, and additional investments can be financéis ficcelerator mechanism
has for example been demonstrated in studies by @i Blanchard (1986),
Hubbard (1990), and Hubbard and Kashyap (1992)inAdhis mechanism is
strictly increasing in its arguments.

Development paths and the rate of progress

The above discussion identified four distinct thesrthat can be related to
technological development paths (trajectories) thiedrate of progress: techno-
logical complementarity, complementary joint inputsarning-by-doing, and
imperfections in capital markets. All four theor@® strictly increasing in their
arguments, implying that the development of a fidlong a given technological
trajectory could be a self-propagating mechanisti wicreasing momentum.
In other words, the more “advanced” a firm alredglythe more likely it will
make further progress on the trajectory. This igh@ essence the “success-
breeds-success” story that was discussed earligedtion 2.3.7. While the lit-
erature cited in section 2.3.7 deals with the dyinamalationships of invest-
ments into innovative activities such as R&D andhfperformance, this line of
reasoning is applied here to investments into m@hriologies and the expected
costs and benefits of future technological investtsiewhich also relate to firm
performance. The parallel between investmentsR&® and new technologies
is straight forward: Both activities involve sun&sts in the expectation of fu-
ture rewards, and both activities can be consideredinnovative” in the
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Schumpeterian sense because they aim to “carrn@atcombinations” (see
section 1.4.1).

The link of technological development paths to wdifbn theory is also
straight forward: A technological paradigm is asatexl with a number of con-
crete, related technologies. Suppose that the$mdbigies are not substitutes
in their functionality and that firms can vary tmeir characteristics. The normal
course of development along the trajectory staitts the emergence of the new
paradigm and the non-availability of any associd¢etinology within a firm (or
country), progresses with the adoption of varioaishhologies, and possibly
ends with the adoption of all available technolsdielonging to the paradigm.
The adoption of an additional technology associatid the paradigm is con-
sidered as progress upon the trajectory. Note tthiatis not a deterministic
process. Not all firms need necessarily adopteahhologies because the ex-
pected payoff from a technology can vary amongrbgeneous firms. Also, al-
ternative paradigms might exist in parallel thdepf/iable substitute technolo-
gies, providing some firms with alternative investrhopportunities.

Each technology from a given paradigm that the firas not previously
adopted is an investment opportunity at timBepending on the specific char-
acteristics of each firm, the expected payoff freath investment opportunity
can vary among firms (rank effects). In particuldue availability of comple-
mentary technologies, inputs, relevant experienod, financial resources will
positively influence the expected payoff from adoptat timet and make adop-
tion more probable. In analogy to the argument ob# (1962a), the continu-
ous investment into knowledge, complementary inpansl the resulting advan-
tages are reflected in the technology a firm culyarses. Thus, the number of
previously adopted technologies from the associgt@digm can serve as a
proxy for the availability of complementary techogies, inputs, relevant ex-
perience, and financial resources. All of the abtigger a self-reinforcing
mechanism that increases the momentum of progfdss.more advanced a
firm is upon the trajectory, the more likely it ishake further progress. Or, in
terms of technology adoption, the probability tmpdany technology should
increase the more related but non-substitutablentdogies the firm has previ-
ously adopted, ceteris paribus.

In other words, firm-specific resources are bosgoarce and a consequence
of the adoption of new technologies that are assediwith some trajectory and
development path. Thus, history matters for e and thedirection of tech-
nological progress. The self-propagating develogmethanism continues un-
til firms have exhausted the potentials of a gitejectory. As pointed out
above, this does not imply that all firms must reseeily adopt all technologies
that are associated with a trajectory. Some maysante may not, it depends
on their specific characteristics which combinatmitechnologies and com-
plementary inputs will be optimaiiven their remaining characteristicélso, it
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depends on whether they have technological alteggtvailable that belong
to a different paradigm.

The possibility of a self-propagating mechanismtexthnological develop-
ment upon a given trajectory has important strat@gplications. There is an
explicit link between technology adoption and tlesaurce-based view of the
firm, which provides a conceptual framework to gmalthe relationship be-
tween firm-specific resources and competitive athge (Barney 1991). Firm
resources are conceptualized to include all phiysicganizational, and human
capital resources controlled by a firm that enghke firm to conceive of and
implement strategies that improve its efficiency affectiveness. A firm is said
to have acompetitive advantagehen it is implementing a value creating strat-
egy not simultaneously being implemented by anyeruror potential competi-
tors. Asustained competitive advantaggses if other firms are unable to du-
plicate the benefits of the strategy that crediesbmpetitive advantage.

The resource-based view assumes that firms areolget@eous in the re-
sources they control and that these resources otadyerperfectly mobile across
firms, which implies that heterogeneity might blasting phenomenon. Barney
(1991) identifies four attributes of firm resourdbsat are necessary if they are
to be a source of sustained competitive advantage:

» The resource must be valuable in the sense timapibves the effi-
ciency and effectiveness of a firm.

* It must be rare among a firm's current and potéotanpetitors, i.e.
not simultaneously implemented by a large humbertioér firms.

* It must be imperfectly imitable. This can occumdquiring the re-
source is dependent upon unique historical circantss, if there is
causal ambiguity between the resources of the ifirits perform-
ance, or if it comprises of a socially complex pbmenon that is
beyond managerial ability to systematically inflaen

* There cannot be strategically equivalent subsstéde this resource
that are valuable but neither rare or imperfectiitable.

The technological endowment of a firm, including ittegration into pro-
duction processes, organizational structure, treabaynamics of the enter-
prise and its combination with other complementasgets of the firm (such as
human capital) is clearly a firm-specific resoutieat is likely to be a source of
sustained competitive advantage, as suggestedebyetource-based view of
the firm. The extent to which this holds for a patar technology depends on
how well it fulfills the four above mentioned, nasary attributes.

The presence of a self-propagating process of tdopital development
substantially increases the strategic importancéedifinology adoption deci-
sions in general and theiiming in particular, because it limits the extent to
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which the technological endowment is imitable oacrm got a head-start in
its development vis-a-vis its competitors. Figuniuatrates these relationships.

Figure 2 — Technology adoption as a source of comjtete advantage
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Asynchronous technology adoption decisions of @niges obviously con-
tribute to (temporary) firm heterogeneity. The @i#nt endowment with tech-
nologies can have a direct impact on firm perforoear.g. there might be pro-
ductivity advantages for those firms that have aeld@m new technology first.
These differences in performance among companightnaiffect future tech-
nology adoption decisions, because companies gré&armed better in the past
might have easier access to capital to financetiaddi investments (Abel and
Blanchard 1986, Hubbard 1990 and Hubbard and Kash9&2). This is one
mechanism how particular firm-specific resources ba both a source and a
consequence of technology adoption decisions. titiad, if firms have the
opportunity to invest into related technologiest thelong to a particular para-
digm and trajectory, their current technologicatl@wment directly influences
future adoption decisions via learning-by-doing;hteological complementary
and the availability of complementary resourcesictvimakes the heterogene-
ous distribution of firm-specific resources a pbbslasting phenomenon which
is contingent upon historical events. Also, therighhbe early mover advan-
tages and the possibility to build up entry bagidBoth effects could be sus-
tainable in the long run and have an impact onpérdormance of enterprises.
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For example, early movers might have advantagdsréoscarce technical ex-
perts or to build up a positive reputation amongta@mers that leads to long-
term customer loyalty. In these cases, early pssgom a new technological tra-
jectory can vyield sustainable competitive advargadgt¢ence, the decision to
adopt a new technology and the timing of this denisan have important stra-
tegic consequences, especially if a self-propagatiechanism of technological
development actually exists.

Are investments into e-business technology aressible source of competi-
tive advantage? According to the resource-based, ke answer is “yes”. In-
vestments into e-business and ICT in general cawaheable because they
promise to improve the efficiency and the effeatizes of a firm. Also, a par-
ticular endowment with ICT and e-business tools lbamare because the diffu-
sion of these technologies takes times. If earlywerm® make indeed continu-
ously faster progress, this makes their uniqueobé@nplemented technologies
rare compared to competing firms that adopt lafee presence of an endoge-
nous acceleration mechanism suggests that theyatilifirms to acquire and
exploit technological resources depends upon thkeice in time and space.
Once this particular unique time in history pas§iess that try to follow might
not be able to perfectly imitate the resourcestaeit benefits. In addition, in-
vestments into ICT and e-business technologies nedoke organizationally
imbedded to become beneficial and hence often redquvestments into com-
plementary assets, such as organizational designhaman capital. These
complementary assets can also be rare, valuabtehard to imitate, which
adds to the strategic relevance of ICT and e-basireloption decisions. Fi-
nally, whether e-business and ICT related firm-fjmeesources can be substi-
tuted probably depends on the specific technolaglythe context in which it is
embedded in the organization. In general, two J@&iéirm resources are stra-
tegically equivalent when they can be exploitedasafely to implement the
same strategies (Barney 1991). For example, iftfsegic advantage of a firm
is build on its ability to manage large amountsirébrmation quickly and to
process it efficiently, this might be achieved eitlvy a highly developed ICT
infrastructure that is deeply imbedded in an orgation. But the same benefits
might accrue to a firm with a closely knit, highbxperienced management
team, without the use of ICT (Hambrick 1987). Hoe\this substitute is also
likely to be rare and not perfectly imitable. THere, according to Barney
(1991), an embedded and highly developed ICT itrinatire might be a
source of sustainable advantage.

In summary, the resource-based view of the firngests that the decision to
invest into a new technology has clear strateggigations because it could be
a source of a sustainable competitive advantage.itespecially likely to oc-
cur if technological investment decisions are dejeaihon each other over time,
giving rise to a self-propagating mechanism. Thesence of such an accelera-
tion effects makes the unique set of technologicahpetencies of a firm rare
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and imperfectly imitable, provided that competiimgng start at different times

with their progress upon a given trajectory. Thé#f-propagating mechanism
could arise due to technological complementarij@at complementary inputs,

learning-by-doing, or imperfections in capital metk Chapters 5 and 6 will
engage in a rigorous empirical analysis to testthéresuch a self-propagating
mechanism actually exists. If so, this would intkécadditional advantages of an
early adoption strategy.

3.6. Implications for e-business diffusion

Chapter 3 has discussed numerous factors thaendt the adoption and
diffusion of new technologies. However, not alltbbm are testable in later
chapters due to data limitations. | restrict thpliek wording of hypotheses to
those aspects that can be addressed in the empaits.

First, as technologies become cheaper and thdwrpgance increases, more
firms will adopt them. This mechanism was identifi@s driving the diffusion
process in rank, stock, and order effect modelgqidRprogress both in com-
puter hardware and software (Moore’s law) suggiststhe prices of ICT fall
over time, while the performance simultaneously riomes. Provided that this
mechanism also holds for e-business technologies;am expect that adoption
becomes more probable as time proceeds. Seconthaiteefirms already have
adopted e-business technologies, the higher thieapility that non-adopters
will eventually switch to the new technologies aslwThis may happen totally
independent from possible network externalitiesedbusiness technologies,
purely as a result of better information conditi@msl less uncertainty about e-
business, as pointed out by epidemic effect modath effects imply that the
probability to adopt is strictly increasing withnig:

Hypothesis 9: The probability to adopt e-business thnologies strictly increases
with time.

Furthermore, in the presence of technological cemphtarities, comple-
mentary joint inputs such as skilled human capltdrning-by-doing effects,
and returns to new technology usage in conjunciith imperfect financial
markets, a self-reinforcing mechanism can emergeiticreases the momentum
of progress for those firms that are already adedriic e-business usage, ceteris
paribus. This results directly from the discussawout the diffusion of multiple
related technologies in chapter 3.5:
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Hypothesis 10 — The probability to adopt any e-busiss technology is an in-
creasing function of the number of other e-businestechnologies that a firm has al-
ready adopted, provided that the technologies do naubstitute each other in their
functionalities.

Finally, better knowledge of the technologies wdltluce the level of uncer-
tainty and thus speed up diffusion. Also, betteowdedge is indicative of the
presence of complementary inputs (such as techepdialists or infrastruc-
tures) which will also make adoption more attraetiThus, we might expect
that industries that either have prior experiendé wmtensive usage of ICT in
general (e.g. banks, insurances, automotive, mediajdustries that are some-
how involved in the production of ICT goods andvess (e.g. electronics in-
dustry, telecommunications) will show more rapitksaof e-business diffusion.
This leads to Hypothesis 11:

Hypothesis 11 — Industries with ex ante better knoledge about ICT will adopt
e-business technologies more rapidly.

Table 1 provides an overview of all hypotheses fadrapters 2 and 3, which
points out to which theories in both chapters tiipotheses are linked. It be-
comes obvious that there are numerous parallelgeleet the literature analyz-
ing the consequences of technological diffusion ereddiffusion literature it-
self. In particular, those theories of technologdffudion that have a micro-
economic foundation (stock and order effects) dosety linked to the game-
theoretic literature on technological competiti@ng( patent races and models
of technological competition with endogenous mastaicture). Also, the the-
ory of rank effects provides an overarching framewto include factors that
are related to firm heterogeneity and the uneqigttilution of specific re-
sources among firms and markets (e.g. economiexae, network effects,
market structure, managerial competence) into nsodéltechnological diffu-
sion. Section 3.7 further elaborates on thesedefggndencies and how these
different theories contribute towards a consistésiv of technological change.
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Table 1 — Overview of hypotheses

Number | Content Theories Chapters
1 Diffusion varies across sectors Sutton (1991)} 2.3, 3.2.2,
Geroski (1994), |3.2.4,35
rank effects, or-
der effects, mul-
tiple techn.

2 Sectors with high concentration ratios| Sutton (1991), 2.3,3.2.2,
and high technological competition are Geroski (1994), |3.2.4, 3.5
more likely to adopt absorptive capact

ity, rank effects,
order effects,
multiple techn.

3 Large firms are more likely to adopt Economies of | 2.3, 3.2.2

scale, network ef
fects, Schumpeter
(1942); rank ef-
fects

4 Firms with medium degree of market | Comanor (1967),| 2.3, 3.2.2
power are more likely to adopt Scherer (1967),

Mansfield (1977)
rank effects

5 Early movers enjoy excess returns Patent races,| 2.3.6, 2.3.7,
stock effects, or-| 3.2.3, 3.2.4
der effects

6 Innovators are more likely to grow Patent rages, | 2.3.5, 2.3.6,

novation and 2.5, 3.2.3,
market structure,| 3.2.4
stock effects, or-

der effects

7 Firms that are advanced in using e- | Substitution ef- | 2.6
business are more likely to reduce em; fects
ployment

8 Firms that recently used technology tqg Compensation eft 2.6
innovate are more likely to increase emfects
ployment

9 The probability to adopt e-business | Epidemic effects,| 2.3.3, 3.2.1,
technologies strictly increases with timenetwork external{ 3.2.2, 3.2.3,

ities, falling 3.24
prices, techno-

logical improve-

ments

10 The probability to adopt any e-businesComplementarity| 2.3.6, 2.3.7,
technology increases with the number|aftrategic behav- | 2.5, 3.2.2, 3.5

previously adopted e-business techno
gies

der, learning-by-
doing, absorptive
capacity, imper-

fect capital mar-
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kets, rank effects
multiple tech-
nologies

11 Industries with high ICT competence ateearning-by- 2.3.7,3.2.2,
more likely to adopt e-business technaldoing, absorptivel 3.2.5, 3.5

ogy capacity, rank ef-
fects, technical

experts, reduced
uncertainty, mul-
tiple technologies

In addition to these hypotheses that can be erafiiritested in later chap-
ters, the above discussion of diffusion theorieggests a number of other rele-
vant and interesting factors that will influence tiliffusion of e-business tech-
nologies and are worth summarizing. First, one f#lvstantiated in which in-
dustries diffusion will be particularly rapid (théisrther specifying hypothesis
1): Industries that are characterized by low patasticity of demand will ex-
perience faster rates of diffusion, as pointedbyustock effect models. Second,
according to order effect models, the presenceositige returns to scale, sig-
nificant market reputation effects, or competitfon scarce complementary in-
puts (such as skilled labor) in an industry caredpgp the diffusion process be-
cause it makes pre-emptive adoption attractiverdT hindustries and countries
that are in a period of cyclical upswing will hazéhigher probability to adopt
because they generally increase their investmeamidipg in such periods (see
3.3).

Diffusion theory is also informative about who che expected to benefit
most from e-business adoption. According to staskler, and multiple tech-
nology models early adoption should yield the hijleverall returns. The pres-
ence of first mover advantages (resulting from clemgntarities, learning ef-
fects, increasing returns to scale, reputatior) etey even lead to sustainable
advantages of early adopters that cannot be plrfaapied by rivals that adopt
at later times. Apparently, models involving rarfieets, information acquisi-
tion, epidemic effects, or uncertainty are not viefgrmative about who will be
the likely winners of technology adoption. Howevtrey provide reasonable
explanations why firms may not adopt instantangouesten though this might
be the best strategy if purely competitive efferts considered.



90

3.7. The process of technological change

The preceding two chapters provided a literatuxéere on the diffusion of
new technologies and their implications. This gmctintends to highlight a
number of parallels between these two researchtiires and to show how they
jointly contribute to a consistent, market-basesiwof technological progress.

Figure 3 shows a flowchart that gives a simplifibastration of the process
of technological change. Technological change, ingachanges in the goods
or services produced and the means by which trepmduced, can be broken
down into four main stages:

1.

Invention of a new product or process: This loarthe result of co-
incidence or purposeful R&D activities. A new protwr service
might also arise as a by-product of an investmetat & new tech-
nology which is introduced to a company.

Market entry: Once the new product or service been invented, it
is introduced to the market. Potential customerthefinvention can
be either private consumers and households or ditmes® Once
the invention gains practical use in a market ocpss, it turns into
an innovation.

Diffusion: A new product is adopted by consumens / or firms

over time until it reaches its market potentialtehatively, it can

also fail if neither consumers nor firms are wijito purchase the
invention. If firms invest into the new productethgain from it is

usually not direct but requires an implementatiomcpss which can
either trigger a new product or service offer by #dopting com-
pany, or / and a process innovation within the sidgpcompany.

Alternatively, the implementation can also failuay ending in a

write-off of the investment.

Market adjustments: Finally, numerous marketisitfients can oc-
cur as a consequence of the diffusion processhdncase of the
successful diffusion of a new consumer producteovise, the pur-

chasing habits of consumers changes, possiblytaffethe demand
on markets for products that are substitutes orptements to the
innovation. This can trigger further complex adjusht processes
on the supply side of these related markets, plysalbo affecting

the labor market. In the case of a successfullyihiced process

8 A process invention is usually not offered to akeafor sale, but directly imple-
mented in the company it was invented in. In chsecompany decides to sell the know-
ledge about the new process to other companibscitmes a product or service inven-

tion.
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innovation, the adopting company expands its pridut which
leads to total output growth a decrease in pricésand changes in

market sharé&

This very simplified illustration leaves out impant elements that also con-
tribute in important ways to technological changer example, the role of en-
trepreneurship and new firm foundation is not esift}i considered, although it
does have a crucial role in the process of teclyidb advance. However, this
price was paid for the purpose of clarity and forestigating the role of tech-
nology diffusion in the process of technologicaaefe, which is the main ob-

jective of this study.

Figure 3 — Simplified process of technological chae
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9 Lower production costs lead to higher optimal pretibn quantities, ceteris pari-

bus.
19 provided that demand is somewhat price-elastic.
11 Because the demand curve slopes downward.

12 provided that not all companies serving the samelyct market adopt the new

process at the same time.
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Legend to Figure 3:
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Interestingly, the literature cited in chaptersr2l 8 points out that the four
stages of the process of technological change orerdi above are closely re-
lated. In particular, firm’s expectations of the rket adjustmentsucceeding
the successful introduction of a new product orcpss provide an incentive for
investinginto new products or processes, either via R&Dredfor through the
investment into a new technology sold by someose. élso, the realization of
profits from such investments is inseparably cotetevith the market adjust-
ments outlined above. Table 2 summarizes the in@mnthat drive the decision
of firms and customers to invest into innovativéties, products or services.

Table 2 — Incentive scheme to Figure 3

Incentives | e Opportunities for profitable investment
*  Opportunity to gain strategic advantage
o0 Capturing market shares from rivals via productia
cost advantages or market entry
0 Achieving (temporary) monopoly position via entry
to a new market

>

Incentives I e Opportunities for profitable investment
*  Opportunity to gain strategic advantage
o0 Capturing market shares from rivals via productia
cost advantages or market entry
0 Achieving (temporary) monopoly position via entry
to a new market

>

Incentives Il

Utility gains from consumption

Remarkably, it appears that the selfish motivesasfsumers and companies
seem to be the engine that drives technologicajress and hence spurs the
creation of wealth and economic growth. These Selfiotives seem to unfold
their creative and productive impacts particulawvigll in free-market societies
where firms are engaged in fierce competition,exemntly pointed out by Wil-
liam Baumol (2002):

“What differentiates the prototype capitalist ecaryomost sharply from all
other economic systems is free-market pressure¢ddtee firms into a continu-
ing process of innovation, because it becomes aemaf life and death for
many of them... Firms cannot afford to leave innawatio chance. Rather,
managements are forced by market pressures to guppovative activity sys-
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tematically and substantially, and success of tfeete of any one business firm
forces its rivals to step up their own efforts. Tesult is a ferocious arms race
among the firms in the most rapidly evolving sestof the economy, with in-
novation as the prime weapon.” (p. viii-ix)

In the context of this study, it becomes obviouat imvestments into new
technologies are an essential part of this “feregiarms race” that spurs eco-
nomic growth, creates prosperity and enables fiongain competitive advan-
tages. Table 3 summarizes the connections betwesiotir main steps of tech-
nological progress and the various theories tha¢weéscussed in the preceding
two chapters.

Table 3 — Theories relating to technological change

Process step Theories Chapter
Invention and Patent races, market structure and| 2.2, 2.3.4, 2.3.6
R&D innovation incentives, appropriabil
ity problems
Market entry Patent races, market structure an@2.3.4, 2.3.6
innovation incentives
Diffusion Epidemic-, rank-, stock- and order| 3.2, 3.4, 3.5

effects, risk and uncertainty, multiple
related technologies, Roger’s criteria

Market adjustment Innovation and market structure, pa.3.1, 2.3.2, 2.3.3, 2.3.5,
ent races, economies of scale and | 2.3.6, 2.4, 2.6, 3.2.3, 3.2.4
scope, network effects, employment
effects, productivity and growth,
stock- and order effects

This concludes Part | of this study, which aimegtovide an overview of what
we currently know about how new technologies gaitréasing usage among
firms and how innovation diffusion is embeddedtie thore general process of
technological progress. Chapter 2 emphasized Heatdiffusion of new tech-
nologies can have far reaching consequences focahgetitiveness of indi-
vidual firms, the organization of production proses and market structures, the
demand for labor and certain types of qualificagioand for productivity
growth and the creation of prosperity and wealthpérticular, the strategic
relevance of technology adoption decisions wasséet Chapter 3 provided an
overview of the current literature on technologifudiion. The primary objec-
tive of this research is to rationalize and to aipthe puzzling observation that
new technologies — even if they promise clear benahd are objectively supe-
rior to old technologies — are not immediately aedpby all firms that could
possibly profit from them. Rather, diffusion appe#o be a dynamic process
that often takes surprisingly long until the newhtieologies have gained satura-
tion levels in usage. Different theories have beaygested to explain this phe-
nomena. Some of these theories complement each @l the rank effects
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theory and the majority of the management litemtm technology diffusion),
while others are based on conflicting assumptionsxplain the same phenom-
ena (e.g. epidemic effects versus stock effect mshpdm particular, we found
that some of the most interesting and challengfferts occur when firms’ in-
vestment decisions are observed as a dynamic segjuies. when past invest-
ment decisions influence the probability and thgoffeof future investment de-
cisions, which can lead to non-linear dynamics,kioc effects and path-
dependent developments. Also, the existing liteeaguggests that such non-
linear dynamics are especially likely to occuriififs are faced with a new tech-
nological paradigm that offers various, relatedestment opportunities instead
of just one stand-alone technological solution th@dependent from any other
technology the firm uses or could purchase in tiieré. However, there is still
a gap in the literature analyzing explicitly howcBudynamic interdependencies
influence the adoption behavior of firms and alsdear lack of empirical evi-
dence for such dynamics. In addition, there i$ atily very few empirical work
on the diffusion of e-business technologies antherrelationship of e-business
usage with firm performanté

Part 1l continues with original research that isrie@ out to address these gaps
in the literature and to empirically test the hypstes that were developed in
Part I. The estimation results will be indicativeat which of the above identi-
fied theories abides the test of the data and whpaitticular factor has the
strongest and most dominant influence on the ddfuslynamics of e-business
technologies. In addition, the analysis of therimtationship of e-business us-
age, innovative activities and firm performanceldgeinteresting and new in-
sights into the strategic relevance of ICT. Ladtrmt least, a number of impli-
cations can be derived based on the empirical evile

13 Primarily because this technological paradigntilsrelatively new and firm level
data that is adequate and useful for academic pagis still rare.
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PART I

4. Data description

The data used for the empirical analysis in thioWahg chapters originates
from enterprise surveys of tleeBusiness Market W@tcan observatory initia-
tive sponsored by the European Commission. §48usiness W@tamonitors
the adoption, development and impact of electrboginess practices in differ-
ent sectors of the European economy. The initiati@e launched in late 2001
with the purpose to provide reliable and methodiicabnsistent empirical in-
formation about the extent, scope, and factorstiffg the speed of e-business
development at the sector level in an internatigramparative framework, in-
formation which have previously not been availdbden other sources such as
official register-based statistics or market reskeatudies.

The European Commission launched the project tongee in-depth infor-
mation about e-business development in Europe deroto identify possible
needs for policy action to concur with the eEur@®95 Action Plan, which
was endorsed by the Seville European Council ire 2002. In that Action
Plan, the European Council agreed on the goal fmpte take-up of e-
business with the aim of increasing the competii@gs of European enterprises
and raising productivity and growth through investmnin information and
communication technologies, human resources (nptiskills) and new busi-
ness models”.

Until 2004, thee-Business W@tdhitiative had conducted three large scale
enterprise survey rounds and published Sector Itmpaalies on 17 different
sectors in the European economy, three comprehengivthesis reports, statis-
tical pocketbooks and other resouréeghese various publications and re-
sources contain a very comprehensive collectiodesfcriptive statistics from
the three enterprise survey waves, thus makingdditianal descriptive analy-
sis of the data for the purpose of this study dispble. Results from the-
Business W@tcheceived high attention among policy makers, ingustpre-

14 all available free of charge at the project’s vitghat www.ebusiness-watch.org.
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sentatives and have been quoted and utilized I®r eésearch institutions, for
example EITO (2003) and OECD (2004).

The three enterprise surveys were carried out 202, March 2003 and
November/December 2003. Each survey used a slighdljified questionnaire
and had a different coverage of industrial sectmd countries. Thus, no real
panel data were collected. Instead, the surveysbased on independently
drawn random samples from pre-specified countryesemombinations, strati-
fied by three enterprise size classes (<49 empinye@ 250 employees, >250
employees) to enable a representative represemtatithe respective country-
sector findings. A consistent survey method wagusgerviewing decision
makers in companies (e.g. IT managers, managiregtdirs or the owner) by
computer-aided telephone interviews (CATI). Tratistaof the questionnaire
into the respective languages and fieldwork wasezhiout by specialized poll-
ing companies.

Each interview collected basic information abow tompany, including
confirmation of sector membership, number of empésy number of estab-
lishments, and basic financial information suchtasover development. The
majority of questions related to the availabilitydausage of various ICT and e-
business technologies. In addition, companies wsked about their IT training
efforts. Also, various questions related to thecpsed importance and impact
of e-business at the firm level. The average ifgantime was close to 15 min-
utes for all three survey waves, thus a comprelersst of firm-specific infor-
mation could be gathered.

Due to budgetary constraints, not all sectors alhdEaropean countries
could be included in each survey. Instead, thecghof sectors and countries
varied in each survey round in order to get aneasingly broad coverage,
which was desired by the European Commission. H®imiton of all sectors
was in accordance with NACE Rev. 1 statistical sifaction of economic ac-
tivities.

Table 4 shows the number of successfully complémerviews in each
country-sector cell for the firg-Business W@tcsurvey which was carried out
in July 2002. In sum, the dataset contains 9,26id whservations from 15 sec-
tors in 15 European countries. However, not als&&tors were covered in each
country with the exception of the four largest Epgan countries — France,
Germany, Italy, and the UK — which exhibit a contpland homogeneous sec-
tor coverage that enables cross-country and cexgstscomparisons.
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Country
SectorfA |B |DK|FIN|[F |D |GR]|IRL |I L [NL [P |E |S | UK
01 99 100| 100 102 96 | 100|101 100
02 101{100| 51 102 102 100 101
03 101 50 | 100 36 100 51| 100
04 60 103} 100| 53 133| 31 100
05 105 100/ 100 129 54 | 105
06 61 100| 100 102 50 | 104
07 50 | 100 104 100| 53 | 102
08 102 101|100 52 105 84 | 100 100
09 101 100| 100| 100 96 100 102
10 97 103|100 99 | 41 10% 100
11 50 | 100 52 41 | 30 52 101
12 104 | 61 101 100 101 100 101
13 101 103 100 63 103 117 105
14 63 100| 100 100 101 103
15 102 63 100| 100 56 100 114

breviated by their international license plate @de

the relative size of sub-sectors measured by vadigeed. Thus, sub-sectors with

Note: Table shows number of successfully compléatestviews, country names ab-

The July 2002 survey covered seven manufacturidgsinies and eight ser-
vice sectors. Table 5 provides the exact definittbrthe sectors according to
NACE Rev. 1 codes. Within each sector, sampling adjsisted according to

a relatively larger share of contribution to natibDP were included with a
proportionately larger number of interviews, allagito get an approximately
representative picture at the country-sector level.

Table 5 — Sector definition ofe-Business W@tch survey July 2002

Sector short name NACE Rev. 1 Codes

01 | Food 15 — Manufacture of food products and beverage
16 — Manufacture of tobacco products

02 | Publishing 22 — Publishing, printing and reprodaictof recorded me
dia
92.1 — Motion picture and video activities
92.2 — Radio and television activities

03 | Chemicals 24 — Manufacture of chemicals, chemioadlpcts and
man-made fibers
25 — Manufacture of rubber and plastic products

04 | Metal products 28 — Manufacture of metal products

05 | Machinery 29 — Manufacture of machinery and equipme

06 | Electronics 30 — Manufacture of office machinerd aguipment
31.1 — Manufacture of electric motors, generators a
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transformers

31.2 — Manufacture of electricity distribution acahtrol
apparatus

32 — Manufacture of radio, television and commutiica
equipment and apparatus

07 | Transport Equipment34 — Manufacture of motor vehicles, trailers anahise

trailers
35 — Manufacture of other transport equipment

08 | Retall

52.11 — Retail sale in non-specialized stavi¢th food,
beverages or tobacco predominating

52.12 — Other retail sales in non-specialized store
52.4 — Other retail sale of new goods in specidli®eres,
except of motor vehicles and motorcycles

09 | Tourism

55.1 — Hotels

55.2 — Campsites and other forms of short-stayranto-
dation

62.1 — Scheduled air transport

63.3 — Activities of travel agencies and tour opans tour-
ist assistance activities n.e.c.

92.33 — Fair and amusement park activities

92.52 — Museum activities and preservation of hisab
sites and buildings

92.53 — Botanical and zoological gardens and nagire
serve activities

10 | Monetary Services

65.12 — Total credit institutions
65.2 — Other monetary intermediation

11 | Insurances

66 — Insurances and pension fundingpéxompulsory
and social security

12 | Real Estate

70 — Real estate activities

13 | Business Services

74.1 — Legal, accounting, boelpikg and auditing activi
ties; tax consultancy; market research and pulplicion
polling, business and management consultancy; mgddi
74.2 — Architectural and engineering activities asldted
technical consultancy
74.3 — Technical testing and analysis
74.4 — Advertising
74.5 — Labor recruitment and provision of personnel
74.6 — Investigation and security activities
74.7 — Industrial cleaning
74.8 — Miscellaneous

14 | ICT Services

64.2 - Telecommunications
72 — Computer-related activities

15 | Health Services

85.1 — Health activities
85.3 — Social work activities

The same surveying and sampling methods were naéctdor the March
2003 and November/December 2003 survey waves. TaeehiM2003 survey
covered only the five largest European countrieari€e, Germany, Italy, Spain
and the UK) and seven sectors (four manufactutimge service sectors), but
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all sectors were covered in all countries, thusding a homogenous coverage
that allowed to make representative cross-coumty @oss-industry compari-

sons. In total, 3,515 interviews were successfatpducted in March 2003.

Table 6 provides a detailed breakdown of the nurnberterviews per country-

sector cell.

Table 6 - Country-sector coverage-Business W@xch survey March 2003

Sector
Country 01 02 03 04 05 06 07
F 100 100 100 101 101 99 100
D 100 100 100 100 100 101 100
| 102 101 101 100 102 102 101
E 100 100 100 100 100 100 100
UK 100 101 101 100 101 100 101

Note: Table shows number of successfully complatestviews, country names ab-
breviated by their international license plate @de

Some of the sectors that were covered in June 2@08 surveyed again in
March 2003. The definition of sectors was maintdite achieve some level of
comparability of results, with the only exceptiohtlee tourism sector that now
also included restaurants, cafes and bars. TakloWs the respective defini-
tions.

Table 7 - Sector definition ofe-Business W@xch survey March 2003

Sector short name NACE Rev. 1 Codes

01 | Food as above

02 | Chemicals as above

03 | Electronics as above

04 | Transport Equipmentas above

05 | Retail as above

06 | Tourism 55 — Hotels and restaurants

62.1 — Scheduled air transport

63.3 — Activities of travel agencies and tour opans tour-
ist assistance activities n.e.c.

92.33 — Fair and amusement park activities

92.52 — Museum activities and preservation of hisab
sites and buildings

92.53 — Botanical and zoological gardens and natire
serve activities

07 | ICT Services as above

The November/December 2003 survey extended theesgbfhe project to
the 10 Acceding Countries and to two new sectabwiere previously not cov-
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ered (textile industries and crafts & trade), nawering a total of 25 countries
and 10 sectors. This, however, resulted in a Iddsomogeneity in country-
sector coverage and a loss of cross-country ansk<@ctor comparability on
the aggregate level due to budgetary constraints.tokal, the Novem-
ber/December 2003 survey included 7,302 succegsfolinpleted interviews;
4,670 in the old EU and Norway, 2,632 in the AcogdCountries. Table 8
shows the detailed coverage break-down.

Table 8 - Country-sector coverage-Business W@xch survey Nov/Dec 2003

Sector
Country| 01 02 03 04 05 06 07 08, 09 1(
A 68 132 100
B 101 100 100
DK 67 67 66
FIN
F 100 101 100 100
D 100 100 100 100
GR 84 76 89 75 75
IRL 70 70 71
[ 100 100 100 101
NL 100 101 102
P 104 100 100
E 101 108 101 100
FIN 75 75 76
S 80 75 79 80
UK 100 100 100 100
CY 64
CZ 60 60 60 60 60
EST 50 50 50 21 65 50 50 50 5Q 5(
H 80 80 80
LT 57
LV 51 49 51
M 51
PL 80 80 80 80 80 80 80 80 80 8(
SLO 56 51 53 55 58
SK 50 50 50 60
N 30 70

Note: Table shows number of successfully compléatestviews, country names ab-
breviated by their international license plate @de

Table 9 again shows the definition of the 10 sectmvered in the Novem-
ber/December 2003 survey. Eight of the sectorsdieshdy been part of the
June 2002 survey, and their definition was retgimgth the only exception of
the tourism sector that included restaurants, cafielsbars as in May 2003. The
textile and the crafts & trade sectors were, howes@vered for the first time in
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November/December 2003. Crafts & trade is not diciaf industry according
to NACE Rev. 1 codes. TheeBusiness W@tctonsidered crafts & trade to be
a group of professions in which “workers apply thegpecific knowledge and
skills to produce or process goods” and in whidie“tasks call for an under-
standing of all stages of the production procéssnaterials and tools used and
the nature and purpose of the final product”. Tiperational definition was
“firms with less than 50 employees in craft-relabdddCE Rev. 1 business ac-
tivities” (European e-Business Market W@#&d04a, p. 122).

Table 9 - Sector definition ofe-Business W@xch survey Nov/Dec 2003

Sector short name NACE Rev. 1 Codes

01 | Textile 17 — Manufacture of textile and textile guzts
18.1 — Manufacture of leather clothes
18.2 — Manufacture of other wearing apparel ane ssw-

ries
19.3 Manufacture of footwear
02 | Chemicals as above
03 | Electronics as above
04 | Transport Equipmentas above
05 | Crafts & trade 17 — Manufacture of textiles anditexproducts

18.1-2 — Manufacture of wearing apparel and drgssin
19.3 — Manufacture of leather and leather prod(iots:-
wear only)

30 — Manufacture of office machinery and computers
31.1-2 — Manufacture of electrical machinery angaaptus
32 — Manufacture of radio, television and commutiica
equipment and apparatus

34 — Manufacture of motor vehicles, trailers anahise
trailers

35 — Manufacture of other transport equipment

20 — Manufacture of wood and products of wood amtt,c
except furniture; manufacture of articles of stiavd plait-
ing materials

36.1 — Manufacture of furniture

45.2-4 — Construction (Building of complete constions,
building installation and completion)

06 | Retail as above

07 | Tourism 55 — Hotels and restaurants

62.1 — Scheduled air transport

63.3 — Activities of travel agencies and tour opans tour-
ist assistance activities n.e.c.

92.33 — Fair and amusement park activities

92.52 — Museum activities and preservation of hisab
sites and buildings

92.53 — Botanical and zoological gardens and nagire
serve activities

08 | ICT Services as above

09 | Health Services as above

10 | Business Services as above
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During the course of the project, changes have laégm made to the ques-
tionnaire that was used for the surveys. Thesegdspartially reflected prior
experience with survey results (including respamages, wording of questions),
identification of additional aspects that desermeare attention (including an
extension of available background information abecotnpanies and a retro-
spective time dimension on some technology var@bleut also changes in the
technological environment due to newly emergingdseand specific interests
of the client or of consortium members that neetdede reflected in the ques-
tionnaire. The implemented changes necessarilydédconsistencies between
the surveys, thus making a comparison of time sdnoin one survey wave to
another a dodgy exercise from a methodical pointi®fv. Thus, for purposes
of academic analysis it is more useful to conselerh survey wave as an inde-
pendent, stand-alone cross-sectional dataset #émaipt be easily compared or
connected to other survey waves. While this mightiewed as a disadvantage
(we have three cross-sections that are neitheapteohor a true panel), it also
has merits because each survey focused on sligifftyent aspects and gener-
ated a slightly different set of variables that ¢dsnused to analyze different
questions. Also, each survey wave by itself isdaggough to draw some fairly
representative conclusions about the underlyingoiaghpopulation. The com-
plete questionnaires for all three survey wavesparglicly available on the
website of thee-Business W@tgbroject at:

http://www.ebusiness-watch.org/menu/The_Europe@usiness_Survey!

For the purpose of this study, the most importaaitifres of each survey
wave are 1) which and how sectors and countries wevered, 2) which back-
ground information about companies are availalbid, 3) which information on
technology usage are available.

15 Link active as of April 1st, 2005.



Table 10 — Features of the three cross-sectional daets
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Survey

Coverage

Background informa-
tion variables

Technology usage
variables

June 2002

- Homogeneous coverLimited tosize class

age of 15 sectors in 4
countries

- Heterogeneous sectoturnover development

coverage in 11 addi-
tional countries

with 9,264 valid ob-
servations

country, sector num-
ber of establishments,

last year primary cus-

IT training efforts

tomers of the enterprig
- Largest cross-section and information about

- A large number of
ICT and e-business|
technology variable
are available.

- Disadvantage: No
anformation about
whentechnologies
have been used for
the first time.

L2}

March 2003

- Homogeneous cove
age of 7 sectors in five

countries

r- Same as in June 200

2 - Comparable to
June 2002, howeve
for 8 technologies
companies were als
askedwhenthey
first started to use it

r

=]

Nov/Dec 2003

- Heterogeneous cov-
erage of 10 sectors in
25 countries, no com-
parability across coun

- Important additional
variables have been
added, includingrof-
itability last year, % of

- Comparable to

March 2003, includ
ing the retrospective
time dimension for

tries or sectors on the
aggregate level

employees with colleg
degree, market share,
product innovations
last year, process inng
vations last year,
Internet-related inno-
vations last year
(product or process)

e8 technologies

According to Table 10, the major advantage of ttneeJ2002 survey is its
comprehensive and homogeneous coverage of 15 seatdr countries. Also,
this is the survey with the highest number of sesftdly completed interviews.
Since the main objective of this study is to analigchnology adoption and its
impact at the level of the individual firm, the mapisadvantage of this dataset
is the lack of a time dimension and a lack of intgotr background information
about each company (e.g. market share, employd#icatéon, innovative ac-
tivities), including a lack of objective performaneariables such as profitabil-
ity that could be related to technology usage meaningful way. However, for
a static analysis of adoption patterns this dataseery attractive due to its
sheer size and the comprehensiveness of technakape variables that were
collected.

The major advantage of the March 2003 survey femilrposes of this study
is the introduction of a retrospective time dimenson eight technology vari-
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ables: Firms that confirmed in the interview tHagyt currently use a particular
e-business application (e.g. online purchasing-l@aming) were asked when
they first started to use that technology. Thishéema dynamic view of the dif-
fusion process. Of course, there is some additisagince in the data due to
the fact that respondents may not precisely remersinee when their enter-
prise has been using a particular technology. Nkgkss, the ratio of missing
values on these questions were always below 208teafespective subjects in-
dicating that most respondents were at least abieake an “educated guess”.
Also, one might reasonably assume that the ermtrilgiition will not be sig-
nificantly skewed towards one or the other sidéheftrue values. Thus, without
additional information or conflicting evidence,istmost reasonable to treat the
reported adoption date as the true adoption date.

An additional advantage of the March 2003 survethés achieved level of
homogeneity in country-sector coverage. Howevempared to the June 2002
survey, less country and sectors were includedtiyig less degrees of freedom
in the explanatory variables for diffusion analysése major disadvantage of
the March 2003 survey is that important backgrounfiokmation about compa-
nies and objective financial performance variaklesstill missing.

This shortage was overcome by the Nov/Dec 2003esurwhich also in-
cluded information on market shares, profitabilignd innovative activities
within firms. Especially the questions on innovatigctivities turned out to
yield very interesting insights. Two introductoryestions that were asked to
every respondent elicited whether a company haddoted substantially im-
proved products or services to its customers dutiegpast 12 months prior to
the date of the interview. It was also asked if tbempany had introduced new
internal processes during the past 12 months. Tihngseluctory questions were
adopted from the Community Innovation Survey (C®4) to determine the
share of companies that recently introduced produptocess innovations. The
advantage of adopting the questions from CIS wasitlenabled to use a well
accepted and tested survey instrument. In additidhe introductory questions
on innovation, the interest was also on the shamenovative activity that is di-
rectly related to or enabled by Internet-basedreldgy. Therefore, companies
that indicated in the introductory questions tHayt have conducted innova-
tions in the past 12 months were asked follow upstians. In addition to these
new and important background information, the N@d2003 survey main-
tained the retrospective dynamics introduced india2003, thus yielding a
particularly rich dataset with a pseudo-dynamicspective. The only disadvan-
tage of the survey is the high level of heteroggriei country-sector coverage
that does not allow to compare results across ciesnor sectors. However,
econometric techniques can be used to overcometbidem (see chapters 6
and 7).

For the studies in the following chapters, the choivas made to use the
June 2002 survey for the static analysis of e-lmssiradoption due to the com-
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prehensive and homogeneous coverage of 15 sectods dountries, which

yielded an exceptionally large dataset with dethilaformation about e-

business technology usage. To study the dynamiestafsiness adoption and
the relationship of e-business technology usagevation and firm perform-

ance, the Nov/Dec 2003 survey is used becausenitios the required retro-
spective time dimension of the data and the nepessakground information

which are lacking in the previous surveys. The diisatage of heterogeneity in
this sample is accommodated with panel-economtddieniques. Thus, no use
is made of the March 2003 data, primarily becabsy aire lacking important
variables for the purposes of this study. The datamy, however, turn out to
be a useful source for other studfes

5. Static analysis of e-business adoption

This chapter presents a static analysis of the tamtopf various e-business
technologies. A theoretical underpinning of thecef§ of related technologies
on diffusion processes is offered. Provided thattdthnologies do not substi-
tute another, it is hypothesized that the probigtiiti adopt any technology is an
increasing function of the number of other relatechnologies that a firm is
also using. A simple mathematical framework is adtrced to make these
thoughts explicit and testable. Two structural patic approaches are used to
test the proposed relationships using enterprisgegudata on various e-
business technologies. Furthermore, non-paramelaigsification and regres-
sion trees (CART) are used to identify cluster§irafis that exhibit significantly
different adoption probabilities. The parametrid amon-parametric approaches
together suggest that technological interdependsranie a crucial determinant
of adoption decisions. The technological legacg fifm has a systematic influ-
ence on its investment decisions and its futurértelogical development. In
particular, firms might experience an endogenoulacation mechanism that
leads to higher adoption rates and faster “profjr@s®mng those firms that are
already technologically advanced.

18 The European Commission grants access to theeddmsion-profit research pur-
poses.
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5.1. Theory

Most studies on technology diffusion focus on itedla stand-alone tech-
nologies (see chapter 3, Stoneman 2002). Howeragdlity many technolo-
gies are not completely independent from otherrteldyies or firm-specific re-
sources. Neglecting these interdependencies malyttebiased estimates and
erroneous conclusions. The complication arises usscadhe usage of some
technologies within a firm might influence the ®sihd gains of adopting an-
other technology, influencing adoption decisionsl aechnological develop-
ment in a systematic way. The only previous studiesling with the diffusion
of multiple technologies (Stoneman and Kwon 199%n8&man and Toivanen
1997, Colombo and Mosconi 1995) have demonstrdiadthe presence of re-
lated technologies greatly affects adoption deniid his line of research is ex-
tended here by making the nature of the interdegagids theoretically explicit
and empirically testable, relating it to Dosi's 829 concept of technological
trajectories.

To formalize the argument, a decision theoreticpéida model based on in-
vestment principles is introduced: To analyze défees in adoption probabili-
ties, the model simultaneously analyzes a largebeur(N ) of companies. Let
N be a number of heterogeneous, profit-maximizingdiwithout strategic in-
teraction. In addition, assume certainty with respge expected payoffs and
costs of a technology. Each firire1...N is characterized by a vector &f in-
dividual covariates. This vector captures variabtaticating relevant differ-
ences between firms, e.g. firm size and marketifpetions.

The focus of this study is on the initial purchase new technology and it
abstracts from intra-firm diffusion and from thevé¢ of use of the technology
by the acquirer. LeK be a number of related, non-substitutable techyieso
that belong to a joint technological paradigm (Db882): These technologies
offer solutions to selected technological probleb@&sed on joint technological
principles.

The pattern and direction of progress based ompdhnadigm is called a tra-
jectory. The normal path of development starts g non-availability of any
of the K technologies in a firm, and progresses with theptido of each addi-
tional technology. It is specified below how teclogies could be related in an
economic sense and which effects can be assodigtiedhe concept of a joint
technological paradigm. But non-substitutabilitytiie crucial assumption for
the following argument.
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The technological equipment of a firm can be désctias follows: Define a
K -component vector Y of binary variables Y =(y,,y,.....¥,) Wwith
Y, D{O,]} and j=1,...,K. Y characterizes the current endowment of a firm
with any of theK related technologies. The concept afupermodularfunc-
tion can be used to relate current technologicdbement to possible invest-
ments into additional technologies. This is waredrtbecause technologies are —
in this study — discrete variables: Either a firasta particular technology, or
not. Supermodularity is a general concept to spetiinges in a function with
respect to several changes in its arguments, whétbyg are discrete or con-
tinuous.

We say thaty' =Y if the j-th component inY' is not smaller than thg-th
component inY for all j. Further, we definenax(Y',Y) to be the operation
that takes the largest value of' and Y for all j. Similar, we define
min(Y',Y) to be the operation that takes the smallest vafug' and Y for
all j. Y'>Y implies an increase of one or more of tkecomponents, i.e. the
adoption of one or more additional technologiebging to the same para-
digm. Also, Y' >Y implies a higher position upon the technologicajetctory.
In general, supermodularity is defined as follows:

Definition 1: A function f : R" - R is supermodular if for ally,Y'OR"

(5.1) [f(Y) =f(min(Y S Y)] Af(Y ) +(min(Y ,'Y))]

' < f(max(Y',Y))-f(min(Y',Y))

The definition implies that the sum of changeshie function when several
arguments are increased separately is less thachtheges resulting from in-
creasing all arguments together. The functiaes submodularif —f is super-
modular (Milgrom and Roberts 1990).

Consider the decision of a firm to invest into aremore additional tech-
nologies, given its current equipment with relate¢hnologies, such that
Y'>Y . Technological progress is costly and consistsvof separate compo-
nents”:

- the cost to purchase the technolqgy(e.g. hardware, software);

- the cost for complementary investments into hunagital, process re-
engineering, and organizational charnge

17 One could also include a third cost component rtéects the option value of de-
laying the investment (Huisman 2001), which is loste the firm decides to invest.
However, this would not change the results antésefore not explicitly considered.
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These two cost components can vary among firmsgfample because a
large firm will need more licenses and more re-eegiing efforts than a small
firm. The costs for reachiny have been decided upon in the past and are
sunk. A firm that considers switching froM to Y', Y'>Y , therefore con-
siders its current technology as an exogenous variable. The total costs for
the switch is specified as

(5.2) G IX.¥)=p YIX,Y)+¢e (Y [X,Y)

Two cost components appear because the purchaseeiv technology is
only a necessary, not a sufficient condition foages of the new technology in
the production process. In order to utilize the nieehnology, employees have
to be instructed in the use of the technology, 6gpee and know-how has to
be gained, and firms might also have to hire texdirgpecialists to run or main-
tain the new technology. In addition, the introdoctof a new technology often
requires a re-organization of processes and stegtwithin a firm. These ad-
justments lead to the additional complementary stmentsc, . For example,
Brynjolfsson and Hitt (2003) and Black and Lyncl®@2) have confirmed the
importance of such complementary investments ferctise of the computeriza-
tion of firms. One could also think af as costs for consulting services or an
initial loss of efficiency during the period of geliing from the old to the new
technology.

Acquisition costsC, can depend on other technological variables iaethr
distinct ways. First, provided that th€ technologies belong to the same tech-
nological paradigm, it is possible that they wibuire joint complementary in-
puts to function properly, such as specialized daf@®remoglu 2002, Bryn-
jolfsson and Hitt 2002, Greenwood 1997, Krueger3)9%econd, learning-by-
doing effects (Arrow 1962a, Sheshinski 1967) maguoc Some experience
gained with the usage of one particular technolmight be transferable to an-
other related technology. In such cases, someopaxt will not have to be paid
again when a firm considers to invest into an éoldil technology from the
same paradigm, and, will fall if the firm is already more advanced. hifd,
firms that purchase more than one technology méajege discounts o, . If
any or all of the above applies, this will leaddwer acquisition costs for firms
that are already more advanced. Thus, the pres#rmemplementary joint in-
puts, learning-by-doing effects, or discounts faultiple purchases would all
result in investment cost advantages for adoptin@ereasing number of tech-
nologies. Note that all three effects are strigtlgreasing in their arguments,
without a natural point of inflection. Consequentfyany or all of the above ef-
fects apply,C. will be submodular inY; :
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Assumption 1 - A(1): The investment cost functio®. (Y| X ,Y ) is submodu-
larin'y,.

In addition to the adoption costs, the presentevalubenefits from adopting
additional technologiesg, , could also depend on the current technological en
dowment of the firm in two distinct ways: Firsgchnologies could be com-
plementary, i.e. they could be compatible and nbs8tute each other in their
functionalities. In this case, the payoff from &iihg these technologies to-
gether will be greater than installing each of ¢heschnologies alone. Provided
our understanding that thi€ related technologies are based on the same tech-
nological principles and are not substitutes, tetdgical complementarities are
likely to arise. Second, suppose that previousneldyical investments have
lead to positive returns on investment, i.e. a nserofits. This additional fi-
nancial slack could enable easier access to ektiermding due to information
asymmetries between financial intermediaries andobers (Abel and Blanch-
ard 1986, Hubbard 1990, Hubbard and Kashyap 1998)s, previous invest-
ments into technology could lead to better finagabonditions for additional
investments:Y' >Y would result in higher values @, for additional invest-
ments due to lower discount factors. Both factotechnological complemen-
tary and additional financial slack due to previgugestments — lead to increas-
ing benefits. This leads to a second assumption:

Assumption 2 - (A2): The present value of benefit flowgs (Y| X ,Y ) is su-
permodular inY; .

However, the expected benefits from a technolodyalgo depend on other
relevant attributes of the firn¥,. For example, a Knowledge Management so-
lution may yield benefits to a large firm with maamployees, but be totally ir-
relevant to a micro-enterprise with just one or temmployees. Thus, even
though complementarities, learning-by-doing effemtsan acceleration mecha-
nism via previous investments might be presens, dioies not necessarily imply
that all firms will adopt allK technologies. Note that neither (A1) nor (A2)
specify the relation o), and C, with respect tox; .

The net present valu&, of switching fromY to Y', Y'>Y , is defined
as:

(5.3) GMIX. Y)=g (YI%.,Y)-C (Y Ix.,Y).
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A profit maximizing firm will invest intoY'>Y if G, >0.

Theorem 1: Assume (A1) and (A2), then the net present valijeis supermodular
inY,.

Proof: If (A1) and (A2) hold, G, is supermodular inY; by definition.

Theorem 1 states that if any of the above discusffedts apply and tech-
nologies are not substitutes, there can be an emdog acceleration mecha-
nism: Each technology becomes more “attractivehtofirm the more other re-
lated technologies it also uses.

Two caveats are worth to reiterate at this poiistfFtheorem 1 doesotim-
ply that all firms will eventually adopt alK technologies sincés, also de-
pends onx; with an undetermined effect. Second, theorem & ddsonotim-
ply that firms will install all technologies simalteously. A simple reason could
be that prices and qualities of the technologiesngk at different rates over
time, such that it makes sense to delay the adopfieome technologies while
adopting others immediately. Also, firms may novéna@omplete information
about all technologies when they are first intragtlito the market. Thus, asyn-
chronous adoption may occur due to epidemic efféichss might be “infected”
by information about each technology at differémiets, instead of receiving all
information about all technologies at once.

5.2. A logistic model of technology adoption

In the real world, the net present val@ of installing one or more addi-
tional technologies will not be directly observablghat is observable, how-
ever, is the result of the investment decisioy) ; the vector of binary indicator
variables describing whether a firm has adoptedréiqular technology or not.
The index for each technology is with j=1..K and y; =1 if firm i has
adopted technology and y; =0 otherwise. SinceY; is a vector ofK binary
arguments, Theorem 1 implies th&; for each additional technology is in-
creasing in the numbek; _; (J[0,1,2,...,K- 1] of other adopted related tech-
nologies. Firms adopt if the non-observable lat@niable yIJ exceeds a critical
value ¥, which depends on the net present value of teodgyol, G;

(5.4) G,>0- ) >V -y =1
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Theorem 2: Assume (A1) and (A2) - The probability to addpty; = 1) is an
increasing function of the number of other relatzhnologies a firm also uses.

Proof: Apply Theorem 1 to (5.4).

Theorem 2 can be explicitly tested. We introduderan a to describe the
baseline probability to adopt a technology at ttroéthe observation and an er-
ror term g, to capture unobserved heterogeneity of firms wiscimdependent
from X; and k; _;. For simplicity, we assume an index function wathinear
structure. This yields

(5.5) Y Sa+BX YK+

where k; _; is the count number of other related technologhes the firm
also uses. Given that diffusion processes can bitewell described by a logis-
tic function (Griliches 1957, Mansfield 1961), wesame that the error terms
g, are independently distributed following a logistimbability density func-
tion. Then we can write the probability of firmto adopt technology as

_ 1
l+expta—B X -yk_ )

(5.6) y; =P =11% . k;)

The log-likelihood for observationi is consequently a function of
(X, k-, ¥ ) given the data:

0.(BY) =, log[G(a +B'x +Yk _ )]+

(5.7) _
- Yi)log[l_ Go+p % +VK,—j )]

where G is the logistic cdf. The unknown parametersp’ and y can be
estimated by maximizing (5.7) given the data. Rasiand significant estimates
of y and strictly increasing values gf for higher values ok; ; would sup-
port theorem 2.

Equation (5.7) was estimated using a large sanfmaterprise data from the
June 2002 e-Business Market W@tch survey. The elatas no time dimen-
sion but contains a homogenous coverage of 15rseictthe four largest Euro-
pean countries and a wide range of technology bisa The considered
K =11 related technologies and their relative frequerfcgazurrence is listed
in Table 11. Each of these solutions serves ardiftepurpose for supporting
processes and information flows within a compamypetween a company and
its environment. Only specific e-business applaaiare included in the analy-
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sis, not the platform technologies that these appitins run on (e.g. Intranet or
LAN). This choice was made in order to compare dgabhnologies that are on
the same level of conceptualizattirBecause some basic ICT are prerequisites
for the usage of any e-business technology, thotspises that did not fulfill
these basic requirements (computers, Internet sceesail usage and WWWwW
usage) are excluded from the sarfiple

Table 11 shows pronounced differences in obseneedreence among the
11 e-business technologies. While some applicatibks purchasing online
(Purch) and sharing documents online to perforntaborative work within a
company (Share doc), had already gained wide aamgeptamong companies in
June 2002, other applications, such as Supply CHanagement (SCM) and
Knowledge Management (KMS), were not widely diffdsget. According to
rank effects theory, this could be explained byedént expectations of firms
regarding the benefits and the costs of variousnelogies. Both sharing
documents online and purchasing online are apicaitwith immediately ob-
vious benefits and comparably low setup s8CM and KMS, on the other
side, are relatively complex specialized solutitimst often involve consider-
able implementation, maintenance, and integratifants.

18 Including infrastructural technologies like LAN, AN, Extranet, and Intranet in
the regression does not change the main resultap@e Kollinger and Schade (2004).

19 Again, it is also possible to include these obatons and add the technological
prerequisites to the analysis as a part of K. Bfés does not change the main regres-
sion results. However, it would confound the efeate are interested in with plain
technological dependence.

20 pyrchasing online does not necessarily requiréngtallation of an e-procurement
technology, it could also be realized by simpletipgration in online marketplaces via
WWW.
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Table 11 — Relative frequency of 11 related e-busisg technologies

Technology Occurrence
in sample

Content Management System (CMS) 14.4%

E-learning 17.2%

Sharing documents online to perform collaboratiwekwvithin company| 46.5%
(Share doc)

Customer Relationship Management System (CRM) 12.0%
Designing new products online (Design) 18.8%
Purchasing online (Purch) 46.9%
Selling online (Sell) 15.6%
Human Resource Management System (HRM) 18.4%
Enterprise Resource Planning System (ERP) 16.6%
Knowledge Management System (KMS) 8.0%
Supply Chain Management System (SCM) 3.6%

N=4,852, all firms included have computers, Intéaeess, use the WWW, and emalil.
Unweighted results.
Abbreviations in () indicate variable names fag thgression analyses.

The sample distribution of the parameter, which includes all eleven tech-
nologies fromK , is shown in Figure 4. The average enterprisénénsample
has 2.18 installed technologies from grdgipin June 2002, the median value is
2. Only 3 (0.1%) out of 4,852 enterprises in thengie@ had installed all 11
technologies, while 966 (19.9%) had installed noh¢he above, although all
enterprises had the necessary technological prisierguavailable (computers,
Internet access, usage of WWW and email). Theilligion of k; clearly indi-
cates that most enterprises in the sample wereirstin early stage of e-
business development at the time of the surveyl{&f all enterprises have
less than 4 technologies frok installed), while a few firms were already very
advanced (1.9% have more than 7 technologies liedjall hus, there is consid-
erable variance in the sample in terms of e-businsage of firms.

In the terms of Dosi (1982), one can interpret pater k; as a proxy of the
technological development level of firin on the given trajectory. The higher
k,, the more “advanced” firmi is on the e-business trajectory. Similarly, the
distribution of all k;’s could be interpreted as the distribution of firon the
trajectory.
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Figure 4 - Relative frequency of overall k's
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Two different versions of regression model (5.7yevestimated. The first
version treats the technology parameier, %L as an integer variable. We are in-
terested in whether the adoption probabilitiesaoy of theK =11 technolo-
gies increases ik, _; . However, there might also be non-linear effettais, in
order to identify Whether adoption probabilities atrictly increasing irk; _; ,
second version of all models was estimated wvkth, coded in 5 categorles
The highest categoryk(_; = 4) typically contains around 10% of all observa-
tions. Categories with less observations do nohglahe main results, however
they tend to yield insignificant parameter estirsata addition tok; _;, X; con-
trol variables are included in the regression, rigroeuntry of residence, size
class, sector membership and whether a firm hag than one establishments.
According to descriptive evidence on e-businesgeisi can be expected that
these control variables have a strong influencethenresults (European E-
Business Market W@tch 2004, OECD 2004, Preissl 2003

All elements inX, are specified as dummy variables. Thus, the regnes
coefficients ofX; can be interpreted as group-specific differenceadoption
probability with respect to the pre-specified refeze groups which are indi-
cated at the bottom of the respective tables. €atify the significance of each
coefficient in the regression, robust covariancimeges are employed using

a k. _; is the count of installed e-business technoloffies groupK for each en-

terprlse excludlng the technology under scrutifiyus, kI -; varies for each firm ac-
cording to which technology is used as a dependaisble.
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the sandwich estimation procedure (Huber 1967, &/h@82, Lian, Zeger and
Qagish 1992). The sandwich estimation proceduretti@slesirable properties
of yielding asymptotically consistent covariancenstard error estimates with-
out making distributional assumptions. Thus, thymigicance levels of the esti-
mated parameters are independent of our assuniptors is the logistic cdf.

The large sample size in our study makes robustrgvce estimates particu-
larly attractive (Kauermann and Carroll 2001).

We analyzed the adoption probability for each & #1=11 technologies
separately. Tables 10-12 present the results kjith as an integer variable, ta-
bles 13-15 the results for the same technologi#s kyi_; coded in five catego-
ries.
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Table 12 — Logit regression results for 4 e-businesschnologies (k as integer)

CMS E-learning Share doc CRM
Co-variables
Sector
Publishing 0,663* -0,037 0,257 -0,095
Chemicals 0,115 -0,340 0,248 0,215
Metal products -0,475 0,019 -0,076 -0,310
Machinery -0,168 -0,341 0,095 -0,147
Electronics 0,293 -0,170 0,400* 0,073
Transport equip. -0,363 -0,190 -0,124 -0,144
Retail 0,047 0,040 -0,363 0,190
Tourism 0,527~ 0,093 -0,334 0,255
Monetary service§y 0,384 0,587* 0,791* 0,409
Insurances 0,682* 0,381 0,340 0,706*
Real estate 0,500 0,006 0,508** -0,011
Business services| 0,369 0,203 0,302 0,122
ICT services 0,814** 0,238 0,501** 0,885**
Health services -0,069 0,252 0,276 -0,796*
Country
Germany 0,080 0,266* -0,625* 0,524**
Italy 0,605** 0,460** -0,519* 0,462**
France -0,067 0,738* -0,230* 0,665**
Size class
50-249 empl. 0,334** -0,306** 0,537** 0,214*
> 250 empl. 0,546** -0,128 0,656** 0,824**
> ] establishments 0,227* 0,210* 0,106 0,136
kiﬁj 0,360** 0,497* 0,541* 0,543**
Constant -3,441* -3,245** -1,180** -4,411*
Model Diagnostics
N 4,843 4,843 4,843 4,843
Pseudo-R2 0.1311 0.1550 0.1553 0.2267
LL -1,740 -1,878 -2,826 -1,371
Prob > chi2 0.000 0.000 0.000 0.000

Note: All firms included have computers, Internetess, use the WWW, and email.

*: sign. at 95%, **: sign. at 99%.
Reference categories: Food sector, France, 1-49,amp establishment.
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Table 13 - Logit regression results for 4 e-businesschnologies (k as integer)

Design Purch Sell HRM
Co-variables
Sector
Publishing 1,112* 0,352* 1,006** 0,250
Chemicals 0,639* -0,212 0,035 0,476
Metal products 0,570* -0,147 -0,258 0,634*
Machinery 0,659** 0,186 -0,345 0,751**
Electronics 0,895** 0,489** -0,004 0,691**
Transport equip. 0,801** 0,110 0,192 0,488
Retail 0,060 0,179 1,029* 0,257
Tourism 0,391 0,078 1,911* 0,248
Monetary service§ -0,103 0,118 0,749* 0,739*
Insurances 0,137 -0,250 0,780** 0,707*
Real estate -0,030 -0,041 0,252 0,697*
Business services| 0,577* 0,486** 0,014 0,821*
ICT services 1,067** 1,436* 0,552* 0,572*
Health services 0,086 0,039 -0,401 1,096**
Country
Germany -0,298* 1,365* 0,647** -0,481*
Italy -0,011 -0,106 -0,010 -0,023
France -0,019 0,953** 0,375* 0,328**
Size class
50-249 empl. 0,050 -0,108 -0,199 0,743*
> 250 empl. 0,123 -0,403** -0,101 1,141*
> ] establishments 0,193* 0,000 0,135 0,210*
kiﬁj 0,329** 0,284** 0,300** 0,502**
Constant -2,796** -1,324** -3,153** -3,846**
Model Diagnostics
N 4,843 4,843 4,843 4,843
Pseudo-R2 0.1017 0.1221 0.1207 0.1979
LL -2,102 -2,939 -1,846 -1,852
Prob > chi2 0.000 0.000 0.000 0.000

Note: All firms included have computers, Internetess, use the WWW, and email.

*: sign. at 95%, **: sign. at 99%.
Reference categories: Food sector, France, 1-49,amp establishment.
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Table 14 - Logit regression results for 3 e-businesschnologies (k as integer)

ERP KMS SCM
Co-variables
Sector
Publishing -0,856* 0,354 -1,071*
Chemicals 0,331 0,461 -0,351
Metal products 0,258 0,099 -0,207
Machinery 0,429* 0,065 -0,168
Electronics 0,459* -0,095 -0,408
Transport equip. 0,359 -0,559 0,262
Retail -0,855** 0,609 -0,492
Tourism -1,294** -0,034 -0,956*
Monetary services -1,588* 0,407 -2,421*
Insurances -1,638* 0,384 -1,132*
Real estate -1,473* 0,708 -0,623
Business services -0,929* 0,708* -1,770*
ICT services -0,456* 0,839* -1,482*
Health services -1,352* 0,972** -1,192*
Country
Germany -0,370* 0,615** 0,118
Italy 0,284* 1,228* 0,277
France -1,144* 0,373 0,247
Size class
50-249 empl. 1,130** 0,028 0,360
> 250 empl. 1,533* -0,093 0,758*
> ] establishments 0,126 0,338* 0,029
kiﬁj 0,376** 0,548** 0,533**
Constant -2,614* -5,234** -4,780**
Model Diagnostics
N 4,843 4,843 4,843
Pseudo-R2 0.2191 0.2112 0.2070
LL -1,704 -1,068 -594
Prob > chi2 0.000 0.000 0.000

Note: All firms included have computers, Internetess, use the WWW, and email.
*: sign. at 95%, **: sign. at 99%.
Reference categories: Food sector, France, 1-49,amp establishment.
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Table 15 - Logit regression results for 4 e-businegechnologies (k in 5 catego-
ries)

CMS E-learning Share doc CRM
Co-variables
Sector
Publishing 0,710* -0,059 0,264 0,008
Chemicals 0,131 -0,383 0,239 0,188
Metal products -0,457 -0,025 -0,091 -0,319
Machinery -0,119 -0,368 0,085 -0,143
Electronics 0,377 -0,142 0,399* 0,164
Transport equip. -0,314 -0,186 -0,137 -0,123
Retail 0,076 0,041 -0,374 0,201
Tourism 0,565* 0,081 -0,336 0,313
Monetary service§ 0,401 0,531* 0,786** 0,400
Insurances 0,676* 0,345 0,339 0,661*
Real estate 0,503 -0,050 0,513* -0,046
Business services| 0,400 0,186 0,307 0,181
ICT services 0,897** 0,246 0,507** 0,948**
Health services -0,012 0,257 0,293 -0,666
Country
Germany 0,127 0,291* -0,635* 0,564**
Italy 0,630** 0,482** -0,518* 0,522**
France -0,006 0,740* -0,238* 0,701**
Size class
50-249 empl. 0,343** -0,351* 0,526** 0,204
> 250 empl. 0,608** -0,081 0,678** 0,890**
> ] establishments 0,271* 0,259** 0,124 0,205
|(i'7j =1 0,208 1,009** 0,572* 0,684~
ki'_j =2 0,511* 1,733* 1,244* 1,456**
|(i'7j =3 1,005** 2,425%* 1,984* 2,123**
ki'_j >4 1,664* 3,016** 2,353** 2,909**
Constant -3,413* -3,868** -1,244* -4,781*
Model Diagnostics
N 4,843 4,843 4,843 4,843
Pseudo-R2 0.1198 0.1574 0.1540 0.2048
LL -1,763 -1,873 -2,830 -1,410
Prob > chi2 0.000 0.000 0.000 0.000
Note: All firms included have computers, Internetess, use the WWW, and email.
* sign. at 95%, **: sign. at 99%.
Reference categories: Food sector, France, 1-49,anp establishmenkiv,j =0.
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Table 16 - Logit regression results for 4 e-businegechnologies (k in 5 catego-
ries)

Design Purch Sell HRM
Co-variables
Sector
Publishing 1,121* 0,347* 1,015* 0,293
Chemicals 0,631* -0,222 0,014 0,469
Metal products 0,570* -0,159 -0,266 0,614*
Machinery 0,676* 0,188 -0,345 0,742**
Electronics 0,914* 0,486** 0,032 0,718**
Transport equip. 0,805** 0,112 0,215 0,495
Retail 0,077 0,182 1,039* 0,274
Tourism 0,400 0,076 1,924 0,264
Monetary service§ -0,100 0,111 0,729** 0,713*
Insurances 0,139 -0,262 0,762** 0,686*
Real estate -0,044 -0,050 0,238 0,698**
Business services| 0,598* 0,492** 0,037 0,838*
ICT services 1,095** 1,434* 0,606* 0,650**
Health services 0,115 0,055 -0,366 1,139**
Country
Germany -0,275* 1,379* 0,666** -0,445*
Italy 0,005 -0,095 0,014 0,008
France -0,002 0,959** 0,400** 0,327**
Size class
50-249 empl. 0,027 -0,131 -0,218* 0,698**
> 250 empl. 0,174 -0,394** -0,044 1,163*
> ] establishments 0,225* 0,009 0,161 0,259**
|(i'7j =1 0,395** 0,323** 0,287 1,274*
ki'_j =2 0,835* 0,647* 0,695** 1,768**
|(i'7j =3 1,216** 1,080** 1,209* 2,429**
ki'_j >4 1,732* 1,382** 1,548* 3,086**
Constant -2,944%* -1,374** -3,263** -4,578*
Model Diagnostics
N 4,843 4,843 4,843 4,843
Pseudo-R2 0.0982 0.1224 0.1185 0.1945
LL -2,110 -2,938 -1,851 -1,860
Prob > chi2 0.000 0.000 0.000 0.000
Note: All firms included have computers, Internetess, use the WWW, and email.
* sign. at 95%, **: sign. at 99%.
Reference categories: Food sector, France, 1-49,anp establishmenkiv,j =0.
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Table 17 - Logit regression results for 3 e-businegechnologies (k in 5 catego-
ries)

ERP KMS SCM
Co-variables
Sector
Publishing -0,811* 0,420 -0,879
Chemicals 0,339 0,414 -0,339
Metal products 0,265 0,085 -0,207
Machinery 0,433* 0,073 -0,093
Electronics 0,476* 0,054 -0,226
Transport equip. 0,375 -0,454 0,307
Retail -0,813** 0,599 -0,435
Tourism -1,269** 0,035 -0,841
Monetary services -1,547* 0,355 -2,218*
Insurances -1,607* 0,324 -1,132*
Real estate -1,492* 0,670 -0,622
Business services -0,891* 0,715* -1,5635*
ICT services -0,360 0,934** -1,141%*
Health services -1,289* 0,977* -1,009*
Country
Germany -0,352* 0,653** 0,249
Italy 0,319* 1,227* 0,363
France -1,084* 0,461* 0,386
Size class
50-249 empl. 1,108** 0,012 0,335
> 250 empl. 1,570* 0,085 0,884**
> ] establishments 0,169** 0,424** 0,129
|(i'7j =1 0,843** 1,017* 0,600
ki'_j =2 1,146* 1,309* 0,709
|(i'7j =3 1,521* 2,270* 1,681*
ki'_j >4 2,156** 3,185** 2,906**
Constant -2,998* -5,729** -5,047*
Model Diagnostics
N 4,843 4,843 4,843
Pseudo-R2 0.2130 0.1898 0.1845
LL -1,717 -1,097 -611
Prob > chi2 0.000 0.000 0.000
Note: All firms included have computers, Internetess, use the WWW, and email.
* sign. at 95%, **: sign. at 99%.
Reference categories: Food sector, France, 1-49,anp establishmenkiv,j =0.
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All 22 models show highly significant, positive ¢fieents for k; _. . Also,
in the 11 models witk; _; coded in categories, the group wkh_; = 4 always
has the highest, and the group wkh; =0 always the lowest probability to
adopt. The regression coefficients for the intesvial between these two ex-
tremes are almost linearly increasing kp_;. This supports Theorem 2 and
Hypothesis 10, which stated that the probabilitydmpt is an increasing func-
tion of the number of other related technologiefirra already uses. In other
words, the more advanced a firm already is in deption of e-business, the
more likely it is to “go another step” and vice s&r On the grounds of this ob-
servation, we can hypothesis a growing “digitalidi&/ among firm: There are
pioneers with very timely adoption of many e-busiéechnologies and other
firms that never adopt any such technology. Gilendbserved adoption pat-
tern, the gap between the two extremes will groyoag as the observed accel-
eration mechanism is at work. This idea is furégulored in chapter 6.3.

Furthermore, Hypothesis 1 claimed that diffusiottgras will vary among
industries. This is certainly also supported by @sults. For example, firms in
the retail sector are more likely to adopt onlia¢es than the food, beverages
and tobacco sector; but the opposite is true foP Bigstems. Naturally, these
sector differences in adoption reflect differen@esnarket structure but also
differences in the type of activities pursued ie tharious sectors. Conse-
quently, firms from different sectors may have wagynet present values of
technologies which leads to different adoption siecis.

The results also provide strong support for Hypsith&, stating that large
firms will be faster in adopting technologies tlame primarily used in-house,
exhibiting positive returns to scale. Such techgids are CMS, sharing docu-
ments online internally, CRM, HRM, ERP and KMS. Rdirof the above, large
firms have a significantly higher adoption probapilVice versa, positive size
effects are not as pronounced and in some casesreversed for those e-
business technologies that primarily deal with psses and information flows
that are connected to the environment of the fiamg not primarily internal.
E.g., E-learning, online collaboration with busimgsartners to design new
products (Design) and selling online do not extsignificantly higher adoption
probabilities of larger enterprises.

The regression results provide mixed evidence opothesis 11 which ar-
gued that industries with ex ante better knowled§eCT will have higher
probabilities to adopt e-business technologies tdukearning effects and ex-
perience-based advantages. Generally “IT savvylshiks are those that are
either involved in the production of ICT goods @nsces (electronics, ICT
services, business services) and those that tadity exhibit high levels of IT
use (monetary services, insurances, transport emuip manufacturers). The
evidence is mixed, and results vary greatly amoifigrdnt e-business tech-
nologies. For example, firms from the ICT servigestor exhibit very high
adoption probabilities for purchasing online, CRG®MS, Design, Share doc,
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selling online, KMS and HRM. However, they also whsignificantly lower
adoption probabilities than the “IT-distant” fooecsor for ERP and SCM solu-
tions, primarily because ERP and SCM solutions kelpptimize material and
information flows in manufacturing businesses, they generally less relevant
in the services industries.

Hypothesis 2stated that industries with high levafl€ompetition and high
concentration ratios will be among the group ofyeadopters of a technology.
This is not directly supported by our results. Egzample, the transport equip-
ment sector which has the highest industry conagatr ratio of all sectors in-
cluded in the sample (e-Business W@tch 2002), slwwsaverage or below
average adoption probabilities for most technolegho clear statement can be
made about the relationship of competition levald adoption probability pro-
vided our data and results because our data dalloat unambiguous inference
about the level of competition each firm in the plars facing.

5.3. A simultaneous equation model of technology
adoption

The econometric results of the previous sectiogéion a number of fairly
strict assumptions. In this section, three of tressumptions are relaxed to gain
more conclusive evidence on the technological dependencies outlined
above. In particular, we are interested to checétivdr the acceleration mecha-
nism identified in the previous section is endogenfas suggested by the the-
ory) or merely a statistical artifact of some urerved factor which is driving
the results, such as an “inherent need” of firmmwest in e-business technolo-
gies.

For this purpose, an iterative, simultaneous eqodtamework can be used.
In particular this allows to relax the followingsasnptions from the previous
section. First, we do not assume anymore thaealirtologies have an equal in-
fluence on one another. The paramekgr, does not distinguish between tech-
nologies, it only counts them one by one. It migétthat the regression results
on k; _; depend on only a few of the analyzed technologiade others have a
negligible or even negative influence. This is added by analyzing techno-
logical interdependencies in a pair-wise manneco8e, we allow for unob-
servable factors that might have a joint, systemafluence on the adoption of
technologies. This enables to distinguish betwéendirect influence of tech-
nologies on another and exogenous factors tha¢ édloption decisions. Third,
the possibility of simultaneous adoption decisianexplicitly accounted for by
setting up an iterative simultaneous equation fraomk instead of assuming
that all technologies other than the one undettisgrare exogenous.
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Obtaining estimation results is possible becausamenot interested in the
precise marginal effect of each explanatory facéoconsistent estimate of its
direction is sufficient for our purposes. Mainlyewvant to know the pair-wise
relationship of technologies and whether they pteévidence for the accelera-
tion mechanism identified in the aggregate analy@msistent estimates of par-
tial effects will suffice for this purpose because are only interested in the
sign and the significance level of the coefficiemtst in their absolute magni-
tude.

The following recursive simultaneous bivariate pramodel is considered:

(5.8) Pi=1Y,=1[X)=®, B, +3Y, 5B, p)

with @, being the bivariate normal cdf. The correspondatgnt variable
equations are:

(5.9)

In this study, the variables have the following nmiag:

y, - technology 1

y, - technology 2

X, - a constant term

X, - a dummy vector indicating the home country offia f
X,- a dummy vector indicating the sector of a firm

X, - a dummy vector indicating the size class of @ fir

X, - @ dummy that indicates if the firm has more tbag establishment

All other technologies are excluded from the retipeanodels. The follow-
ing assumption are necessary for identification:

E(, |X)=EE, [X)=0
(5.10) Var(g, |X)= Var, [X)=1
CovEe, [X)=p
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Also, the error terms must be independent fremBoth equations contain
an intercept term irx. Note that this is a recursive, simultaneous-éqoat
model. It has some desirable properties that arthwoentioning. As Maddala
(1983, p. 123), Burnett (1997) and Greene (2003,7(4p-719) show, the en-
dogenous nature of one of the variables on thd-Hghd side of the equation
can be ignored in formulating the log-likelihoodhuB, the log-likelihood for
(5.9) is the same as for a standard bivariate probdel of the form

(5.11)

in connection with (5.10). This enables to useaadrd bivariate probit es-
timation procedure for (5.9) that is implementedegonometric packages like
STATA. The second nice property of the model ig thallows a rigorous test
for the presence of some unobserved factor whittheinces bothy, and vy,
simultaneously. If the error terms of both equatiame not correlatedy =0,
this suggests that therersg joint unobserved factor that influences both vari-
ables. In this case, one can ign@eand simply run single equation models for
y, andy, separately. One can evaluat® :p = 0 with a Wald test. The cor-
relation of the error term has its own interpretatilt measures (roughly) the
correlation ofy, and y, after controlling for the direct effect of, on vy, .
Any such correlation is an indicator of some thimbbserved factor that sys-
tematically influences both variables. Note, howeteat there might be an un-
observed factor which systematically influencgs but not y, or vice versa.
This would not show up i, however it would still lead to scaling biases in
running the single equation models. However, negtbdeterogeneity still
leads to consistent estimates of the directionthadnagnitude of3 in probit
models. To illustrate, consider the following model

(5.12) P(y=1[x,c)=® XB+yc
and the equivalent latent variable equation
(5.13) y =X'B+yc+e.

If X includes an intercept, one can &t)= 0 without loss of generality. If
c is independent ok, ¢ ~ N(O,Tz) and €| x,c ~ N(0,1), running probit of y
on X consistently estimatef = B/(y*t?+1)"'?. For the purpose of estimating
the direction and magnitude o, this degree of accuracy is sufficient
(Wooldridge 2002, pp. 470-472). Thus, we can coestly estimatef up to
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scale in both parts of (5.9) even thoughand €, might have unobserved sys-
tematic effects ony, and y, respectively that are independent of the other
equation. Any unobserved effect that has a systeratiect on bothy, andy,

will be captured byp, as outlined above.

The further steps as follows: First)® —11= 11C bivariate regression mod-
els are estimated according to (5.8) to testHi@:p =0 between all technol-
ogy pairs in our data. This is a specification that indicates whether bivariate
regression or singular equation regressions shoeilldstimated. The results are
reported in Table 18. Next, another 110 single #gnaegressions of ajl, on
y, have to be estimated. Then, according to the tsesidilthe Wald test of
Table 18, the results of the appropriate regressiodel fory, on y, are re-
ported in

Table 19IfHO:p = 0 is not rejected, the results from the single equate-
gression are reported, otherwise the results dbitheriate regression model.



Table 18 — Wald tests for pair-wise independence eégression equations

CMS | Elear| Share CRM | Desig| Purc | Sell | HRM ERP | KM | SCM
CMS 432 | .086(.026 |.614 | .823| .219| .981 .011.000 |.000
37 .89 .38 |.63 |.51
Elear | .806 991 .779 .000.611 | .357| .904| .491 .720 .64p
.99
Share| .077 |.001 .161 | .309 | .422| .018 .226 | .075|.609 | .251
44 .69 .506 .20
CRM | .419 | .447 |.020 .608 | .520| .834| .855 .019.014 |.003
.48 40 |.80 |.61
Desig| .000 |.192 |.148 | .008 .294 | .063|.072 |.279 | .009 | .004
.69 .65 1 42 .61 |.36
Purc | .167 | .627|.057 |.887 | .179 .04 |.431 | .137| .198| .059
.68 -.46 .39
Sell |.083 |.621 |.851 | .000 |.000 |.056 .000 |.813 | .633| .165
.94 82 |1 .45 -12
HRM | .223 | .496 | .005 |.905 | .062 |.942 | .420 .050(.001 |.000
.58 .67 80 |.71 |41
ERP | .006 |.020 |.700 |.000 |.028 |.071 |.004 |.600 .000 | .002
73 .49 79 |59 [.32 |.89 75 .49
KM |.497 | .033 |.157 | .084|.319 | .841| .040|.423 | .090 .047
-43 .79 1 .25 .70
SCM | .305 | .301|.354 | .096 |.718 | .91 | .000|.038 |.266 | .297
.70 95 |.59
Table reports Wald test of rho=0, Prob > chi2 fmahiate probit SUR models with roy
regressed on column, robust covariance estimafigmificant values for Rho are re-
ported initalics.

The results in Table 18 suggest that in 61 outl®f dases, there is no unob-
served effect that has a significant influence asthbtechnologies, i.e.
HO:p =0 cannot be rejected according to a Wald test. ésdlcases, the sin-
gle equation model

Ply=1%,% )=® (Xg+3y,)

(5.14) -
Y, =XB +dy, +¢E,

is appropriate to test for the direct effectyof on y, . Note that in these 61
cases,y, andy, are only related through the magnitude and siza .ofn the
remaining 49 cases, model (5.9) is appropriate ¢asure the direct effects of
y, ony, and the remaining correlation of both variablgsraontrolling for
direct effects.
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Table 19 — Direct relationships between technologyajrs

CMS | Elear| Share CRM | Desig| Purc | Sell | HRM ERP | KM | SCM
CMS ++ 0 -- ++ ++ ++ ++ 0 -- --
Elear | ++ ++ ++ -- ++ ++ ++ ++ ++ ++
Share| o - ++ ++ ++ - ++ 0 ++ ++
CRM | ++ ++ 0 ++ ++ ++ ++ 0 0 0
Desig| -- ++ ++ -- ++ -- 0 ++ -- 0
Purc | ++ ++ -- ++ ++ ++ ++ ++ ++ 0
Sell | -- ++ ++ -- - 0 0 ++ ++ ++
HRM | ++ ++ 0 ++ -- ++ ++ ++ -- 0
ERP | -- 0 ++ -- -- 0 - ++ - o
KM |++ ++ ++ 0 ++ ++ -- ++ 0 0
SCM | ++ ++ ++ 0 ++ ++ -- 0 ++ ++

Table reports sign of the regression coefficietgtshnology row regressed on technolt
ogy column. The underlying regression model islsimgjuation if Rho in Table 18 is
not significant, and bivariate probit otherwisel #dgression with robust standard error
estimation.

++ denotes a positive coefficient at >95% confidenc
+ denotes a positive coefficient at >90% confidence
o denotes no significant direct influence

- denotes a negative coefficient at >90% confidence
-- denotes a negative coefficient at >95% configenc

Table 19 displays the estimated direction of thredieffects of technology
y, (row) on technologyy, (column). Together with the results @gnin Table
18, they allow a detailed interpretation of theatieinships of the 55 analyzed
technology pairs. It is crucial to consider theedireffects and possible unob-
served factors that influence both technologie$ {ogether. There are 36 pos-
sible parameter combinations for each pair of tetdgies. Some of these com-
binations suggest that an endogenous acceleratahanism between the two
technologies exists, some would suggest the ogpéssitslowing down” or sub-
stitution effect), and some yield ambiguous eviderkhe findings are consoli-
dated in Table 20 accordingly.



Table 20 — Interpretation of bivariate regression reults

Coefficient | 2way + | 2way - | lway + |lway — |2way O | 1lway + | Sum
lway O |[1lway O lway -

Rho
2way 0 ++ - + - - ?

16 0 0 0 0 0 16
lway O ++ ? + ? + ?
lway + 1 0 9 0 17 27
2way + ++ ? ++ ? + ?

0 1 0 4 4 0 9
lway 0 + - ? - - ?
lway - 1 0 1 0 0 0 2
lway - ? ? ? ? ? ?
lway + 0 0 1 0 0 0 1
2way - ? - ? - - ?

0 0 0 0 0 0 0
Sum 18 1 11 4 4 17 55

Table indicates which parameter constellation ai@emice for or against the presence of
an acceleration mechanism:
++ strong positive evidence
+ positive evidence

? unclear effect

- hegative evidence

-- strong negative evidence
Numbers below indicate the count of technologysp&ir which a parameter constelld
tion occurred.

When p is zero or positive, technologies that have atpestdirect impact
on each other that goes both ways will exhibit eceteration effect: The pres-
ence of one technology makes the adoption of therahore likely. Thus, they
support Theorem 2. Vice versa, a negative dirdecedf two technologies that
goes both ways suggests the opposite wheis either zero or negative: The
presence of one technology makes the adoptioneobtier less likely. The ef-
fect of p is particularly relevant for those technology paimat have either no
direct influence on another or a varying impacipetaling on the direction of
the relationship. For example, if two technologiewe no direct influence on
another (the parameter coefficients are not sicpuifily different from zero in
both directions — column 5), the presence of aifsbgmt and positivep will
still lead to an acceleration mechanism: The proipalbo adopt technology 2
will increase when a firm has adopted technologndl vice versa. However,
this will only be due to some unobserved third daavhich is driving the re-
sults, not due to a direct relationship of botthtextogies. In those cases where
p and the coefficients have opposite signs, thectime of the total effect is
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ambiguous and will depend on the absolute magnitfdp and the coeffi-
cients.

Table 20 shows that 31 of the 55 technology paitsbé evidence for the
presence of an acceleration mechanism. 24 pais dawndetermined effect,
and no technology pair provides clear evidencerayja@ possible acceleration
mechanism.

The 24 pairs with an undetermined effect requicset examination. In col-
umn one, we have one technology pair (KMS and E#ieg) with a two-way
positive direct effect, but a one-way negatjve The positive coefficients indi-
cate that each of the two makes the adoption obther directly more likely.
However, once we control for this significant direffect, some firms that need
E-Learning do not need KMS (negatipe.

In column 2 we find one technology pair (Sell anesign) with negative di-
rect effects but positivep for both equations. This suggests that firms tisat
either one of these technologies are directly likesy to adopt the other. How-
ever, once we control for this direct effect, btebhnologies are perfectly cor-
related (=1), which suggests that they have a strong tendem@ccur to-
gether due to some unobserved factors (e.g. theepce of other e-business
technologies).

Column 3 exhibits two additional technology pairshwundetermined effect
which is due to different inherent needs. The panow 4 (Sell and HRM) ex-
hibits a positive direct effect of selling onlina the probability to adopt HRM.
However, once this direct effect is accounted &mme firms that use HRM
have no need for selling online (negatipg. A similar case appears in row 5
(Purc and Sell): Purchasing online has a direcitipesinfluence on the prob-
ability to adopt online sales as well. Howevergatiaking account of this ef-
fect, firms have different inherent needs whichréflected in a negativep :
Some firms that do online purchasing have no neaglt online as well.

Column 4 has four technologies which have a negaiive-way direct rela-
tionship, but still a strong tendency to occur thge due to unobserved exoge-
nous effects. The technology pairs are ERP and GAR¥, and CRM, ERP and
KMS, and HRM and Design. In each case, the fornasranegative direct ef-
fect on the occurrence of the latter. ERP systeans partially substitute the
functionalities of specialized CMS, CRM or KMS systs. However, this de-
pends on the configuration of the particular ERBteay. Smaller ERP systems
might rather be complements than substitutes toialmed solutions. This ra-
tionalizes the highly positive remaining correlatiafter controlling for the
negative direct effect.

In column 6 we find 17 technologies with a positidieect influence one
way, and a negative or no direct influence (bubsitive p) the other way. For
these technology pairs, the order of adoption zairtant for whether an accel-
eration mechanism occurs or not. For example, fithag share documents
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online are more likely to adopt HRM as well, but MRias no direct effect on
sharing documents online. However, both technokgie likely to occur to-
gether because of the positive direct effect ofrisfadocuments online on
HRM.

All together, out of the 55 technology pairs analyzall of them showed
significant correlation — either due to a diredeef between the technologies,
or due to joint exogenous factors. This shows tiettinological interdependen-
cies are crucial determinants of adoption decisidhg technological legacy of
a firm has a systematic influence on its futurétedogical development path.
Hence, history matters and ignoring technologiotdrdependencies in technol-
ogy diffusion studies will likely lead to biasediesates.

Furthermore, 31 of the analyzed pairs provide dieex unambiguous evi-
dence for an endogenous acceleration mechanismadthigion of technology A
makes adoption of technology B more likely and weesa). This suggests that
an endogenous acceleration mechanism of technaladgwelopment can occur
which is not purely the result of unobserved hejeneity, as suggested by
Theorem 2. 19 technology pairs provide mixed ewigéenAn acceleration
mechanism can occur depending on which technokgystalled first, and only
4 technology pairs suggest that technology A maldesption of technology B
less likely. For three of these 4 technologies ae suspect a partial substitu-
tion effect, in which case Theorem 2 does not apply we would not expect an
acceleration effect anyway. However, these 4 telclyyopairs are still strongly
positively correlated due to exogenous factors l{sas other technologies).
Thus, the predominant share of analyzed techngbaings suggests that an en-
dogenous acceleration mechanism can occur, whichascordance to our the-
ory.

5.4. CART - identification of clusters with different
adoption probabilities

Up to this point, two parametric approaches weedus test technological
interdependencies and their influence on adoptieeisibns. In this section, a
novel non-parametric technique is introduced taniide clusters of firms that
exhibit significant differences in their adoptioropability. The analysis com-
plements the parametric results in three wayst,FART simultaneously iden-
tifies clusters and significant predictor variabthat characterize the clusters.
An identification of clusters is not possible wijtlhrametric regression models.
The cluster results from the CART analysis areigh tpractical value for mar-
keting purposes because they allow qualified ptexmtis about the adoption
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probability of a firm for various technologies, bdson very few (only the most
relevant) parameters. Marketers of e-business tdabies and consultants can
use the results to evaluate for a given customechwimvestment into e-
business technologies the customer is most likelyridertake next. Also, the
identification of clusters allows to focus marketiactivities on those market
segments that are most likely to purchase. SedBART identifies complex,
non-linear relationships between technological stndctural variables (such as
firm size and market of operation) that were ngtteeed by the parametric
models presented above. As such, they provide anéoal additional insights
into the relationships that are present in the .dBtérd, CART relaxes impor-
tant restrictions of parametric models: It does make any assumptions about
the distribution of error terms and the functiofaim of the explanatory vari-
ables. Also, CART is robust to outliers and invatitso monotone transforma-
tions of predictors (Gatnar 2002). Thus, the idaatiion of relevant predictor
variables and clusters is independent from anyr @&sumption that might not
actually be justified by the data. Finally, in c@st to the parametric regression
models, CART uses an out-of-sample validation pdaoe to eliminate an over-
fitting of the model. For all of the above reascBART can be used to “double
check” the results of the earlier sections: If CABR&tects relationships in the
data that are inconsistent with the parametrice®gjon results, this suggests
that the parametric results might be erroneoudlyénced by their restrictive
assumptions.

CART was first introduced by Breiman et. al. (1984)an loosely be codi-
fied as a combination of non-parametric regresaiuth cluster analysis. The re-
sult, a “tree” presented in graphic form, is bo#triggmonious and easy to inter-
pret. CART has recently been used in numerousestudithe medical sciences
(Zzhang and Bracken, 1995; Zhang and Singer, 19&8)axfocus on classifying
patients into risk groups. For example, this isam@nt for physicians in emer-
gency rooms who need to decide on appropriatedefahedical care for arriv-
ing patients when only few clinical factors are italdle. To my knowledge,
however, the application of CART in a manageriakoonomic context is still
novel. Therefore, a short description of the metisodcluded at this point and
a short technical introduction to CART is giverAippendix 1.

The basic idea of CART is to systematically spig ataset into homogene-
ous groups with respect to the dependent variaded on the best set of pre-
dictors. The final tree is computed in four steps.

In the first step, calledecursive partitioningthe sample of subjects is sys-
tematically sorted into completely homogeneous stshgntil a saturated tree is
found. In this study, complete homogeneity meaias¢ ghnode contains either
only adopters or non-adopters. The root node oéa tontains the sample of
subjects from which the tree is grown. Then, basethe parameter value that
is most predictive for the outcome, the root noslesplit into two daughter
nodes that now form a second layer of the treenddles in the same layer con-
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stitute a partition of the root node. The procefsspiitting nodes is continued
and the partition becomes finer and finer as tlyerlgets deeper and deeper.
For each split, CART considers the entire set @ilalle predictor variables to
determine which one maximizes the homogeneity effthliowing two daughter
nodes. This is a hierarchical process that revatdsdependencies between co-
variates. Also, a predictor might show up numertimes in different parts of
the tree. Each case of the sample is sorted ird@bthe daughter nodes at each
layer of the tree, according to the splitting rillat was used. Those subsets that
are not split are called terminal nodes. When & éaslly moves into a termi-
nal subset, its predicted class is given by thesdiabel attached to that terminal
subset (e.g. “adopter {Y=1}" or “non-adopter {Y=0¥for node t). The process
is continued until the nodes are completely homegar and cannot be split
any further. This is the saturated tree. The stadriee is usually too large to
be useful. In the worst case, it is trivial becaaaeh terminal node could con-
sist of just one case. The resulting model is sukie over-fitting problems.
Therefore, one must find a nested sub-tree ofdh@rated tree that exhibits the
best “true” classification performance and satssfiatistical inference meas-
ures.

To proceed, a series of nested optimal sub-trediseo$aturated tree is gen-
erated. This second step in the process is cplleding The cost-complexity
pruning algorithm suggested by Breiman et. al. 898 used here, which en-
sures that a uniquely best sub-tree can be foon@ny given tree complexity.

In a third step, one of the trees must be selefcted the pruning sequence.
The solutions lies in finding an honest estimatetfe true classification per-
formance and selecting the sub-tree that minimizesstimated true misclassi-
fication costs. This is usually done with an indegent test sample, boot-
strapping, or cross-validation. In this study, af@@ cross validation procedure
is employed because it makes better use of thenmafiion contained in the
original dataset than the independent test sampthad and outperforms boot-
strapping in terms of reduced bias (Breiman et18i84, pp. 72-78, 311-31%).

Following these steps, the best classifying trae lma identified. However,
because we are mainly interested in interpretiegrévealed structures, it must
also be ensured that the model satisfies the sgaificance tests. The final
tree is computed by calculating significance téstsall splits in the tree and
dropping those splits (and their successors) treanat significant at the 95%
confidence level or above.

The same dataset as before is used for the CARIYs&)eoriginating from
the June 2002 enterprise survey of the e-Busineskafl W@tch. CARTSs are
computed for all 11 technologies listed in Table E&r each of the technolo-

22 Estimation was carried out with CART 5.0 by Salf@ystems.
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gies, the remaining 10 technologies are includepiredictors and all additional
predictor variables are listed in Table 21. No ablation is specified for vari-
ables that did not show up as a relevant predintany of the 11 trees.7

Table 21 — Predictor variables in CART models

Predictor variable Abbreviation
Country COUNTRY
Sector SECTOR
Sizeclass SIZE
Company has a website (yes/no) WEBSITE
More than one establishment (yes/no) N/A
Company offers in-house computer or IT trainings(ye) N/A

Company offers employees to participate in compoitdT train- | N/A
ing offered by third parties (yes/no)

Company provides tools for self-learning, for imsta books or | N/A
software (yes/no)

Company offers employees to use some of their wagriime for | N/A
learning activities (yes/no)

Company judgement on importance of informal “leagnon the | N/A
job” (very, fairly, less, not important)

Company judgement on importance of formal trairsngemes | N/A
(very, fairly, less, not important)

Company judgement on importance of self-learnirgyiies N/A
(very, fairly, less, not important)

Company has recruited or tried to recruit staftwgpecial IT IT_STAFF
skills during the last 12 months (yes/no)

Company has experienced difficulties in findingfstath special| N/A
IT skills (yes/no)

To what extent has e-business changed the wayichvebom- EBIZ_CHANGE
pany conducts business (significantly, somewhatchanged)

All firms included in the sample fulfill the necesyg technological require-
ments to engage in e-business (use of computeesnét, Email, and WWW).
The terminal nodes can be ordered according todte of adopters they con-
tain. The numbers below the terminal nodes indit@iteorder, with 1 being the
cluster with the highest adoption probability. TRART results for E-learning,
CRM, and online sales are presented in the textre&haining CART models
are included in Appendix 2. They can easily berprieted in a likewise man-
ner.

Figure 5 shows the final tree model for the usdge-learning technologies.
In the dataset, e-learning is defined as the ushgaline, Internet-based tech-
nologies to support employee training. The finaktconsists of four terminal
nodes. CART uses three different predictor vargbdeconstruct the tree. Each
of the terminal nodes exhibits different fractiasfse-learning users. The root
node contains 4,852 firms, 17.2% of them use eixlegr The most e-learning
affine segment (number 1) contains 63.4% of adeptghereas in the least e-
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learning affine segment (number 4) a fraction dffah6% uses e-learning. The
terminal nodes each contain a different numbeirpfst Some of the nodes are
rather small and describe rare, but statisticalgwant sub-groups (like number
1, which contains only 153 firms or 3.2% of the péeh whereas others are
very large (like number 4, which contains 2,594nfiror 53.5% of the sample).
Note that the impact of each predictor variablett@nratio of adopters can be
followed along the tree branches. For example frifaetion of e-learning users

increases from 17.2% in the root node to 28.2%ifors that share documents
online. It again increases sharply if these firds® aise an Internet-based Hu-
man Resource Management system. It is interestingbserve that all co-

variables in the tree are good predictors onlyaf@pecific sub-set of the sam-
ple, in interaction with other predictors, and dmt turn out to be relevant in

other parts of the tree. This is one of the unigséghts into the data structures
revealed by CART.
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Figure 5 — CART for E-learning
17.2%

no 4018 yes
834
SHARE_DO
7.6% 28.2%
2139986 no 1622 yes
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4
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21.3% ) 42.2%
1312933 no 229 yes
313
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36.7% 63.4%
373 56
216 97
2 1

The results of the tree illustrate the importanteohnological interdepend-
encies. In fact, all three relevant predictor valga in the tree directly relate to
the usage of other e-business technologies.

Segment 1, which exhibits almost 63.4% per ceng-t#farning users, con-
sists of firms that are already very advanced énubage of Internet-based tech-
nologies. The average number of other Internetniglcigies installedk; _; ) in
this segment is 6.14, the highest among all terhmiodes in the tree. Segment 1
is sufficiently characterized by just three predictariables: It includes firms
that share documents online, use Internet techiedog support human re-
source management functions (HRM), and use Knowlddgnagement Sys-
tems (KMS) that run on the Internet. At least HRMI&KMS can be seen as
rather advanced e-business applications that argetaised by many compa-
nies.

The probability to adopt e-learning decreases $harpny of technologies
(Share_do, HRM, KMS) is not used by a company. [Bhest adoption prob-
ability is observable in cluster 4 that only con&i7.6% of e-learning users.
This clusters is sufficiently characterized by jase predictor variable: it con-
tains firms that do not use the Internet to shauchents online. No additional
predictor variable can improve the classificatioerfprmance of this node.
Cluster 4 contains a large share of the dataseb¥®3 Also, cluster 4 has the
lowest average number of other Internet technotogistalled k; _; =1.02 ).
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Thus, the cluster that contains the firms that'k@st advanced” in the usage of
e-business technologies also has the lowest priitpabiadopt e-learning.

Other indicators in the dataset that reflected t@terogeneity, such as size
class or sector membership, do not turn up as aatepredictors in the tree.
This should not be mistaken to indicate an irreheeaof other factors leading
to rank effects, such as firm size, sector, or tyuof origin. Indeed, several of
these variables exhibited a significant impact deagning adoption in the logit
regression (see table Table 12). The reason wlyydbenot show up in the tree
lies in the CART method, which only uses the pradithat minimizes node
impurity. The second best predictor that might eberclosely related does not
show up in the tree. Firm size, sectors, or couafrgrigin are candidates for
such factors, based on previous analysis.

It has to be kept in mind that the usage of othbusiness technologies as
explanatory variables in the tree does not implyaasal relationship. It only
implies that these variables are the best predidimr whether a firm uses e-
learning or not, it does not say anything aboutdinection of the relationship
or the presence of some other factor which coultseahe correlation. How-
ever, the results are consistent with our findifrgen above, suggesting that
more advanced firms exhibit higher adoption prolitzs.

Figure 6 shows the results for online sales. Thal firee consists of 5 termi-
nal nodes. CART uses only 3 predictor variablesotastruct the tree, one of the
variables (sector membership) appears twice irirthee The root node contains
all 4,852 subjects again, the overall ratio of canmips using the Internet to sell
goods or services is 15.6%. The first layer splittvariable (which is the vari-
able with the highest classification performancéhwespect to the dependent
variable) is whether a firm has a website or ndie probability that a company
is selling online drops sharply from 15.6% to 3.3%the company does not
have a website (cluster 5). Cluster 5 has the Ibasrall probability for online
sales. The result is intuitive — having a websitaadt only a basic indicator for
the “e-readiness” of company, but also an importdr@nnel for online sales.
Consequently, firms that do not exhibit this basharacteristic do not have a
high probability to adopt online sales. Clustes &lso the cluster with the low-
est average number of other adopted technologies £1.28).

The second lowest probability for online sales ogdn cluster 4. Firms in
this group do have a website, but they belong tmdustry sector were anony-
mous remote orders and delivery are generally (fred, chemicals, metal
products, machinery, electronics and electricalimagy, transport equipment,
real estate, business services, health services)ratio of firms selling online
in cluster 4 is 12%, compared to 30.1% in the otterghter node which con-
tains all firms with a website from the remainingc®rs (publishing, retail,
tourism, monetary services, insurances, ICT sesyicEhe best splitting vari-
able for this cluster is whether firms use the rim¢ to purchase online. Pro-
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vided that purchasing online is already quite fegly used by all firms in the
sample (46.9%), this can again be interpretedmexy for the “e-readiness” of
a company. Cluster 3, which contains those firnad tho not purchase online
also exhibits a low number of other adopted teabgies (; ; =1.5 ) and the
chance of selling online in this cluster drops fr8M1% to 22.9%, whereas
otherwise it increases to 35.7%. The cluster with lighest probability to sell
online are those enterprises that have a websitehpse online, and belong to
either the retail or the tourism sector. This s&ecture is interesting because it
points out two insights: First, the general tecbgalal development level again
turns out to be a good predictor for adoption denss (website, purchasing
online). Second, some technologies — such as oslifes — are clearly more
valuable and relevant in some industries than lierst Thus, depending on the
type of activity a firm is pursuing, some firms Mprobably never adopt online
sales even though they might be very advancediing @sbusiness applications
otherwise. However, the probability to adopt stilreases the more advanced a
firm already is, ceteris paribus.

Figure 6 - CART for Selling online
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Figure 7 shows the CART for Customer Relationshianjement (CRM).
This is the most parsimonious model. The root nomi@ains 12% of CRM us-
ers, and the only relevant splitting variable isthier a firm uses a Knowledge
Management System (KMS). If a firm does use KM, phobability to adopt
CRM increases to 47.8%, otherwise it drops to 8.8¢ain, this relationship
does not imply any direct causality. Instead, KM%@gain a proxy for the gen-
eral development level of a firm: Whereas clustexhibits k; _; = 4.76, clus-
ter 2 exhibits onlyk; _; =1.83.

Figure 7 — CART for CRM
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All CART models together emphasize technologicateridependencies.
Whenever a company uses any of the technologietifiee in the tree models,
the probability to adopt the technology under soguincreases and vice versa.
This is in accordance to the findings in 5.2 an8l Rlso, the CART models
show interesting and diverse adoption patternsvésious technologies: The
adoption probability for some technologies can bstipredicted solely by the
technological profile of a firm, while for otherdenologies information about
the size of the firm or its sector of operation als® important.

Besides from the analytical value of this explamatanalysis of data struc-
tures, the CART results have a very appealing fwactalue for technology
providers, consultants, and marketers of e-busiteedmologies. Provided that
the collected data are fairly recent, the iderdiftidusters can help to optimize
marketing and sales strategies. For example, anddmfpy provider might de-
cide to focus his marketing activities on thosestdts that have been identified
as showing high probability to adopt. Also, a teabgy provider who is al-
ready conducting business with a client might beeGART results to make an
“educated guess” about what will be a likely futimegestment of the client.
This knowledge could be used to increase the clsaatgetting a follow-up
job. In a similar way, CART can generally be ussdaanarket research instru-
ment for any kind of product, service or technoledwere useful and preferably
large datasets are available.
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5.5. Discussion

This chapter introduced a theory and an empirioalyais of the adoption of
related technologies. If firms have the possibildyinvest into a number of re-
lated technologies that are based on joint teclyicdd principles, technological
interdependencies can have a crucial impact orstment and adoption deci-
sions. In particular, firms might experience anede@tion mechanism in adopt-
ing related technologies, if the technologies dbsubstitute each other in their
functionalities. An acceleration effect can ocauryarious reasons:

- availability of joint complementary inputs, such sgecialized la-
bor, suitable organizational structures, or tecbgichl infrastruc-
tures

- learning-by-doing effects
- discounts for the purchase of more than one teoigyol

- technological complementarity, if technologies alieectly com-
patible and do not substitute each other in thaicfionalities

- better possibilities to finance investments duesudocessful earlier
investments into related technologies

If any of the above applies, the probability to pda technology will in-
crease with the number of related technologiesdhfam also uses because all
of the above effects are strictly increasing inirtieeégument, without a natural
point of inflection. In other words, the net presealue of a technology can be
higher for a firm that is already more advancedising related technologies
than for an otherwise identical firm. This suggehtst early movers will make
continuously faster progress on a given technoddgi@jectory, building up a
technological leadership position until they hade@ted all related technolo-
gies with a positive net present value. Howeveis ttoes not imply that all
firms will adopt all technologies because the neispnt value of a technology
also depends on other firm-specific characterigties are independent from its
current level of technological development (e.grkatof operation or the size
of a firm).

Empirical evidence for this acceleration mechanigs provided by analyz-
ing the adoption of 11 e-business technologieslarge cross-sectional dataset
covering 15 industrial sectors from the four latgesropean economies. Three
different methods were used to analyze the datagistic adoption model with
fairly strict assumptions, a bivariate simultaneeasiation model with less re-
strictive assumptions, and a non-parametric ciassibn and regression proce-
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dure without any prior assumptions. The main reisultll cases is that techno-
logical interdependencies have a crucial impactadoption decisions. This

suggests that the technological legacy of a firand thus its history — has a
systematic influence on its investment decisiorns laence on its future devel-
opment. Strong evidence is found that an acceteratiechanism of techno-
logical development can occur. Firms that are dlyeaore advanced in using
e-business technologies are found to be more likeipvest into additional e-

business technologies than otherwise comparabies fiThe results suggest a
“growing digital divide” among firms that could ctimue until the most ad-

vanced firms of a particular type have fully exhitedsthe potential of e-

business technologies and stop making progressairtrajectory. This could

ceteris paribus lead to initially growing advantagd technological pioneers
vis-a-vis late adopters, if they directly compegaiast each other.

In addition to this main result, the influence trfustural variables, such as
sector membership, size class, and country ofrovigire also analyzed. The re-
sults support previous evidence that e-busineggeusatterns vary significantly
among industries and countries (European E-BusiiMeket W@tch 2004,
OECD 2004, Preissl 2003). However, which sectors @untries exhibit high
usage rates varies substantially with the techryobming analyzed. For exam-
ple, firms in the retail sector are more likelyadopt online sales than the food,
beverages and tobacco sector; but the oppositeigsfor ERP systems. No
clear evidence was found for the hypothesis thdtistries with ex ante better
knowledge of ICT will have higher probabilities &olopt e-business technolo-
gies. Industries with good ex ante knowledge of HZ& those that are either in-
volved in the production of ICT goods or servicege¢tronics, ICT services,
business services) and those that traditionallybétxhigh levels of ICT usage
(monetary services, insurances, transport equipmanufacturers). The results
vary greatly among different e-business technokdi®r example, firms from
the ICT services sector exhibit very high adoptiwababilities for purchasing
online, CRM, CMS, Design, Share doc, selling onlik#S and HRM. How-
ever, they also show significantly lower adoptiomhabilities than the “IT-
distant” food sector for ERP and SCM solutionsymaniily because ERP and
SCM solutions help to optimize material and infotima flows in manufactur-
ing businesses, they are generally less relevaittei services industries.

The empirical results also provide evidence foe gilass effects. In particu-
lar, it was found that large firms exhibit highepbability to adopt technologies
that are primarily used in-house, exhibiting pesitieturns to scale. Such tech-
nologies are CMS, sharing documents online intern@&RM, HRM, ERP and
KMS. For all of the above, large firms have a digantly higher adoption
probability. Otherwise, positive size effects aot as pronounced and in some
cases even reversed for those e-business techesltwit primarily deal with
processes and information flows that are connetdetie environment of the
firm, and not primarily internal. E.g., E-learningnline collaboration with
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business partners to design new products (Desigth)salling online do not ex-
hibit significantly higher adoption probabilitie$ larger enterprises.

In addition to the analytical findings, the usefgs of CART was demon-
strated to analyze innovation adoption data. CARadbées to identify clusters
of firms that exhibit significant differences inetih probability to adopt a par-
ticular technology. The results are parsimonioasyeo interpret and can be
presented in an intuitive, graphical form. They dan appealing practical
value for marketing purposes. For example, a tddgygrovider might decide
to focus his marketing budget on those firms thatehbeen identified as high
probability clusters in the CART analysis. Or, ahieology provider who is al-
ready conducting business with a client might ugdRT results to make an
“educated guess” about what will be a likely futimegestment of the client.
This knowledge could help to increase the chanéegetiing follow-up con-
tracts.

The research presented in this chapter is suljesrne limitations. First, a
cross-sectional dataset was used that does nadicdnformation about when
technologies have been adopted. Since innovatifusitin is a dynamic proc-
ess, lacking information about the timing of evemisans that we are missing
an important part of the story. Hence, one can sphculate about the conse-
quences of the observed technological interdepeaneenthe “growing digital
divide”, it cannot be actually observed in the d&acond, having only cross-
sectional data puts clear limits on the possibtiityule out alternative explana-
tions for the observed relationships, i.e. themoigeneral test to rule out a sig-
nificant effect of unobserved heterogeneity. Tliusannot be finally concluded
whether the observed acceleration effect is truigogenous and independent
from unobservable firm characteristics. Third, whihe data are quite rich in
terms of the technologies they cover, they havénd@ation about the actual
level of use of the technologies within firms omhtsophisticated” their solu-
tions are. For example, purchasing online can belected in many way: A
firm might infrequently buy a small number of items an internet marketplace,
or it might install a complex e-procurement softavaystem that systematically
aggregates and automates a substantial amountdefimy processes. In the
data used for this chapter, both cases are simpdyetd as a positive adoption
of online purchasing. Having more detailed inforimatwould possibly enable
additional insights. However, there are clear btalyeand time restrictions for
collecting additional levels of details in this &pf enterprise survey.

The most severe limitation of this chapter — theklaf a time dimension — is
resolved in the next chapter which uses a diffedathset to analyze the same
fundamental questions that were examined in thigoth: How do technologi-
cal interdependencies influence diffusion procesds&sd what role do struc-
tural variables and firm heterogeneity play?
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6. Dynamic analysis of e-business diffusion

The previous chapter presented a static analysikeohdoption of various
related e-business technologies. The results iteticstrong and persistent rela-
tionships between the observed technologies. lticpéar, their was support for
the hypothesis that the probability to adopt igéasing in the number of other
related technologies a firm has also installed. f#seilts indicated that techno-
logical progress can be subject to an endogenoctsleaation mechanism if
firms have the choice to invest in numerous reld&hnologies that are not
substitutes.

In this chapter, the analysis of this phenomenaxisnded to a dynamic dif-
fusion model. Are the results of chapter 5 replieab a dynamic setting using
a different dataset? To answer this question,xablle discrete time hazard rate
model is introduced. It has various advantageouspemed to the static analy-
sis. First of all, the complications arising froimsltaneous adoption decisions
can be avoided because in the dynamic frameworlcaneest for the effect of
technological investments that have been undertakéhe past: Such invest-
ments are sunk and do not depend on today’s inesstaecisions anymore.
Therefore, they can be treated as an exogenousbl@riThus, instead of run-
ning simultaneous equations with multiple endogsntachnology terms, one
can simply analyze each technology separately ahgd aontrol for technolo-
gies that have been installed in the past. Sedbedjme dimension in the data
provides multiple observations for each firm. Téigbles to control for unob-
served heterogeneity explicitly. Thus, it is poksit measure whether an ac-
celeration effect in technological development esandogenously, after con-
trolling for unobserved alternative explanationshsas an “inherent need” of
firms to invest. Third, the time dimension of thatal also allows to observe the
possible consequences of an acceleration effestichh an effect is present and
not all firms start adopting the same technologiethe same time (i.e. if there
are rank effects due to differences among firmg)weuld expect that the tech-
nological equipment of early adopters is continlypupgraded faster than that
of late adopters, leading to growing difference®agnfirms.

The chapter is organized as follows: First, a sidroduction to hazard rate
models is given to set up the required notatiom®nT | relate to the theory of
chapter 5.1 and introduce the diffusion model. Néx regression results are
presented and discussed. After that, | examine heinghere is evidence for a
growing “digital divide” among firms. Finally, theesults are summarized and
some implications are discussed.
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6.1. Discrete time hazard rate model with unobserge
heterogeneity

To study the diffusion of technologies over timeharard rate estimation
framework can be usédIn general, hazard rate models are concernedexith
plaining the time interval until the occurrence afstate transition of an ob-
served subject. In this study, the time intervahfrthe introduction of a new
technology until a firm decides to adopt the tedbgy is the variable of inter-
est. Each adoption decision is a single, non-ragbéaiand non-reversible event.
Obviously, not all firms will adopt within the obs@tion period or thereafter.
Let t indicate at which point in time a firm is observddhe time from the be-
ginning of the observation until the adoption diecisis noted asT . At each
point in time t, we are interested in the adoption probabilitgach firm, given
that the firm has not adopted before This is thehazard rate which is for-
mally defined as

m Prob(ts T< t+ dt|T= t)
-0 dt

(6.1) AO =i

By standard arguments, there are two functionscésteal with the hazard
function: Thefailure function F(t), which indicates the fraction of the popula-
tion that has left the initial state at tinhe and thesurvivor functionS(t), which
states the share of the population that has noagepted at timet. Conse-
quently, S(t) = 1- F(t) and F(t) is the cumulative distribution function (cdf) of
all adoption events over time. The associated pitibadensity function (pdf)
is noted asf(t) , with f(t) =F'(t) . A natural interpretation of (t) is the un-
conditional probability of adopting exactly in thinitesimally small interval
of time [t, t + At] . By definition:

(6.2) )\(t):& Em
1-F(t) S(t)

In this application, the actual exact time of admptT is unobservable in
the available dataset. We only know from the dhtd T falls into a specific
year. Hence, a discrete time formulation is neeé®d.this purpose, it can be
defined that a duration of interestis in thevth interval so that it satisfies,
t-1<t<ty, for v=1,..,V. In the last observable interval, firm i's spell

23 Alternative terms for hazard rate models frequefatlind in the literature are ,sur-
vival analysis®, ,failure time models”, ,life-timenodels®, or ,response-time models*.
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(i=1,...,N) for technology j=1,...,K is either complete, or right censored.
Right censoring implies that at the time of theveyr the adoption of the tech-
nology had not yet occurred (is unknown). Given entry at=1 and observa-
tion at timet, we only know thafl >t for right censored observations.

The analysis is carried out with a dataset thataios a large numbeN of
heterogeneous enterprises that are assumed tonbasteategic interaction. As
before, each firmi =1...N is characterized by a vector of firm specific awar
teristics X, and a K -component vector Y of binary variables
Y =(Y1 YY) With y,0{0,3 and j=1..K, which indicates the current
endowment of a firm with related technologies. Tieao 1 implies that under
the assumption that none of the element¥ ois substituting any other element
of Y, the net present valug,;, associated with each technology is increasing
in the numberk, _; ., 0[0,1,2,...,K- 1] of related technologies which have
been adopted in the past. The integer varidglg, , is a simple proxy for
“how advanced” a firm is in using any of thé available technologies. Firms
adopt technologyj in periodv if G;, > 0.

The net present valug,, is not directly observable. However, in each pe-
riod v, the endowment of firms with technologi&g, can be observed where
each element takes a value gf, =1 when the enterprise has adopted and
Yp = 0 otherwise, j=1...K. *Firms adopt if the non-observable latent variable
Yy, exceeds a critical valug , which depends oG, :

(63) Gijv >0 yi]v >7 - Yjv =1

Theorem 3 —Assume (A1) and (A2) — The hazard rate to adopthrtology belong-
ing to Y is an increasing function of the number of elemeritsY which have been
adopted in the past.

Proof: Apply theorem 1 to (6.3).

To test Theorem 3, the following discrete time medzate model of technol-
ogy adoption is introduced:

We know thatG;, depends on the observable firm-specific charatiesi
X, and their level of technological developméat, , . In addition, G;, might
systematically depend on unobservable firm-specifiaracteristics. To allow
for unobserved heterogeneity, a firm-specific etesm u; with the following
properties is introduced:

(6.4) Uy ~N(O:0§ ); E[Lﬂ xXJ= 0 E[H |VE O; E[iP |i,k¢',v EF(
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The unobserved additional error term is assumeuktstrictly independent
from the observable covariatgs, k; _;, and observation periou. The intro-
duction of this unobservable error term allowsdtax some of the assumption
that were necessary in the static adoption modaili¢itly, we do not need to
assume anymore that only observable firm charatiesiinfluence the adoption
decision in a systematic way. It is only necessargissume that unobservable
characteristics that might have a systematic infteeon adoption probability,
like quality of management, organizational struetspecific characteristics of
the market of operation, or an “inherent need”imh$ to upgrade their technol-
ogy etc., are normally distributed, independerthefobservable characteristics,
and that the sample is randomly drawn from the fadjmnm. Compared to the
static adoption model in the previous chapter, yrékls a more flexible model-
ing approach that is only possible because timesebservations of individu-
als have a three-dimensional structure (varyingnie periodsv, firm i, and
all observable variables) and hence contain moferrimation than cross-
sectional data. The additional information can lseduto account for unob-
served heterogeneity by grouping observations ofihe close relationship be-
tween survival models including unobserved indieildeffects and panel
econometric methods has recently been emphasizétifiterature (Jenkins,
2004; Kiefer, 1990; Wooldrigde, 2002, 20.4).

Theorem 1 and Theorem 3 implied that the decisioadbpt depends on the
observable characteristicg, and explicitly also on the number of previously
adopted, related technologiés_, ,, . In addition, diffusion processes are time-
dependent. Epidemic effects, reduced uncertaitgkseffects, qualitative im-
provements in technology or falling prices all le¢achigher adoption probabili-
ties in later periods. Hence, the probability topids generally time-dependent
following some functionh, (t). Furthermore, the random unobserved firm-
specific effect specified in (6.4) can influence timing of adoption. Hence, a
time-varying index function with the following forean be specified:

(6.5) Z;, (1) :Bj'_xi+yK, Gva T, (DY

For simplicity, the index function is assumed toéa linear additive struc-
ture?* Given these preliminary definitions and followitige general framework
of Sueyoshi (1995), the hazard function can beipd@as

24 Alternatively, one could also specify a semi- @n#parametric functional form.
However, this makes the evaluation of hypothesesendifficult. Also, to my best
knowledge, unobserved heterogeneity cannot bedtgstan non-parametric models.
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1-F (%, (1)

where v indexes the interval of interest, the firm, and wherd, and F,
are the density and cumulative distribution funetfor the continuous random
variable T. Note thatZ;, (t) is allowed to vary with time, sincg, _;,_, (the
number of previously adopted related technologi®slynamic. The full speci-
fication of the hazard depends upon the Qﬁrh} . The survival probabilities
for thevth interval may be viewed as the probability thaaadom variable ex-
ceeds the aggregatder;,, > Z, (t)), where the cumulative distribution ef,
is described by F (Sueyoshi, 1995). This is a gltforward extension of the
static adoption model presented in chapter 5.2 ttyreamic scenario. Note,
however, that in addition to the classic disturleaterme;, another error term
u; is introduced in (6.4) and (6.5). While the infiee ofe;, on A, is a func-
tion of time and randomly “redrawn” for each firm €ach observation period,
u; captures additional firm-specific effects thatrau vary with time but could
have a systematic influence on the individual hdzdre interpretation is
straight forward:u; contains the influence of all relevant firm-spectharac-
teristics that cannot be observed in the datatmaittstay with firmi over time,
while g;, are all remaining, time-specific random shocks ihduence the
probability of adoption. The value of both erromts for each firm can obvi-
ously vary with the technologyunder scrutiny.

To complete the specification of (6.6), one needshose{ F, h} . Given that
diffusion processes can be well-described by astagifunction (Griliches,
1957; Mansfield, 1961), an obvious candidate tcipe\ is F to be the logis-
tic cdf,

F(2)= exp(z)

6.7) T 1+exp(z)

which corresponds to a pdf

t2) = exp(z)

©8) 1+ exp(2)f

for —o <z <o . The baseline hazard rate of each period can defiga as
a flexible semi-parametric piece-wise constant fiomc

(6.9) h, (1)=0a,6,



14¢€

for all v=2,...,V, choosingv =1 as the reference category for estimafion
8, being a vector of dummy variables such that=1 if t,_, <t<t, and
8, =0 otherwise. The variable, is the period-specific hazard coefficient for
technologyj . This piecewise constant specification yieldsaifile model with
some desirable properties. It allows duration ddpene to vary between ob-
servation periods, without assuming a specific fiamal form of h;, (t). It only
implies the assumption that observations withiniveerg time-intervalv have
the same baseline hazard rate. Hence, the modslnteassume that adoption
probability strictly increases i, and thus allow for period-specific demand
shocks, e.g. due to cyclical variation. Furtherméine model also does not as-
sume that all firms will adopt each technology heseeh,, (t) must not neces-
sarily go to infinity ast becomes very large. This is an important advantage
vis-a-vis most fully parametric specifications béthazard function that assume
A(t) - o ast - . The semi-parametric specification in (6.9) is enappro-
priate to study the diffusion of innovations, besaiit is only rarely the case
that the entire population eventually adopts arowation. Hence, a possible
source of biased estimates is eliminated becausmplausible assumption is
avoided.

Equation (6.6) can be explicitly written as

(6.10) 1

Y 1+ eXp(_ajvejv _B]_)I( _yj Ii(,—j,v—l - lnl )

Note that (6.10) is equivalent to a random effémiit model applied to sur-
vival data organized in firm-period form. Surviddta in firm-period form con-
tain observations for firmh for each periodv until either censoring or exit oc-
cur. This yields an unbalanced panel dataset, wéaech firm can have at most
one observation period for whicyy, =1. Hence, the number of observed peri-
ods varies between firms. This specific form ofedatganization is necessary if
one wants to apply standard panel estimation cordmanstatistical packages
for survival analysis. To clarify the point: Thenbry response logit model es-
timates the unconditional likelihood functidifz) for observingy,, =1 in ex-
actly periodv, where f is the logistic pdf. The hazard functidn however, is
the conditional probability of making a transitiam period v, provided that
firm i has “survived” up tov—1. Data organized in firm-period form fulfill the
requirement that during the periods prior to thensition, all observations on
the dependent variable have values of zero. Heheegonditioning off (z) is

% hence maintaining an intercept termZn
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provided by the specific form of data organizatiand estimating (6.10) be-
comes equivalent to estimatirigz) .

Furthermore, it is interesting to observe that @.i5 a proportional hazard
model, i.e. one can separate the effects of a lip@skazard” function which
only depends on time period and is equal for all firms, and firm-specific ef-
fects captured by the co-variables that scale #selme hazard for each obser-
vation. The model is also referred to as “propmdicodds” because it assumes
that the relative odds of making a transition imiqek v, given survival up to
the previous period, can be summarized by

(611) )\ijv :|: F(ij ejv )

n, | - Fa8, Jexp@ X tYik ity

where F is the logistic cdf (Jenkins, 2004). Thentén the left parentheses
on the right-hand side of the equation is the lasdiazard which arises if all
other co-variables are zero. This expression ikedday the expression outside
of the parenthesis, which do not depend on timeg@er . Hence, the estimated
parameter coefficients of this model have an iiveiinterpretation. Thed,,
coefficients give the period-specific baseline dzaf technology for a firm
with all other covariables equal to zero. TBeand y; coefficients can be in-
terpreted as the extent to whigh and k scale the baseline hazard.

i,—jv-1
Because (6.10) depends on the unobserved heterygene it cannot be
used directly to construct the likelihood functitin consistently estimater, ,
B;, andy, . However, recalling the assumptions of (6.4) thatis independent
of all other variables and has a normal distributia conditional maximum
likelihood approach is available for estimating, {3, y, and o’ (Wooldrige,
2002, 15.8.2). To find a likelihood function thatet not depend om; any-
more, one needs to integrate ayt, conditional on all observable covariables.
Given (6.4) the likelihood contribution of each ansored observation can be
expressed as

o

(6.12) L= jmg(yuv)}(l/ou )o(y; /o, )du

where g(y,, ) = F(2)" [1- F@)I"* , F is the logistic cdf and is the pdf of
the normal distribution. Censored observationdhéngample are included with
values ofy;, =0 for all v, whereas uncensored observations are included up
to the period when exit occurs and observations wif, =1 for t >t, can be



15C

dropped because they do not contain any additiaf@imation that would con-
tribute towardsA(t) . Plugging iny;, for all v and taking the log of (6.12)
gives the conditional likelihood function for each® Summing up over ai
gives the complete sample likelihood. To estimhie function, one simply has
to maximize the complete sample likelihood withpest toa;, (3, andy, 2
The integral can be approximated with Mrpoint Gauss-Hermite quadrature
(StataCorp, 2001, p. 384). As mentioned above,ishégjuivalent to applying a
random effects logit model to survival data orgadiin person-period form.
The relative importance of the unobserved effech d@@ measured as
p=0>/(c>+1), which is the proportion of the total variance tittuted by the
panel-level variance component since the idiosyitceror in latent variable
models is unity (Wooldrige, 2002, p. 486). Whpr= 0, the panel-level vari-
ance component is unimportant and the panel estingnot different from the
pooled estimator. The pooled estimator would resinim applying the stan-
dard logit model to the survival data organizegénson-period form, without
grouping observations on. This approach yields consistent and efficient est
mates if and only if no unobserved individual-sfieaffects exist. A likelihood
ratio test that formally compares the pooled amdpéinel estimator can be used
to evaluate the presence of significant unobseingigidual effects’®

The estimation approach outlined above has fouliGxadvantages.

(1) By accounting for unobserved heterogeneitis jiossible to get consis-
tent and efficient estimates of the observable ateg® even if some of the
unobservable characteristics have a significamtiénice on adoption behavior.
If unobservable heterogeneity is important but fgdo one will get biased es-
timates of the included covariates. Also, one tghjcover-estimates the degree
of negative duration dependence in the hazard andnder-estimates of the
true proportionate response of the hazard to agehama regressor. In addition,
the proportionate response of the hazard rate aoggs in a regressor will no
longer be constant, but declines with time. Lareragt979, 1990) gives an ex-
tensive treatment of these issues. Also, contigoliam unobserved heterogeneity

% The integration of (6.12) does not yield a simpiimator because of the mixed
distributions.

27 In most econometric software packages, this islémpnted either as Fisher-
scoring or the Newton-Raphson-procedure.

2 This implies that the results of the pooled arglfianel estimator are equivalent if
no unobserved individual effects exist. Hence, wlitig for unobserved heterogeneity
in the model does not lead to biased estimateslividual effects are not significant.

2 provided that the assumption uf are satisfied by the data. The independence of
u from the observable variables can be tested bypeadng the random effects model
with a fixed effects model via the Hausman testweleer, this test is only required if
significant observed effects are reported in theloan effects model. An unresolved is-
sue is how possible interaction effects betweerefable and unobservable variables
on the dependent variable could be identified.
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does not lead to biased estimates even if unobdesffects are not important
because the estimator of the pooled logit and #reeplogit are asymptotically
identical if o, - 0. Hence, controlling for unobserved heterogeneigydg a
much more robust test of the hypothesis regardiegobservable characteris-
tics, in particular the effect df, _; , .
(2) A dynamic model is estimated that utilizes iallividual- and time-
specific information that is available in the data information is lost due to
any kind of data aggregation. In particular, bycsfyeng k; ;,, as a time-
dynamic covariable that counts the number of otimpted technologies at
timet for each firm, the maximum amount of informatiomtained in the data

is used.

(3) The flexible, semi-parametric specification difration dependence in
(6.9) does not assume that all firms will eventuatopt the innovation as
t - oo, in contrast to many fully parametric specificasoHence, an important
source of biased estimates is excluded. See Kamallossar and Wedel
(2004), Litfin (2001), or Sinha and Chandrashekdd#92) for a discussion of
the assumption that the entire population will eualty adopt. The simple
piece-wise constant specification employed heranisttractive alternative to
the computationally demanding split-hazard modeds &re otherwise proposed
in the literature.

(4) The estimation framework applied here is eastiendable to other em-
pirical studies of innovation diffusion, where tiraed individual specific in-
formation are available and the primary focus isamforecasting. One simply
needs to adapt the index functi@y in an appropriate way.

6.2. Empirical results

Equation (6.12) was estimated using a large sawip@nterprise data from
the Nov/Dec 2003 e-Business Market W@tch survey #ataset consists of
7,302 successfully completed computer-aided telephoterviews with enter-
prises from 25 European countries and 10 se€toksailable are basic back-

%0 The composition of the sample does not allow comdpiéty across sectors or
countries on the aggregate level. Thus, the moake$ diot control for sector- or country-
specific effects explicitly, but treats them astpafrthe unobserved heterogeneity term

u; .



152

ground information about each company, includirzg silass, number of estab-
lishments, % of employees with a college degreeketahare and primary cus-
tomers of the enterprise. Also, the dataset costaiformation on the adoption
of 7 e-business technologies, including retrospgedtiformation on the time of
adoption. Firms that confirmed in the interviewtttteey currently use a particu-
lar e-business application were asked when theydtarted to use that technol-
ogy. The ratio of missing values on these questiuas always below 20% of
the respective subjects indicating that most redpots were at least able to
make a fairly educated guéssAlso, one might reasonably assume that the er-
ror distribution will not be significantly skewedwards one side or the other
side of the true values. Thus, without additiomébimation or conflicting evi-
dence, it is most reasonable to treat the repatiegption date as the true adop-
tion date.

Table 22 shows some descriptive results for theimwence of the technolo-
gies for November 2003. Similar to the evidencehapter 5.2, there are pro-
nounced differences in the observed frequenciesgrtite 7 e-business tech-
nologies. Online purchasing is most widely diffu4@8%), whereas other solu-
tions such Knowledge Management (KMS) or Supply i€hdanagement
(SCM) exhibit rare occurrence. Each of the congidéf technologies serves a
different purpose for supporting processes andiimftion flows within a com-
pany, or between a company and its environments,Tihgan be assumed that
these technologies do not substitute each othtrein functionalities, which is
the basic assumption underlying our theory. In lperto the static analysis of
e-business adoption, only those enterprises ahadied in the sample that fulfill
the basic requirements to conduct e-business (usagemputers, Internet ac-
cess, email and WWW).

%1 The estimation results could be non-representédivéhe entire population if the
missing values were not independent from the tifnedoption, e.g. if those who could
not recall the date of adoption had adopted pdailyuearly. However, such an effect
cannot be tested in the data and is hence notoékptonsidered here.
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Table 22 - Relative frequencies of 7 related e-busas technologies, Nov 2003

Technology Occurrence
in sample
E-learning 9.5%
Customer Relationship Management System (CRM) 11.1%
Online purchasing 46%
Online sales 17%
Enterprise Resource Planning System (ERP) 11.5%
Knowledge Management System (KMS) 6.6%
Supply Chain Management System (SCM) 3.9%
N=5,615. Unweighted results. All firms included basomputers, Internet access, use
the WWW, and email.
Abbreviations in () indicate variable names fag thgression analyses.

Information about when a technology was adopted bgmpany is coded in
yearly intervals. 1994 was chosen as the firstopedf observationd This is
approximately the time when the Internet becamdélabla for commercial use
in Europe. All adoption decisions occurring aft€02 are censored observa-
tions. Thus, there are 9 valid observations perfodsach technology.

Figure 8 and Figure 9 show two examples of survfuactions. The year of
observation is recorded on the x-axis (2 correspaod 994, 10 corresponds to
2002). The proportion of remaining non-adoptershim sample is depicted on
the y-axis. Both survivor functions show that dsifon of online purchasing and
online sales started slowly in the first few yeasd then rapidly gained mo-
mentum. The highest annual rate of new adoptionsroed from 2001 to 2002,
shortly after the peak of the “Internet-hype”. Bdidures show that the diffu-
sion of e-business had not yet surpassed its peak0d2. Thus the adoption of
these new technologies is analyzed in a relatiealty stage of the diffusion
process. The survivor functions for the other eiirss technologies in the
sample exhibit comparable shapes.

32 A few companies stated implausible adoption daging that they adopted a par-
ticular e-business solution before 1994. Theseoresgs were coded as missing values.
For all technologies, less than 5% of the adoptarsto be excluded due to stating im-
plausible adoption dates. The respective compariekl be referring to ICT solutions
that fulfill similar objectives as the e-businessttnologies, but are based on proprietary
networks, such as EDI. However, because of thenitiefn and the reasoning provided
in chapter 1.4.4, proprietary ICT solutions are patt of this analysis.
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Figure 8 — Discrete time survivor function for onlne purchasing

Discrete time survivor function for online purchasing
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Two different versions of the model in (6.12) wexdimated. The first ver-
sion included the proxy variable for current tedbgaal development,
k as an ordinal variable. The results are repdrted

i,—jv-11
Table 23 and Table 24. In the second verskn,, , was decomposed into
dummy variables K =0 to k =5).3* The decomposition into

i,—jv-1 i,—jv-1
dummy variables was conducted to test for possitda-linear effects of
k

i,-jv-1-

33 Only 3 companies had adopted all 7 e-businessitdabies in 2002. Thus, the re-
gression results ok; ,,_, =6 were never significant and in most cases not ifiedt
Hence, they are not included in the table.
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Table 23 — Hazard rate regression results for 3 e-lsiness technologies (k as in-

teger)
Co-variables Online sales Online CRM
purchasing
v=2 1.253* 1.954* 0.603
v=3 1.447* 2.396** 0.496
v=4 2.228** 3.358** 1.172*
v=5 2.843* 4.781* 1.819*
V=6 3.313* 5.498** 1.603*
v=7 3.650** 6.721** 2.430*
v=8 3.890** 7.514* 2.465*
v=9 4.315* 9.093** 3.552*
Ki-jv-1 0.257** 0.731* 0.525*
10-49 empl. 0.042 0.033 0.734*
50-249 empl. 0.067 0.167 0.967*
>250 empl. 0.15% 0.188 1.137*
> 1 establishment 0.2977* 0.568** 0.377*
Primary customers:
other businesses -0.465 0.443* 0.426**
public sector -0.596" 0.068 -0.190
no primary customers 0.065 0.121 0.171
% empl. w. university degreg 0.001 0.010** 0.013*
Market share:
<1% 0.164 0.647* -0.472*
1%-5% 0.415* 0.778* -0.179
6%-10% 0.456*4 0.645** 0.170
11%-25% 0.546* 0.586** 0.203
> 25% 0.340* 0.564** 0.081
Constant -7.356* -11.283** -8.284*
Model diagnostics
N obs 44,545 42,310 45,257
N groups 5,114 5,116 5,116
Log-likelihood -3,773 -7,439 -2,411
Rho <0.01 0.668 <0.01
LL-ratio test for rho=0 1.00 0.00 1.00

** denotes significance at the 95% confidence levelenotes significance at 90% confidence.
Reference categories: v = 1, 1-9 empl., primaryarusrs: consumers, market share: unknown.
All firms included have computers, Internet access, the WWW, and email.
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Table 24 - Hazard rate regression results for 4 e-lsiness technologies (k as inte-
ger)

Co-variables E-Learning ERP KM SCM

v=2 0.401 0.153 0.131 -0.697
v=3 0.900 0.204 0.752 0.680
v=4 1.843* 0.765* 0.521 1.365*
v=5 2.149* 0.719* 1.056** 1.754*
v=6 2.309* 1.048** 0.909** 1.800**
v=7 3.351* 1.356** 1.742* 2.459*
v=38 3.513* 1.079* 1.621* 2.023*
v=9 4.719* 2.513* 2.854* 3.648*
Ki-jv-1 0.435* 0.265* 0.465* 0.328*
10-49 empl. 0.051 1.116** 0.384* 1.001**
50-249 empl. 0.234¢ 1.776** 0.689** 1.693**
>250 empl. 0.770* 2.353* 1.099* 2.514*
> 1 establishment 0.5191%* 0.187* 0.322* 0.385*
Primary customers:

other businesses -0.092 0.601* 0.144 0.045

public sector 0.151 -0.004 -0.020 -0.817**

no primary customers -0.008 0.126 -0.010 -0.287
% empl. w. university degreg 0.012  0.004** 0.012* 0.006**
Market share:

<1% -0.106 -0.480** -0.173 0.211

1%-5% 0.104 -0.052 0.201 -0.355

6%-10% -0.042 0.253 -0.182 0.519*

11%-25% 0.193 0.304* 0.290 0.130

> 25% 0.066 0.187* 0.289* 0.152
Constant -8.688* -7.550** -7.799* -9.571*

Model diagnostics

N obs 45,562 44,889 45,504 45,800
N groups 5,11¢ 5,116 5,116 5,116
Log-likelihood -2,121 -2,550 -1,689 -957
Rho <0.01] <0.01 <0.01 <0.01
LL-ratio test for rho=0 1.00 1.00 1.00 1.00
** denotes significance at the 95% confidence levelenotes significance at 90% confidence.
Reference categories: v = 1, 1-9 empl., primaryarusrs: consumers, market share: unknown.
All firms included have computers, Internet access, the WWW, and email.
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Table 25 - Hazard rate regression results for 3 e-lsiness technologies (k in 5

categories)

Co-variables Online sales Online CRM
purchasing

v=2 1.252** 1.879* 0.601
v=3 1.384** 2.317* 0.491
v=4 2.223** 3.253** 1.164*
v=5 2.834** 4.633* 1.810*
v=6 3.299** 5.317* 1.586**
v=7 3.631** 6.499** 2.406**
v=_8 3.865** 7.253** 2.431*
v=9 4.284* 8.786** 3.511*
Ki-jv-1=1 0.398** 0.863** 0.613*
Ki-jv-1=2 0.502** 1.395* 1.143*
Ki-jv-1=3 0.825** 1.922* 1.628*
ki-jyv-1=4 -0.341 0.356 1.998*
Ki-jv-1=5 0.867 44.260 1.409*
10-49 empl. 0.044 0.032 0.738*
50-249 empl. 0.060 0.149 0.963*
>250 empl. 0.162 0.188 1.135*
> 1 establishment 0.30071* 0.548** 0.384**
Primary customers:

other businesses -0.473p* 0.423** 0.431*

public sector -0.600™] 0.069 -0.190

no primary customers 0.058 0.114 0.170
% empl. w. university degreg 0.001 0.010* 0.013*
Market share:

<1% 0.161] 0.632** -0.484**

1%-5% 0.414** 0.753** -0.186

6%-10% 0.458* 0.625** 0.161

11%-25% 0.547*4 0.572** 0.196

> 25% 0.340* 0.553** 0.078
Constant -7.352* -10.954* -8.288**

Model diagnostics

N obs 44 545 42,310 45,257
N groups 5,114 5,116 5,116
Log-likelihood 3,764 -7,433 -2,409
Rho <0.01] .645 <0.01
LL-ratio test for rho=0 1.00 0.00 1.00

** denotes significance at the 95% confidence levelenotes significance at 90% confidence.
Reference categories: v = k;-jy-1=0,1-9 empl., primary customers: consumers, markatestunknown.
All firms included have computers, Internet accessg, the WWW, and email.




Table 26 - Hazard rate regression results for 4 e-lminess technologies (k in 5
categories)

Co-variables E-Learning ERP KM SCM

v=2 0.398 0.153 0.132 -0.702
v=3 0.889 0.203 0.753 0.667
v=4 1.824* 0.763** 0.523 1.343*
v=5 2.118** 0.716** 1.061* 1.724*
V=6 2.261** 1.042* 0.917* 1.751*
v=7 3.273** 1.348* 1.750** 2.394**
v=_8 3.433** 1.068** 1.629* 1.933*
v=9 4.630** 2.498** 2.862** 3.558**
ki-jv-1=1 0.654** 0.292** 0.425* 0.593*
ki-jv-1=2 1.136* 0.687** 0.860** 0.683**
ki-jyv-1=3 1.357* 0.399 1.703* 1.254*
ki-jv-1=4 0.291 0.764 1.807* 0.699
ki-jy-1=5 1.465* - 1.126 1.132
10-49 empl. 0.052 1.116* 0.380** 1.001*
50-249 empl. 0.234f 1.775* 0.690** 1.688*
>250 empl. 0.780*] 2.359** 1.095* 2.516**
> 1 establishment 0.5211  0.189* 0.313* 0.377*
Primary customers:

other businesses -0.115 0.599* 0.137 0.033

public sector 0.126 -0.006 -0.030 -0.832**

no primary customers -0.050 0.126 -0.017 -0.306
% empl. w.university degreg 0.012*  0.004** 0.012* 0.006**
Market share:

<1% -0.132 -0.482* -0.171 0.199

1%-5% 0.083 -0.055 0.201 -0.358

6%-10% -0.044 0.250 -0.165 0.500*

11%-25% 0.187 0.300** 0.299 0.118

> 25% 0.049 0.184 0.297* 0.152
Constant -8.659*] -7.549* -7.795** -9.556**

Model diagnostics

N obs 45,567 44,889 45,504 45,800
N groups 5,116 5,116 5,116 5,116
Log-likelihood -2,111 -2,549 -1,687 -955
Rho <0.01] <0.01 <0.01 <0.01
LL-ratio test for rho=0 1.00 1.00 1.00 1.00
** denotes significance at the 95% confidence levelenotes significance at 90% confidence.
Reference categories: v = k;-jy-1=0,1-9 empl., primary customers: consumers, markatestunknown.
All firms included have computers, Internet accessg the WWW, and email.
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The most important result from the regression aislis thatk; _;,, has a
positive and significant influence on adoption saite all models. Furthermore,
the hazard rate for adoption increases the higiewvalue ofk; _;,_, @ All sig-
nificant coefficients onk; _;,, decomposed into dummies exhibit an almost
linear increase of adoption probability. The resalte very similar to the static
adoption analysis from chapter 5.2. They providerst support to Theorem 3
and Hypothesis 10, which stated that more advaficed are more likely to
further improve their technologies, suggesting amlogenous acceleration
mechanism of technological development. Thus, éwértological history and
legacy of a firm have a crucial, systematic impactfuture investments and
technological developments. This suggests thatdtfiesion of technological
innovations among firms should be studied as a gafiendent, evolutionary
phenomenon, where firm-specific resources are aatause and a consequence
of technology adoption.

Furthermore, significant size-class effects aranébin the regressions. Com-
panies with more than one establishment are mkedylio adopt any of the 7
analyzed technologies. Also, large firms with mamgployees are systemati-
cally more likely to adopt e-business solutiong #ra primarily used in-house,
such as CRM, E-learning, ERP and KMS. This suppidstsothesis 3. Large
firms with many employees are also more likelydopt SCM, while the size of
the firm does not have a significant impact onabeption of online sales and
online purchasing.

Hypothesis 9 is also supported by the regressisultse The probability to
adopt is low in the early periods of the diffusipmmcess and always the highest
for the last observed periods€9). In between, the probability to adopt in-
creases in an almost linear fashion, with someaamnfiuctuations in between.

Also, the results show that the primary customdignais serving does have
a systematic influence on its choice of technolegior example, the adoption
of online sales is clearly prevailing among firrhattprimarily serve consumers,
while it is much less common among firms primasiérving other businesses or
the public sector. The adoption of purchasing @li@RM and ERP solutions
is significantly more frequent among firms that @éaxther businesses as their
primary customers, and SCM adoption is less fregfeerfirms primarily deal-
ing with the public sector. These findings imphattithe particular business en-
vironment of a firm greatly affects the expectetugaof installing a particular
technology — not all technologies are suitablelltgiads of firms.

In addition, the regression results show that #negnt of employees with a
university degree within a company always has atigesand significant influ-
ence on the hazard rate to adopt, with the onlggti@n of online sales where
the effect is not significant. Thus, a higher pndgjom of highly qualified staff
increases the chances of e-business technologyiaedophis is consistent with
the view that complementary investments into humepital are an important
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part of technology adoption decisions (Brynjolfssomd Hitt 2002, Dewar and
Dutton 1986). Firms with better human capital reses should face lower total
costs of adoption and thus higher adoption rateteris paribus. Also, it sup-
ports the view that technological progress is assvards more skilled labor
(Acemoglu 2002, Pianta 2004).

The results also show that market share (a proxyntarket power) is a sig-
nificant indicator for the adoption of all analyzésthnologies, except for e-
learning. On the one hand, firms with less than pekent market share show
lower adoption rates than firms with higher margieares. On the other hand,
firms with more than 25 percent of market shareislaally not show the highest
hazard rates for adoption, except for KMS. The pealally occurs somewhere
in between the two extremes. This lends some suppdtlypothesis 4, which
states that firms with a medium degree of marketgyoare more likely to
adopt.

Finally, the estimated Rho and their significaneeels indicate that unob-
served heterogeneity is never significant in thelet® except for online pur-
chasing. Thus, neither sector nor country of origim any other factor that is
not explicitly included in our analysis does haw&atematic influence on adop-
tion rates. This provides additional evidence faremdogenous acceleration
mechanism because it rules out any unobservedsiirewific factor as an alter-
native cause for the observed effectkpf,, , . According to the regression re-
sults, controlling for relevant technological higtotime, size class, primary
customers, human capital and market share is mirffito explain the differ-
ences in adoption rates for most e-business tegbies. This seems to be in
contrast to descriptive evidence on e-businesseugadterns, which usually
shows pronounced differences among sectors andtr@sunEuropean E-
Business Market W@tch 2004, OECD 2004). Also, dviiies a new perspec-
tive on the results from the static analysis inptea5.2 that found varying but
significant sector and country influences. Intdregy, different dynamic test
regressions revealed that controlling for the teébgical history (k; _; ,, ) of a
firm makes the panel level variance component Risighificant’, and there-
fore indirectly accounts for part of the varianbattis otherwise captured in the
country and sector dummy variables. Rather thamgestag that country and
sector effects are not important, this result camgly that real economic dif-
ferences among countries and sectors (instituti@mlation, competition, cy-
clical effects etc.) are captured to a great exterthe investment history of
firms into new technologies.

34 without k.

i-jv-1 Rho is significant, whereas Rho remains signifidank; _; , .
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Like most research, these results are also sutjesbme potential limita-
tions. The dataset that was used does have cadaantages for the purposes
of this study (e.g. the large number of observatidhe detailed information
about technology usage), but it also has some pateatisadvantages. Cer-
tainly, the sample has been collected long afterdiffusion process started.
Thus, it is likely that the sample has a selechi@s towards the “survivors” of
technological competition. This could possibly haveinfluence on our estima-
tion results, although related diffusion studiemgssurvey data with informa-
tion about the time of adoption suggested that dvielses were not severe
(Stoneman 2002). Also, the nature of the data fooseto assume that structural
variables (such as market share, size of the fara)exogenous and constant
over the entire observed period from 1994-2002s Thiarguably a tough as-
sumption to make, but the only feasible one in latla true panel. However,
treating structural variables as exogenous rathan tendogenous actually
seems warranted: Treating structural variablesndsgenous would only be re-
quired if they would have an unambiguous influenceadoption rates and if
the analyzed technologies would have a direct fggmit and unambiguous
positive influence on firm-level productivity. Prodtivity effects, however,
may not occur immediately. In fact, Brynjolfssordaiitt (2003) suggest that
the contribution of computerization to productivibmly occurs with a large
time lag (5 to 7 years). In the meantime, no mdjoect effects of technology
deployment on market shares and firm size shoulkepected. Also, the results
suggest that large firms with high market sharesrat necessarily the most
likely to adopt all e-business technologies. Thenef treating structural vari-
ables as exogenous in the model does not appéardcritical assumption, i.e.
making them endogenous would probably not changerthin message of this
study.

Finally, there is one restriction in the estimationdel which puts some lim-
its on the conclusion that the identified acceleratnechanism is truly and be-
yond any doubt endogenous to the process. Altholuiglestimation model al-
ready controls for unobserved firm-specific facterplicitly, there is the theo-
retical possibility that some unobserved factorsdonet have a direct impact on
the adoption decision, but an indirect one viardaractions effect with any of
the observable variables. The presence of suchtaractions effect cannot be
ruled out by the finding that there is no diredieef of the unobserved error
term. In particular, if such an interactions effegiuld occur with one of the
explanatory variables that varies with time (sustka,,, ), it would be impos-
sible to differentiate between the true effect fed £xplanatory variable itself
and the time-varying error terng( ). However, to my best knowledge, there is
currently no econometric solution available yesatve this potential identifica-
tion problem. In addition, the finding that continadj for the technologicatis-
tory (k; _;, ) of a firm makes the unobserved firm-specific e@omponent in-
significant makes it hard to argue that the obskaereleration effect is driven
entirely by some exogenous unobserved interacteffect: Whatever firm-
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specific effects have contributed to the obseneaatllof k; _;,, in the past,
they are now included in the information that,, contains because they are
part of the technological history of the firm. Arahnsistent with the theoretical
prediction, the technological history of the firtmosvs the expected systematic
effect on future investment decisioaad it makes the remaining unobserved
firm-specific characteristics irrelevant for theoation decision of most e-
business technologies in periad This is quite strong evidence for the argu-

ment that the observed acceleration mechanisndéehendogenous.

6.3. Growing digital divide

The finding that the technological development glengiven trajectory of
related technologies can be subject to an endogeacteleration mechanism
has some important implications. If not all firmars at the same time to adopt
the new technologies, i.e. if there are some pionsers and some followers,
the endogenous acceleration mechanism will leagrtaving differences in
technological endowment between them. The diffesenill continue to grow
until the most advanced firms do not find any adddl technologies belonging
to the associated paradigm that promise posititgrne on investment. Only
when the most advanced firms stop making prograshe trajectory will oth-
erwise comparable follower firms be able to “catghi. Thus, when a new
technological trajectory emerges, we can expeatidially growing gap in pro-
gress upon the trajectory between early and lateerso Provided that techno-
logical investments do on average yield positivtarres, this growing gap could
have important consequences if early and later tado@are directly competing
against each other. According to standard argumérits acceleration mecha-
nism could benefit early adopters, allowing thentapture additional market
share, achieving higher profits, and increasingr theobability of survival in
the market, ceteris paribus.

A growing digital divide among firms can be demoatdd in the data: Let
k, be the variable counting the number of adoptetinelogies belonging to
the trajectory. A higher position on the traject@yndicated by a higher num-
ber of adopted technologies. The ongoing diffugimacesses should lead to
higher average values &, over time, while a growing gap will show up as a
growing variance ok;, over time. The results are reported in Table 27.

In the first observed period (1994), the mean valtid,, in the sample is
0.0089. Thus, the vast majority of firms has nat ggopted any of the 7 in-
cluded e-business technologies at this early tithe. standard deviation d,,
is quite small with 0.11904. Over time, we obseareincrease in the mean
value of k,,. In 2002, it reaches 0.7854, which is still prdtiw considering
that some very advanced firms have already adogited technologies, while
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the majority still has adopted none. The increaséheé mean value ok, is
clearly the result of the ongoing diffusion proesef all 7 technologies. The
most interesting finding, however, is the increas¢he standard deviation of
k, . Over the entire observation period, the “inedgyalin technological en-
dowment with e-business technologies is increasinbe sample. Thus, we ex-
hibit a “growing digital divide” as suggested byetfinding of an endogenous
acceleration mechanism.

Table 27 — Mean value and standard deviation of k & time

Minimum Maximum Mean Standard De-
viation
Time period
1(1994) 0 5 .0089 .11904
2 0 6 .0258 .19398
3 0 7 .0486 .26550
4 0 7 .0885 .36915
5 0 7 .1619 48780
6 0 7 .2581 .61031
7 0 7 4287 .78360
8 0 7 .6167 .91899
9 (2002) 0 7 .7854 1.029
Source: E-Business Market W@tch survey Nov/Dec 2003 5,615.
All firms included have computers, Internet accesg the WWW, and email.

Figure 10 provides an illustrative representatiérthe@ phenomena. In the
first period, 99% of all firms have adopted nonehaf 7 technologies, and 1%
has adopted 1 technology. As time proceeds, thetidra of firms that have
adopted none technology continuously decreasestlandlistribution ofk,,
spreads out, leading to higher mean values andategrdisparity in technologi-
cal endowment in the early periods of the diffugimacesses. In 2002, the frac-
tion of firms having adopted none of the technaggis 51%, 30% have
adopted one technology, 13% have adopted two téofpies, and 6% have
adopted more than two technologies. Clearly, tlierdinces in technological
endowment between pioneer adopters and follower® l@ntinuously in-
creased from 1994 to 2002.

Following the logic of the endogenous accelerastory, the “growing di-
vide” will continue to increase, until the more adeed firms stop making pro-
gress on the trajectory and adoption decision®ltdgvfers will eventually lead
to a convergence in technological equipment agHiis is another interesting
insight from this analysis: In the presence of amdogenous acceleration
mechanism, a growing divergence in technologicalpgent is a logical con-
sequence in the early phases of the diffusion c& convergence will only
occur in the later phases. Maybe a surprising résuh this study is that the
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early phase of e-business diffusion has continoeddch a long period of time
(1994-2002), with an ever increasing divergence dlve entire observed time
frame.

Figure 10 - Distribution of k over time

Percent

Source E-Business Market W@tch survey Nov/Dec 2003. 1§45, All firms in-
cluded have computers, Internet access, use the \Nakdvemail.

6.4. Discussion

These results show that current investment dedsare not independent
from past investment decisions. This implies thatany matters for the techno-
logical development of a firm. A decision to ad@ptechnology today affects
the expected value of any other related technoiloglye future. Hence, techno-
logical development can be viewed as a path depe¢mecess where current
choices of technologies become the link throughctvhprevailing economic
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conditions may influence the future dimensionseahnology, knowledge, and
economic opportunities (Ruttan 1997).

The observation of an endogenous acceleration meshaof technological
development along a given trajectory suggestsehdy mover advantages can
exist that are sustainable until the early mover éxhausted the possibilities of
the trajectory, and followers begin to catch upeTtheoretical literature on
technology diffusion suggests that if early and latlopters compete on the
same output market, early adopters will be abladbieve excess profits and
capture additional market share until their techgimlal advantage has been
perfectly copied by all rivals (Reinganum 1981adjtz 1999, Quirmbach
1986). In addition, early mover advantages canuséaiable even in the long
run if there is free entry and exit in the marlaetd if firms are not ex ante iden-
tical, for example if there are positive returnsstale, learning-by-doing ef-
fects, scarce complementary resources to the redbwmdéogy, market reputation
effects, or discount rates that are lower for prasiy more profitable compa-
nies. If first mover rents may not be completelyirguished by other firms fol-
lowing, it might be less profitable for later mogep adopt at all. Also, some
firms might “pre-emptively” adopt to capture stmgite advantages (Fudenberg
and Tirole 1985, Ireland and Stoneman 1985). Intémminology of the re-
source-based view (Barney 1991), the existencen @aogenous acceleration
mechanism of technological development implies @@bption decision can
lead to competitive advantages (see section 3Mg:t&chnological endowment
of a firm belongs to its set of strategic resouréesthermore, the current con-
figuration of these resources systematically infes both the possibility and
the return of future adoption decisions, as welt@porate performante The
presence of the acceleration mechanism impliesinfitdting rivals will not be
able to perfectly copy these resources until tiiy eaover has exhausted the
development potential of the new technologicalettajry. Furthermore, it is
very likely that some of these competitive advaetagill be sustainable, be-
cause in reality such development processes oa@iranlong time span where
entry and exit to a market take place. In additibere are numerous reasons
why positive returns to scale, learning-by-doinfgets and imperfectly mobile
complementary assets can exist in the real world.

From the adopters’ perspective, this implies tlwemhganies must be aware of
the path-dependency and the strategic role of tdogy investment decisions.
There are two crucial questions that firms needrtswer when a new techno-
logical paradigm emerges:

% Provided that firms can on average appropriateesprivate returns from their
technology investments, see Chapter 2.2.
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1. Is there an alternative technological trajecwrgilable to solve the
same problems or to build up the same strategauress? If alter-
natives do exist, then the adoption decision beson® only a
problem of optimal timing, but also a choice betwedternative
technological development paths. In this case,sfiatso need to
evaluate early on whether the entire industry eséntually choose
one of these alternative development paths. Thikldoe the case if
there are some kind of network externalities inedlthat imply that
only one dominant industry standard will finally erge and firms
that are on the “wrong trajectory” might lose authhe competition
(see section 2.3.3). This scenario has beyond dbalinost severe
strategic implications for a firm because it implighat “betting on
the wrong horse” could put the very existence efftim at stake. It
also implies that the decision to invest into a nejectory depends
on the firm's expectations about the behavior dfeotfirms. Fur-
thermore, the timing of the decision becomes sulijea difficult
trade-off. On the one hand, being an early movetherfright” tra-
jectory promises competitive advantages, not leastuse of a pos-
sible acceleration mechanism. On the other haritgdtsome bene-
fits to wait and see which of the trajectories resccritical mass
and emerges as the new industry standard. Howeweg this is
clear, it might be too late for the firm to capte@ly mover advan-
tages.

2. If no technological alternatives exist to thevrgaradigm, how sub-
stantial is the technological uncertaifiyand how probable are
rapid technological improvements in the future?Bot these ef-
fects make it more attractive to delay the investtmaccording to
diffusion theory (see section 3.2). However, ifealogical uncer-
tainty is limited and no dramatic technological nmygements can be
expected for the near future, an early mover siyateill probably
be most beneficial, especially if an acceleratiffect can be ex-
pected.

Arguably, these are tough questions to answer andsing the correct de-
velopment path and the optimal time to invest dearty decisions with far
reaching consequences that require a very prof&modledge of the techno-
logical developments and of the behavior of otharkat players, such as com-
petitors, suppliers, customers, and potential netnaats. Given the complexity

36 Technological uncertainty in the sense of the dlan investment project to fail
due to technological or implementation reasonsh sag unexpected incompatibility,
unexpected implementation costs, or plain techniocédgnalfunction.
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of the issue, firms might benefit from the knowledgf industry experts and
consultants to choose their path of action.

The presence of an endogenous acceleration meohatgse® has some im-
portant implications for the suppliers and marketefrnew technologies: Firms
that have previously invested into related techgiel® can expect lower imple-
mentation costs and / or higher benefits of adgpaidditional technologies that
belong to the same technological paradigm. Thes; #ie more likely to make
additional investments into such technologies.theowords, it should be much
easier for technology suppliers to conduct furtbesiness with their existing
clients or firms that are already advanced in usmgpatible technologies than
to acquire orders from firms that are less advamereanh a different technologi-
cal trajectory. This will hold until the most adwau firms have exhausted the
potentials of the new technological trajectory anedch a saturation level.
Technology providers could actively benefit fronstmechanism by systemati-
cally studying and understanding the purchasingatieh of their customers
and technological interdependencies. It will beexa®r them to conduct addi-
tional business with existing clients if they cdifeo them technological solu-
tions that are complementary to each other, ratigr constituting partial or to-
tal substitutes (see section 3.5). A quantitativasis of their data on customer
behavior (for example based on the methods of@eé&ti3 and 5.4) could help
them to optimize their product portfolio and theipss-product marketing and
sales activities.



7. E-business, innovation, and firm performance

7.1. Does IT matter?

In a much debated article, Nicholas Carr (2003pedgthat IT doesn’'t mat-
ter anymore as a strategic device for companigmiio competitive advantage.
His reasoning was both simple and convincing: Asb&comes ubiquitous, it
turns into an infrastructure technology (just lidectricity or telephones) pos-
sessed by everyone, instead of a resource thatlysawailable to few. There-
fore, IT loses its potential for creating sustaleabompetitive advantage be-
cause it is scarcity, not ubiquity, that enablesompany to gain an edge over
rivals. Carr concludes that IT should be viewed arahaged as a commodity
and not as a strategic asset.

In this chapter, it is argued that Carr's argumsmnot entirely correct be-
cause it overlooks an essential property of infdimmatechnology: IT creates
numerous, company-specific opportunities to imprprecesses and to generate
new products and services for customers that dighraviously exist. Hence, IT
is inherently strategic because it enables innowatind is therefore a medium
to competitive advantage. However, it is not IT gerthat matters, but what
firms do with it. Hard- and software tools offettsef technologically feasible
opportunities. But they can often be customized thieg leave plenty degrees
of freedom to the user to decide how, when, omfloat purpose the technology
will be used. One and the same IT tool can havgingimpacts in two differ-
ent firm (Chan 2000)- the impact depends on howleefirms decide to util-
ize the technology, and to what extent they takeaathge of a new technology
to introduce innovations to their business.

Innovation is a strategic tool because it fulfiile purposes: Firms conduct
innovation because they seek profitable investropportunities (profit incen-
tive) and they seek to give themselves a strataedi@ntage over their rivals
(competitive threat). A strategic advantage mayuodecause a better process
or a better product can enhance a firm's marketeshfa firm knows that its
rivals are engaging in innovative activities, iflvgiee its own competitive posi-
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tion as being under threat. This creates an inoemdi also invest in innovation
in order not to lose out to rivals (Beath et. 8198, Gtz 1999).

From this reasoning, four main questions arise ¢hatbe addressed in this
empirical study. First, how much innovation is adiyenabled by IT, in par-
ticular by Internet-based technologies? Secondindovative firms generally
perform better? Third, is there a difference betwElerelated innovation and
other kinds of innovation in terms of correlatioithwfirm performance? And
fourth, does a high endowment with Internet-bassdhriologies translate into
better performance?

In this study, organizational performance is meadun terms of profitabil-
ity, turnover development and employment develogm&he objective is to
analyze the relationship between these performamacimbles and different
kinds of innovation, including IT-related and ndfHielated innovations.

Scholars of firm performance have made numerougibations to identify
the determinants of organizational performance. él@x, a fundamental prob-
lem is the identification of causality in such dasd As March and Sutton
(1997) noted: “Most studies of organizational parfance are incapable of
identifying the true causal relations among perfomoe variables and other
variables correlated with them through the datarasthods they normally use.
Although there are studies that mitigate thesetsboiings, the emperor of or-
ganizational performance studies is for the most r@aher naked.” It has to be
admitted upfront that in this regard this study oaty offer additional invisible
clothing to the poor emperor. With respect to thlationship of innovation and
organizational performance, the principal questlmat is so hard to answer is
whether firms’ perform welbecausehey are innovative, or if they are able to
innovatebecausdhey perform well. It is not the purpose of thigdy to resolve
this question, and the results of the study caimteepreted in both ways.

Yet, the empirical evidence presented in this dajst sufficient to demon-
strate that IT can matter for gaining competiticvantage because it enables
innovation. It is found that more important thae tibsolute endowment with
information technologies is whether and how firmse them to conduct innova-
tion. Also, the study is unique because it providew insights into the relation-
ship between IT- and non-IT-based innovative atidisi and performance
measures. The results suggest that IT-based irinovate not inferior to other
kinds of innovation and that appropriability pratke can occur with both IT-
and non-IT-based innovations. The econometric mimdielduced in this article
is particularly suitable to study organizationatfpemance because it allows to
control both for unobserved firm- and market-specffects that can influence
corporate performance. The data set used heresds walique because it is
timely, containing a very large sample of entegwifrom various sectors and
countries in the European Union, and becauseatvalto differentiate between
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IT-based and non-IT-based innovation. Togetherdtia and the methods used
here enable a more differentiated discussion abeustrategic relevance of IT.

7.2. Theoretical background

Various scholars have stressed the importance rafvation for corporate
performance. Audretsch (1995) finds that new fithmst are able to innovate
experience higher growth rates and greater chasfcegrvival. Cefis and Mar-
sili (2003) also find a positive effect of innowvati on firms’ survival. In addi-
tion, their findings suggest that small and young$ can benefit most from in-
novation in order to survive in the market. Gerastkal. (1993) show that suc-
cessfully innovating firms are more profitable daghe direct effect of the new
product or process, and because of the indireeteéfssociated with the trans-
formation of a firm’s internal capabilities thatade the firm to better profit
from knowledge spillovers and relative insensitiid macroeconomic shocks.
Mansfield (1968) reports that innovators are makely to grow than other
firms during the years after an innovation. Czakiiand Kraft (2004) report
better credit ratings among innovative firms umteertain threshold, whilst too
many innovative activities reduce the rating. @hés (1981) and Blundell et
al. (1999) report greater stock market valuesrfaovating firms.

Despite these generally positive impacts of inniovabn performance, many
innovating firms fail to obtain significant econamieturns from an innovation,
while customers, imitators and other industry pgrtints benefit. Thus, there
are often appropriability problems for the innovalb@cause of the difficulties
to protect the innovation from imitation by rivalevin et al. 1987, Teece
1987). To accommodate, firms typically try to apgpiate private returns from
innovation with a range of mechanism, includingepéd, secrecy, lead time ad-
vantages and the use of complementary capabi(iieben et al. 2000). Meth-
ods of appropriability vary markedly across andhimtindustries and not all
methods work well in all cases.

Patents rarely yield perfect appropriability beeatisey can be “invented
around” at modest costs and are only effectivefinaindustries (Harabi 1994,
Teece 1987). Arundel (2001) presents survey reshtisiing that a higher per-
centage of firms in all size classes rate secrecyare valuable than patents.
Levin et al. (1987) and Harabi (1995) find evidetttat for process innovations
lead time is the most effective means of approfiigbFor product innova-
tions, superior sales and service efforts are maéfsctive, followed by lead
time. Baumol (2002) stresses that the advantagbsin§ first to innovate have
successfully sped up the pace of technologicalnessgin free market societies,
because “time is money”.

A different stream of literature analyzes the fiewel impacts of IT invest-
ments on performance variables, without linkingnthexplicitly to innovation.
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The effect of IT investments is still subject tobdee, because not all studies
have demonstrated clear payoffs from IT investrm@itan 2000, Kohli and
Devaraj 2003). Also, the results vary dependinghow performance and IT
payoffs are measured and analyzed. For exampleahtit Brynjolfsson (1996)
find positive impacts of IT investments on produityi, but not on profits.
Prasad and Harker (1997) did not find positive affeof IT capital on produc-
tivity, while IT labor positively contributed to tput and profitability.

Positive effects of IT spending on firm-level prativity are reported, for
example, by Brynjolfsson and Hitt (1996, 2000, 200&reenwood and
Jovanovic (1998), and Bertschek and Kaiser (2084gny of these studies
stress that the effect of IT on productivity isheat indirect, arising if IT invest-
ments are combined with complementary investmanits work practices, hu-
man capital, and organizational restructuring.

Analyzing the profitability of IT, Stoneman and Kwg1996) show that the
profits of non-adopters of IT are reduced as oflmers adopt new IT and that
the gross profit gains of IT adoption are relatdirm and industry characteris-
tics and the number of other users of the techryol&jmilarly, Weill (1992)
suggests that early adopters of IT are likely todfi¢, but once the technology
becomes common the competitive advantage is lost.

Analyzing the effects of IT investments on firm éé\growth, Devaraj and
Kohli (2000, 2003) find positive effects of IT instenents and IT usage on
revenue development in the health care sector.guséta from the insurance
industry, Harris and Katz (1991) found that topfpeming firms with high
premium income growth had higher IT expense ratiod lower non-IT costs.
Weill (1992) found positive effects of IT investmenn sales growth among
valve manufacturing firms.

In a meta analysis of studies on IT payoff, KohidaDevaraj (2003) find
that positive impacts of IT on performance are niikedy to be found in stud-
ies using large data sets from primary sources,Adtudies using longitudinal
firm-level data that allow to control for time-laffects are more likely to find
positive impacts of IT. Results tend to vary grneatimong different industry
sectors. In addition, different results tend torbported for different kinds of
dependent variables being analyzed. Generally, ratudies suggest positive
impacts of IT investments on productivity and growian on profitability.

Variations in performance outcomes of firms invagtinto IT can be related
to firm-specific resources that are unequally distied among firms (Melville
et al. 2004, Bharadwaj 2000). This reasoning iateel to the resource-based
view of the firm (Barney 1991) that proposes thah$ could obtain competi-
tive advantage based on firm-specific resourcesatespecific, valuable, rare,
imperfectly imitable, and not strategically suhgtble by other resources. Fol-
lowing the resource-based view, Santhanam and Rart@003) find that IT
capability is related to superior firm performané&ichardson et al. (2003)



17¢

show that performance differences can be attribtdatie IT conversion capa-
bility of firms, which is conceptualized as reflegt the ability of firms to lev-
erage the potential of information technologies.

The resource-based view, which focuses on firmriatefactors influencing
performance differences, can be complemented bgdheeptual link between
IT adoption and innovation that is proposed in isectL.4.4. In particular, a
possible reason why various studies did not finsitp@ relationships between
IT investments and performance is because it istmdtinvestment into new
technology per se that determines performancehbwtthese investments are
transformed into process and service innovatioivm-Bpecific resources such
as managerial skills, know-how, experience, thesgmee of technical experts
and prior technological investments may be resfmdor the ability of firms
to transfer IT investments into innovation. AfteetIT investment has success-
fully triggered an innovation within the firm, ttgerformance outcome of the
investment will depend on the type of the innovatibat was carried out and
the market response of competitors and custometkid context, the timing of
the innovation is important and the appropriabifityategy of the firm, i.e. the
ability of the firm to protect its innovation froimitation by competitors.

7.3. An error component model of firm performance

It is obvious that, besides innovative activitisemerous other factors also
influence the performance of an enterprise. Fomgte, this includes the mar-
ket in which a firm operates, the presence of enoes of scale and the size of
the firm, the prevailing market structure and therket share of the enterprise,
as well as firm-internal structures and resourgesduding the technology the
firm uses, its organizational structure, human wesgs, and managerial compe-
tence. Lenz (1981) provides an interdisciplinargnswary of numerous “deter-
minants” of organizational performance.

Hence, in order to identify the relationship betwéaovation and firm per-
formance, one needs to control for alternativediacthat influence perform-
ance. The challenge in this study (as well as istrother studies with a similar
objective) is that not all factors that could pkayole are actually observable in
the data.

Because not all relevant factors can be obsented, necessary to make
some preferably non-critical assumptions about tHewon this purpose, an error
component model of firm performance is introducecetthat enables to control
separately for firm-specific and market-specifiobserved effects when esti-
mating the influence of the observable charactesisin performance variables.



174

This enables to disentangle the effects of unoladdevmarket characteristics
and the effects of the observable firm level chirastics, for which we obtain
coefficient estimates.

We observe a cross-section of a large number Net&rbgeneous firms with
index i =1,...,N. Each firm operates primarily on one market, dmete¢ are J
different markets with index =1,...,J. We are interested in the performance of
firm i in marketj, which is recorded in the dependent variap|e Perform-
ance depends on a vector of observable firm-specifaracteristic; . In ad-
dition, performance also depends on unobservabl&enapecific effectsu;
and unobservable firm-specific effects. Thus, performance is a function of
various firm-specific characteristics and two urerivable error terms:

(7.1) y; =F(X;. 0.8 )

In this study,X; consists of the following variables:

x, = dummies indicating four different kinds of inradive activity

X, = firm size (measured by number of employees im &ategories)
X, = market share (measured in % in six categories)

X, = % of employees with a university degree

X = number of e-business technologies installechbyfitm

The technologies which are included ¥ and their relative frequency of
occurrence are listed in Table 22. A more detailedcription of the data fol-
lows in 7.4,

The economic conditions within one market are cawple for all firms op-
erating in that market, but they can vary greatfyoag markets. Hencey; is
equal for all firms operating in markgt, but u; can vary. All relevant firm-
specific effects are captured &). Identification requires to assume thgt is
independent of all observable factots.

Yet, the advantage of the model is that we do meatdnto assume that the
market-specific effectu; is independent from the firm specific effeef ,
E[u; [g;]1# 0. Also, we do not assume independenceiofrom the observable
firm-specific characteristicE[u; [%; ]# 0. Clearly, such an assumption would
violate basic economic reasoning. Consider theiosiship of market structure
and the observed market share of an individualrpnge: If a market is charac-
terized by perfect competition, we will not expeatfind a firm with a high
share in that market. Vice versa, a highly conegetr market may only exhibit
a low number of firms with high market shares. Henmarket structure and
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market share of each firm are correlated. In ogecé# is possible to observe
the market share of each firm in the data, but we@at know the exact market
structure in which each firm operates. Howeves thiobservable market struc-
ture, which is captured in; , is very likely to effect firm performance. Simila

arguments can be made with respect to the otheredisle characteristics.

We consider a qualitative indicator variable of firm performance that
takes a value ofy =1 if a specific criteria is observed, and=0 otherwise.
For example,y could be profitability taking a value of =1 if the firm has
been profitable last year angd=0 otherwise. Hencey is a Bernoulli distrib-
uted random variable and the occurrenceydé conditional on various observ-
able and unobservable characteristics, as defméd.1). Assuming that the in-
fluence of the conditional characteristics is linghe probability that a firm ob-
servesy =1 can be written as

(7.2)  p,=Prly, =1[% ,u = E(y [x ,uF AE x+,u

_where F is the cdf of the individual specific error tergy that maps
(Bx +U;) into the (0;1) range. In order to get consistestineates forp in
(7.2), it |s necessary to eliminate the unobsemeaket-specific effectsy,
from the equation. Following Chamberlain (1980% #olution to this problem
lies in specifying F as the logistic cdf and writithe likelihood function based
on the conditional distribution of the data, coimtied on a set of sufficient sta-
tistics for u; . By definition of a sufficient statistic, the distution of the data
given this sufficient statistic will not depend on anymore.

Chamberlain (1980) showed that a sufficient statifstr u; is Ziyij and
that the conditional log-likelihood function wilhty depend orf3, X;, andyj :

(7.3) L= Inlexp(B %)/ Y expB Y% ¢ )]

where

Bj:{d:(dl,...,d1i )|d= Oorlani ‘d:Z p}

and n; is the number of firms in markgt. L is in conditional logit form
(McFadden 1974) with the alternative s& § varying across the markets. The
estimator only considers markets whére » y, <n,, because the individual
likelihood contribution of a market with no singb®sitive observation or all
positive observations is zero according to (7.3)c& L is in the form of a
conditional logit log-likelihood function, it canebmaximized by standard pro-
grams and all inference follows directly from cdiwhal MLE theory
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(Wooldridge, 2002, p. 492). Thus, by conditioniig tog-likelihood function
on >y, , the u; are swept away and a consistent estimator is rstaihat
does not place any restrictions on the distributiorco-variance of the unob-
servable group-specific effect. Solution (7.3)ically depends on choosing F
to be the logistic cdf, a similar simplificationrfprobit models has not yet been
found (Baltagi, 2001, p. 209).

7.4. Empirical results

The dataset used for this study originates fromNbe/Dec 2003 enterprise
survey of the e-Business Market W@tch. Survey gigeints were randomly se-
lected from 10 sectors and 25 European countrigsndit all sectors were cov-
ered in each country. However, the number of ent®p sampled in each
country-sector cell was large enough to be reptatiea of the underlying
population. The economic conditions within eacht@ecan be very different
depending on the country. In addition, market stnes and the economic con-
ditions can vary greatly between the sectors ofi@auntry. However, the eco-
nomic conditions for firms operating in the sameirtoy and the same sector
can be assumed to be reasonably comparable. bataset, each firm belongs
unambiguously to a specific country-sector grougiatierprises, which we de-
fine as the relevant market in our study. Ovethl, sample contains 101 mar-
kets (the market index in the regression modelefindd asj=1,...,101). On
average, we observe approximately 60 firms per aetaakd a total of 7,302
firms.

The dataset contains qualitative information abfoat performance. In par-
ticular, firms were asked the following questioakating to their performance:

- Has your company been profitable over the past @@ths? (yes /
no / don’t know, not applicable)

- Has the turnover of your company increased, deeteas roughly
stayed the same when comparing the last finan@at with the
year before? (increased / decreased / roughly cgtdye same /
don’t know, not applicable)
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- Has the number of employees in your company inease-
creased, or roughly stayed the same during thel@astonths? (in-
creased / decreased / roughly stayed the samét kihomw)

Based on these questions, seven binary performesiables were com-
puted that serve as dependent variables in thgsisial In this study, all seven
binary variables are analyzed in separate regmessadels. This allows to get
detailed insights into the effects of differentddnof innovation and technologi-
cal development status on financial performanceleyment effects, and firm
growth. All models follow the same basic structuteey are only different in
the dependent variable.

The advantage of this type of qualitative datehi it provides information
about dynamic developments which are independetiteo$ize of each firm, al-
though only one cross-section is observed. Infaonaibout absolute turnovers
and the number of employees in the survey are usdful to identify the size of
a firm, but they do not provide any information abdynamic developments
and performance if no true panel data are availallkernatively, one could
survey firms about the absolute size of changeg,(but such detailed informa-
tion are usually not obtainable in telephone iritaxg.

In addition to the above questions that relatethéoperformance of enter-
prises, the survey also contained questions thaterkto different kinds of in-
novative activities of firms. In particular, thellfaving two questions were
asked:

- Has your company introduced new or substantiallgrowed prod-
ucts or services to your customers during the pashonths? (yes /
no / don’t know, not applicable)

- Has your company introduced new company internatgsses dur-
ing the past 12 months? (yes / no / don’t know,apglicable)

A particular goal of the survey was to find out 8fere of innovative activ-
ity that is directly related to or enabled by Imiet-based technology. Therefore,
companies that indicated in the introductory questithat they had conducted
innovations in the past 12 months were asked tWowaup questions:

- Has any of your product / service innovations othex past 12
months been directly related to or enabled by h&kebased tech-
nology? (yes / no / don’t know, not applicable)

37 Observations with missing values or subjects arisgredon’t know, not applica-
ble* were dropped from the analysis. This included4% of the sample for turnover
development, 11.8% for profitability, and 1.2% @nployment development.



17¢

- Has any of your company internal process innovatimeen directly
related to or enabled by Internet-based technoldgs®/ no / don't
know, not applicable)

96% of the survey respondents (N = 7,302) providaitl responses on the
product / service innovation questions, and 96.5%the process innovation
guestions. The relative frequencies of these questare displayed in Figure
11.

Figure 11 — Innovative activities of companies 2062003

60,0

% of enterprises (unweighted)

Product or service innovation Process innovation

\lOveraII Internet-enabled \

Note: Unweighted survey results, e-Business Mak@tch Nov/Dec 2003

52.3% of enterprises in the sample introduced salisdly improved prod-
ucts or services to their customers in 2003. 41cf%ese product or service
innovations has been directly related to or enablednternet-based technol-
ogy. This corresponds to 21.5% of enterprises enghmple that have intro-
duced Internet-based product or service innovatio2903. The importance of
the Internet is even more pronounced for processvitions: 42.8% of enter-
prises say that they introduced new internal preee$n 2003. About one half
of these process innovations were directly relatear enabled by Internet-
based technology.

Thus, it can be concluded that a substantial amofuimnovative activity in
the European Union was related to or enabled bard Internet-based tech-
nologies in 2003.
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Another interesting finding is reported in Table Z®ere is a strong signifi-
cant positive correlation between product innovegiand process innovations
that are Internet-related. Similarly, non-Intereaibled product and process
innovations are also positively correlated at enHayel of significance. On the
other hand, Internet-enabled innovations are neggtiassociated with non-
Internet-related innovations. Hence, it appears$ there are three clusters of
firms: Those that use IT and the Internet extemgite conduct both prod-
uct/service and internal innovations, and thosé #so innovate in both do-
mains, but without using the Internet. The thirdstér of firms comprises of
firms that do not innovate or only innovate in ashemain. The correlations
suggest that many companies make a conscious aeasiout whether they
want to rely on IT to conduct innovation, or not.

Table 28 — Pearson correlations of innovative actityi indicators

Product innovation — gen-| Product innovation — Inter-

eral net enabled
Process innovation - 0.2897* -0.1190**
general
Process innovation - -0.1730* 0.4858*

Internet enabled

N = 6,879. e-Business Market W@tch Nov/Dec 2003.
** denotes significance at the 99% confidence level

Table 29 shows the descriptive summary statisticstiie dependent vari-
ables. 44.3% of enterprises in the sample expeztbincreasing turnover from
2002-2003, 82% report profitability for this periathd 23.3% report increasing
employment. Less than one fifth of the sample réedrdecreasing turnover,
decreasing employment or no profits.

Table 29 — Performance indicators of companies 2002303

Relative frequency] N

Turnover: comparison last financial year with year

before
increased 44.3%
decreased 20.4% 6,253
roughly stayed the same 35.3%
Has your company been profitable over the last {12
month?
yes 82% 6,443

No. of employees: comparison last financial yea
with year before

increased 23.2%
decreased 17.5% 7,218
roughly stayed the same 59.3%

Note: Unweighted survey results from Nov/Dec 2003.
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Table 30 shows the correlation coefficients of geeformance indicators.
Not surprisingly, we find that firms that experienirnover growth are signifi-
cantly more likely to be profitable and to increaseployment and vice versa.
Noticeably, the development of turnover and empleyhare measures indicat-
ing whether a company is growing, declining, ogstting. According to Table
30, growth is positively related to profitabilithpwever it is not a pre-requisite
of profitability. A significant proportion of firmén the sample are profitable al-
though they did not increase employment. Also, sdinmes (not a significant
part) are profitable although they experience decli

Table 30 - Pearson correlations of performance indators

Profit Employment | Employment | Employment

(increase) (unchanged) | (decrease)
Turnover 0.2215* 0.3439* -0.1239* -0.2144*
(increase) (N=5,887) (N=6,226) (N=6,226) (N=6,226)
Turnover 0.007 -0.1886* 0.1940* -0.0425*
(unchanged) | (N=5,887) (N=6,226) (N=6,226) (N=6,226)
Turnover -0.2825* -0.2001* -0.0776 0.3147*
(decreased) (N=5,887) (N=6,226) (N=6,226) (N=6,226)
Profit
Employment | 0.1126*
(increase) (N=6,408)
Employment | 0.0894*
(unchanged) | (N=6,408)
Employment | -0.2391*
(decrease) (N=6,408)
e-Business Market W@tch Nov/Dec 2003.
* denotes significance at the 99% confidence level.

The error component model of (7.3) was estimatédguthese data. Table
31 reports the regression results for turnover ldgveent. Table 32 shows the
results for profit and employment development.



181

Table 31 — Fixed effect logistic regression results turnover development

Co-variables Turnover Turnover Turnover
increase unchanged decreased

Product or service innova-
tions last year:

Internet-related 0.402** -0.205* -0.293**

general 0.439* -0.280** -0.219*
Internal process innovations
last year:

Internet-related 0.395* -0.342** -0.136
general 0.331* -0.219* -0.181
10-49 empl. 0.257* -0.024 -0.307*
50-249 empl. 0.274* 0.127 -0.592**
>250 empl. 0.409** -0.196 -0.347*

Market share:
<1% -0.294* -0.128 0.502**
1%-5% -0.059 -0.153 0.285*
6%-10% 0.233* -0.061 -0.283
11%-25% 0.122 -0.077 -0.071
> 25% 0.144 -0.092 -0.087
% empl. w. university degree  0.001 0.001 -0.002
# e-business technologies 0.152** -0.125** -0.064
Model diagnostics
N obs 5,697 5,697 5,697
N groups 101 101 101
Log-likelihood -3,355 -3,328 -2,453
Sign. (Prob>chi2) 0.000 0.000 0.000

** denotes significance at the 95% confidence levelenotes significance at 90% confidence.
Reference categories: no innovations last yearefydl., market share unknown
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Table 32 - Fixed effect logistic regression resultsn profit and employment de-

velopment
Co-variables Profit Employment| Employment| Employment|
increase unchanged | decreased
Product or service innovat
tions last year:
Internet-related 0.351* | 0.409* -0.196* -0.165
general 0.238** | 0.379* -0.155* -0.171*
Internal process innova-
tions last year:

Internet-related 0.026 0.579* -0.400** -0.093
general 0.048 0.495* -0.402** 0.063
10-49 empl. 0.046 0.885** -0.726** 0.228**
50-249 empl. -0.079 0.876** -0.881** 0.495**
>250 empl. -0.097 0.860** -1.241* 0.988**

Market share:
<1% -0.536** | -0.098 -0.198* 0.388**
1%-5% -0.039 -0.026 -0.157 0.274*
6%-10% -0.007 0.172 -0.201 0.126
11%-25% 0.347* 0.319* -0.350** 0.172
> 25% 0.229* 0.075 -0.100 0.083
% empl. w. university de- | 0.000 0.001 0.000 -0.001
gree
# e-business technologies  0.033 0.034 -0.085** 108
Model diagnostics
N obs 5,796 6,415 6,415 6,415
N groups 100 101 101 101
Log-likelihood -2,320 -2,905 -3,783 -2,586
Sign. (Prob>chi2) 0.000 0.000 0.000 0.000
** denotes significance at the 95% confidence levelenotes significance at 90% confidence.
Reference categories: no innovations last yearefydl., market share unknown
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The regression results indicate that all four kinflsxnovation are positively
associated with turnover and employment growth madatively associated
with stagnating turnover and employment developmenhis supports
Hypothesis 6 and Hypothesis 8, which stated thatvators are more likely to
grow and to expand their employment than non-intarga independent from
their ability to achieve excess profits. This idiire with related empirical evi-
dence by Mansfield (1968), who reported that intorgin the steel and petro-
leum industries grew more rapidly than other firrmghose industries during
the years after an innovation. Also, this supptirésfinding that firms innovat-
ing in products, but also in processes, are méadylito expand their employ-
ment than non-innovative firms, because they grastefr in their respective
markets (Pianta 2004, Pasinetti 1981).

However, there are also some differences betwestupt and process inno-
vations: While product innovations are positivesaciated with profitability,
internal process innovations do not show a sigaifidnterrelation with profits.
Also, product innovations are negatively associatéti decreasing turnover
and non-Internet-enabled product innovations argatieely associated with
decreasing employment. Thus, firms that conduadpebor service innovations
are less likely to be in the group of firms expeciag decline. However, this
does not hold for internal process innovationsegnises engaged in improv-
ing internal processes are not less likely to ekhilbcreasing employment or
turnover levels. This corresponds with the viewt ficess innovations are a
defensive strategy, whereas product innovations aareoffensive, growth-
oriented strategy. Also, it implies that processoiwations are more likely to
have a labor-substituting effect at the firm letledn product innovations, i.e.,
firms facing a decline might invest into a labovisg process innovation to re-
duce costs.

An interesting finding is that differentiating beten Internet- and non-
Internet related innovations reveals only smalfedénces in estimated coeffi-
cients, i.e. whether firms use the Internet or tootonduct innovations is less
important than whether they innovate at all. Ak differences between proc-
ess- and product-innovations are greater than ifferehces between Internet-
and non-Internet related innovations.

In addition, it is interesting to observe that firlmeing more advanced in the
use of IT (i.e. firms having adopted a higher numbk Internet-based tech-
nologies) have a greater chance to exhibit incngagirnover. However, no
significant effect can be reported for profitalyiliT hus, the empirical evidence
on Hypothesis 5 is ambiguous. Hypothesis 5 claithed early movers enjoy
excess returns. A possible reason why there idaar support for this hypothe-
sis is that the theories suggesting this claimbased on the assumption that
there is only moderate or no improvement in théetogy over time and that
the technological risk is limited or null. These @rguably tough assumptions
for analyzing e-business technologies because tiernues to be both a rapid
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decline in the price for computer hard- and soferand ongoing improvements
in the technologies (Moore’s law). Thus, the eanlgver advantages could be
limited to assist firm’'s growth strategies due tmgoing innovative activities
rather than reflecting actual superior profitakilit

In addition, the regression results show that fimh® are more advanced in
using e-business technologies show a higher chahteing in the group of
firms that decrease employment, suggesting thatsesbss technologies might
— after all — have a labor substituting effect.STéiipports Hypothesis 7.

The results also support standard economic preditiSmall firms with lit-

tle market share are less likely to be profitabled they are also less likely to
exhibit increasing turnoves On the other hand, firms with high market shares
are significantly more likely to be profitable, gi@gting that they can exploit a
certain degree of market and price setting powemd-with low market shares
have a higher chance to exhibit shrinkage in tuen@and employment devel-
opment, suggesting a decline of enterprises the¢ wet able to capture larger
shares of their respective markets.

In all regressions, the proxy variable for humasoreces (% of employees
with a university degree) did not turn out to bgn#ficant, possibly suggesting
that it was an improper proxy to measure the reletypes of human resources
required in different kinds of firms.

7.5. Discussion

There are five key messages arising from the eogbiainalysis:

1. Internet-based technologies are currently ingmtrenablers of in-
novation.

2. All four types of innovation are positively asgded with turnover
and employment growth at the firm level.

3. Only product/service innovations are positivelgsociated with
profitability. Process innovations do not show gnfficant interre-
lation with profits.

%8 This obviously must not hold for enterprise stgps, i.e. it is a ,ceteris paribus®
prediction.
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4. Internet-enabled innovations are at the vergtleat “inferior” to
other kinds of innovations in terms of positive retation with per-
formance indicators.

5. More important than the technologies themsef{tless number of e-
business technologies they have installed) is Viinats do with
them (whether they are used to conduct innovatomst).

Although the direction of the causality betweenowattive activities and per-
formance is ambiguous, it may appear surprisingfitd that only prod-
uct/service innovations are positively associatéth ywrofitability, while proc-
ess innovations are not. However, the results earationalized, assuming that
performance follows innovation: A simple explanatimuld be that process in-
novations take longer to generate positive retdhas product innovations.
Process innovations are organizationally embeddeldhave to be routinized.
Such lagged effects are obviously not observabthigncross-sectional dataset.
Also, process innovation might be interdependetih wiher technologies and
firm-specific resources and may there-fore notdyieptimal returns if those
complementary assets are not available or not adbenough.

In addition, from a theoretical point of view itrcde argued that strategic
advantages of conducting process innovations dyesostainable (thus leading
to excess profits) if direct rivals have not im#@tthe innovation yet (Rein-
ganum 1981b, Go6tz 1999). According to this viewg @doption of generic
“best practice” solutions or technology, often sesfgd by process re-
engineering consultants and standard businessaseftpackages, generate only
temporary excess returns at best, as long as citarpedid not successfully
copy the same practice. To a certain extent, theniton and implementation of
a “best practice” solutions bears the public goodbfem of information
(Geroski 1995): A “best practice” or standardizedhinological solution may
be non-rivalrous in the sense that its inventiod ase by one firm does not
automatically preclude the use by another. It miag Be non-excludable if the
producer of the new knowledge is unable to effetyiprevent non-payers from
using it. Thus, a successful process innovator imagluntarily create a posi-
tive externality for the market without being aldeget a private benefit from
the investment. Such externalities might be dekrtbm a social welfare point
of view, but their existence limits the incentived<irms to invest in such activi-
ties. This theoretical appropriability problem i¢ewiated if the costs of con-
ducting the process innovation or implementingrtbe/ technology is not zero,
if the process and the associated technology ipEmand if it relates to other
complementary or specialized assets of the firrh¢hanot be easily copied by
rivals. Thus, sustainable advantages arising fromegss innovations and new
production technologies can only be achieved ifittivation cannot be per-
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fectly copied by rivals. Note that this argumenesimot only apply to IT-based
process technologies, but to process innovatiogerireral.

The public good problem of innovation, and hencee dksociated appropri-
ability problems are not as severe for productiserinnovations than for proc-
ess innovations. Naturally, it is much easier &irolproperty rights and charge
for an innovation if it can be embodied in an ottpold as a new product or
service. Often, products or services can be diffesed vis-a-vis competitors
offers, making perfect imitation less likely andnbe increasing the chance of
appropriating private returns from the investmenhe empirical result that
product innovations are positively associated pitbfitability, but process in-
novations are not could suggest that firms in @gindustry are more success-
ful in differentiating their products and servidban their production processes.
Yet, the successful diffusion of a new “best pitiin an industry may still
lead to higher productivity in the firms adoptinget‘best practice”. This leads
to lower production costs of the more productiveni, which makes it optimal
for them to increase their output levels at a ginerket price. Thus, this proc-
ess leads to growth of the process innovating fiemd the entire industry.
However, as more industry players imitate the neac@ss and output grows,
the equilibrium price in the market will fall, the benefit of consumers and so-
cial welfare (Reinganum 1981b, Go6tz 1999). Via thmischanism, consumers
might be the actual winners of wide-spread proge®svations within an indus-
try. The empirical evidence presented in this stsdyonsistent with this theory.

From this perspective, the results suggest thaptadp generic “best prac-
tice” solutions, often associated with standardrimss software and process re-
engineering, do at best generate temporary exedsss, as long as competi-
tors did not successfully copy the same practites Suggests that sustainable
advantages that are due to IT can only be achievedo ways: (1) if the tech-
nology triggering a process innovation can be cui&ed, complementing some
other scarce resource of the firm, thus limitingtation; or (2) if the technology
can be used to innovate a new product or servifegg tifat is valuable to cus-
tomers and cannot be perfectly copied by compstitor

Assuming a reverse causality, i.e. if innovatiolofws performance and not
the other way around, the empirical results alseetemn interesting implication:
It would suggest that profitable firms are morelikto invest in product than in
process innovation, which would imply that profifirms are generally more
customer oriented, focusing on new products andices to satisfy customer
needs rather than on cost leadership.

In any case, the results emphasize the strategioriance of information
technology. IT matters because it is an importaxabéer of innovation. Infor-
mation technology and e-business tools in particeieble process innovations,
if the implementation of the new technology sucegélte routines are changed,
and the new system is actually utilized. Also, hid &-business tools can enable
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product or service innovations, if the new techggles successfully used to of-
fer a new service or deliver products to custorireesway that is new to the en-
terprise. Depending on how the new technologiesuaesl, the strategic objec-
tives and consequences of IT can be quite diffefEmé primary objective of
process innovations is to reduce costs for a gixgput, i.e. to improve produc-
tivity, involving appropriability problems if theasne process and the same
technology can be perfectly copied by rivals. Yaten in the case that firms
cannot gain excess profits from their IT-enabledcpss innovation, increased
efficiency often leads to growth and higher chamaesurvival in a given mar-
ket, which can also be a strategic objective. @ndther side, if IT is used to
create new product and service offers, the stratelgjective can be to explore
new markets and to differentiate services and dalimnodes from competitors,
which can result in sustainable advantages. Edpetiss last point is often
overlooked in the discussion about the relevandd othough this study dem-
onstrates the empirical relevance of IT as an enaiflproduct and service in-
novations.

However, once the innovative potentials of IT imgel and Internet-based
technologies in particular will be exhausted, fartinvestments will lose their
strategic relevance and IT will become an infradtrte like streets or railways,
just like Nicolas Carr (2003) suggested. Howevegoading to the evidence
presented here, which is based on 2003 data, wstiiriar away from such a
point. Also, the development of new IT applicatidns business purposes is
still thriving. This suggests that IT will maintaits strategic importance, simply
because new IT applications will facilitate furth@ocess and product/service
innovations among the adopters of these new teogies. Yet, the ability of
firms to successfully transfer IT into innovatianstill not a sufficient condition
for superior performance and sustainable competitilvantage because per-
formance also depends on the behavior of custoamet€ompetitors. However,
the results of this study suggest that firms u$ingp innovate are — at the very
least — not less successful than firms using otlags to innovate. Also, innova-
tive firms in our sample are clearly more likely be successful than non-
innovative firms.

Limitations

It should be recalled that appropriability methodsy greatly in their kind
and effectiveness among industries (Levin et 8871@ohen et al. 2000). Thus,
the empirical results of this study with respecptofitability could be sensitive
to the industries included in the sample. Conseityethe result of this study
that process innovation (whether IT-enabled or miut®s not correspond to
higher profitability should not be generalized.

Furthermore, although the data used for this aisaéy® unique and interest-
ing in various ways, they also have shortcomingsvi@usly, it would be desir-
able to have panel data to observe the causalitynofzation on firm perform-
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ance, as well as the effects of past performandeoéimer lagged variables. In
addition, panel data would enable to control foohserved heterogeneity at the
firm level. Also, quantitative instead of qualitagiperformance variables would
be desirable because they contain a greater améumiormation. In addition,
given that the data were collected via computeedilephone interviews with
firm executives and IT managers, one might quedtienprecision of their an-
swers, especially with regard to financial perfoncemeasures. Yet, as long as
the potential imprecision of their answers is ngtasmatically related with the
explanatory variables, the direction of the regossesults will remain unaf-
fected. For most variables, this seems to be asjileuassumption. However,
there is one exception: It could be argued thatptteditability variable in this
dataset is not an objective variable (indicatingethiler a firm has made a posi-
tive profit in the last financial year), but a setfive variable, measuring the
profit of a firm vis-a-vis some aspiration levelthdepends on past perform-
ance. For example, firms that experience growtHdcbave higher aspiration
levels regarding their profits than firms that estpece a decline. Thus, it could
be that some firms that were actually objectivaigfitable did not report it as
such and vice versa, because they were makingereferto their aspiration lev-
els, which are unobservable in the data. If pagwir is positively associated
with current growth and innovative activities, aaldo with higher aspiration
levels for profitability, the results could be béds underestimating the positive
relation between innovative activity and profitayil Thus, if such a bias exists
indeed, the main messages of this study would laéfestied, with the possible
exceptions that a significant positive relationviegn process innovation and
profitability might exist after all.
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8. Summary

This thesis argued that the diffusion of e-busirteshnologies among firms
is part of the ongoing process of technologicalngigaand economic develop-
ment. The adoption of a new e-business technoldmiggms creates opportu-
nities to conduct innovations, either to reduce ¢hets for a given output, to
create a new service, or to deliver products teocosrs in a way that is new to
the enterprise. Depending on how firms utilize teehnologies, the conse-
quences can vary substantially, both at the lefe¢h® individual firm, at the
market level, and at the aggregate level. Thusag argued that at least as im-
portant as the technologies themselves is how firtitige them to change their
business.

Part | of the thesis provided a comprehensive agerof what we currently
know about the diffusion of new technologies amdingns and the conse-
quences of the diffusion process. It was emphadizatithe diffusion of new
technologies among firms is an essential part efdynamics of technological
development and change. An attempt was made tgétite gap between the
management and the economics literature on th@seston various occasions,
with the purpose to identify complementarities bedw the fields and to draw
conclusions for both audiences. E-business techiedowere placed in per-
spective to the existing literature and a set gfdtlyeses were derived that
could be empirically tested in Part Il of the tlsesVhile Part | was taking stock
of the existing theories and empirical findingsrtP& presented original re-
search results providing new theoretical argumants empirical tests of theo-
retical predictions that contribute to the existibgrature in a number of ways.

The new empirical results suggest that Interneéthaechnologies are cur-
rently important enablers of both process and prtigervice innovations.
Chapter 7 shows that innovative firms are morelyike experience turnover
and employment growth than firms that do not intevalso, Chapter 7 pro-
vides evidence that e-business related innovatioasiot inferior to other kinds
of innovations in terms of positive interrelationtiwperformance indicators.
However, in contrast to process innovations, onltydpct/service innovations
exhibit a positive relationship with profitabilityThis indicates difficulties of
firms to appropriate private returns from investtsernto productivity-
enhancing technologies and process innovations.
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The presented evidence also suggests that e-bsidieefsnologies are cur-
rently an important part of technological competitiamong firms: They pre-
sent both opportunities for profitable investmesntsl for strategic advantages,
which can be generated either by increasing maskates due to improved
productivity, or through the exploration of new keiis by means of product
innovation and differentiation. Chapter 7 suggéisé the resource-based view
of the firm, which focuses on firm-internal factanfluencing performance dif-
ferences, can be complemented by the conceptkabéitween IT adoption and
innovation that is proposed in this study: Firmedfie resources such as mana-
gerial skills, know-how, experience, the presenicechnical experts and prior
technological investments may influence the abitityfirms to transfer IT in-
vestments into innovation. If no innovation is g&ged, the investment will be
written off. If the investment is successfully tsérred into an innovation, the
performance outcome will be determined in a magptetess. The payoff ex-
plicitly depends on the type of the innovation thais carried out and the reac-
tion of other agents, such as customers, compettad suppliers. Thus, there is
a strong strategic dimension to the decision tgphdonew technology. In par-
ticular, the timing of the decision is importandamas an influence of the ability
of competitors to copy the innovation and hencehenability of the innovator
to appropriate private rents.

The empirical results also indicate that investménto IT and e-business
technologies are a two-edged sword with respeetriployment dynamics. On
the one hand, there is evidence for a compensafient: Firms that invest into
IT-enabled innovation are more likely to grow, ahdrefore more likely to in-
crease employment. However, there is also evidémca substitution effect
both on the market and within firms: The most adeshfirms in terms of e-
business usage are more likely to decrease empidymkich suggests that la-
bor is partially substituted by e-business techgwldlso, firms that do not in-
novate are more likely to reduce employment, wtdaggests that innovative
firms grow at the expense of their non-innovatiieals. The aggregate em-
ployment effect is yet unknown, but crucially degeron the dynamics of ag-
gregate demand.

The two chapters studying the adoption and difiusad multiple related e-
business technologies revealed important insightsiatechnological change in
general: With the emergence of a new technologieashdigm, firms are often
confronted with the opportunity to invest into numes, related technologies
that belong to that paradigm. The theory and thpiral evidence presented
here suggests that a particular pattern will emeRgevided that the related
technologies do not substitute another in theictiomalities, there can be in-
creasing returns to adoption. In this case, théatiity to adopt is an increas-
ing function of the number of previously adopteelated technologies. Thus,
history matters for the technological developmena dirm. An adoption deci-
sion today affects the expected value of any otblkated technology in the fu-
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ture. Hence, technological development can be \dea® a path dependent
process that exhibits an endogenous acceleratichanesm. Provided that not
all firms start to adopt the new technologies atsame time, a growing diver-
gence in technological endowment among firms @gichl consequence of this
mechanism. This technological divergence in thdygaeriods after the emer-
gence of a new paradigm will continue to grow utité¢ most advanced firms
have exhausted the potentials of the new paradiginstop making progress.
Only then will the follower firms be able to “catelp”, and technological en-

dowments will begin to converge again.

Table 33 summarizes the empirical results of ParTthere was empirical
support for 8 of the 11 developed hypotheses réggtte diffusion and impli-
cations of e-business technologies. One hypotheass rejected, and two hy-
potheses yielded ambiguous results. The strongesirieal support was found
for Hypothesis 10, which suggested that the devedy upon the e-business
trajectory can be subject to an endogenous actieleramechanism. Support
for this was found using two different datasets &g different econometric

approaches.
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Table 33 — Overview of empirical results

Chapter
Hypothesis 52 |53 54 6.2 7.3
1 - Diffusion varies across sectors + +
2 — Sectors with high concentration ratios and
high technological competition are more likely to -
adopt
3 — Large firms are more likely to adopt + +

4 — Firms with medium degree of market powe

. +
are more likely to adopt

5 — Early movers enjoy excess returns ”
6 — Innovators are more likely to grow +
7 — Firms that are advanced in using e-business +
are more likely to reduce employment

8 - Firms that recently used technology to innot +
vate are more likely to increase employment

9 — The probability to adopt e-business technojo- +

gies strictly increases with time

10 — The probability to adopt any e-business
technology increases with the number of previ{ + + + +
ously adopted e-business technologies

11 - Industries with high ICT competence are
more likely to adopt e-business technology

Legend

+ : empirically supported

- : empirically rejected

? . ambiguous empirical results

On the methodical side, a few new empirical methualge been applied in
this study. In Chapter 7, an error component maoddirm performance is in-
troduced that controls for unobserved market sjoeeiffects. Chapter 6 fea-
tured a discrete time hazard rate model that ctntiar unobserved firm-
specific heterogeneity to study the diffusion ofltiple related technologies.
The model avoided the implausible assumption thatirens will eventually
adopt by specifying a flexible piece-wise consthaseline hazard rate. In
Chapter 5, a simultaneous equation model of tecgyohdoption was intro-
duced to distinguish between the direct influencechnologies on another and
exogenous factors that drive adoption decisionsallyi, Classification and Re-
gression Trees (CART) have been introduced to studyvation adoption. The
CART results have a very appealing practical vdbaretechnology providers,
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consultants, and marketers of new products anchtdabies because they en-
able to identify clusters that differ significantiy their probability to adopt.
Provided that the collected data are fairly rectm,identified clusters can help
to optimize marketing and sales strategies. Fomgi@ a technology provider
might decide to focus his marketing activities boge clusters that have been
identified as showing high probability to adopt.sé&J a technology provider
who is already conducting business with a clierghnuse the CART results to
make an “educated guess” about what will be ailtelure investment of the
client. This knowledge could be used to increasedances of getting a fol-
low-up job. In a similar way, CART can generally lied as a market research
instrument for any kind of product, service or tezlogy where recent and pref-
erably large datasets are available.

9. Implications and further research

The theoretical considerations and empirical resoitthis thesis emphasize
the strategic importance of new technologies iregainand IT in particular.

The observation of an endogenous acceleration meshaof technological
development along a given paradigm suggests tht maver advantages can
exist that are sustainable until the early mover dxhausted the possibilities of
the paradigm, and competing followers begin to ltaip (if they still exist
then). In addition, early mover advantages canustagiable even in the long
run if there is free entry and exit in the marlefirms are not ex ante identical,
for example if there are positive returns to scéerning-by-doing effects,
scarce complementary resources to the new techyofogrket reputation ef-
fects, or discount rates that are lower for presfpunore profitable companies.
If first mover rents may not be completely extirghéd by competing followers,
it might be less profitable for late movers to adatpall. Also, some firms might
“pre-emptively” adopt to capture strategic advaaetagven if this would not be
justified on ROI considerations alone.

From the adopters’ perspective, this implies tleihjganies must be aware of
the path-dependency and the strategic role of tdogy investment decisions.
There are two crucial questions that firms needrswer when a new techno-
logical paradigm emerges:

1. Is there an alternative technological trajectavgilable to solve the same
problems or to build up the same strategic resa@rtiealternatives do ex-
ist, then the adoption decision becomes not omdyohlem of optimal tim-



194

ing, but also a choice between alternative teclyictét development paths.
“Betting on the wrong horse” could put the verystence of the firm at
stake. In this case, the timing of the decisionob@es subject to a difficult
trade-off. On the one hand, being an early movethen‘right” trajectory
promises competitive advantages, not least beaasfuagpossible accelera-
tion mechanism. On the other hand, it has somefitene wait and see
which of the trajectories reaches critical mass eamérges as the new in-
dustry standard. However, once this is clear, fhinbe too late for the
firm to capture early mover advantages.

2. If no technological alternatives exist to thevrgaradigm, firms still need
to assess how substantial the technological uriogrta and how probable
rapid technological improvements are in the futieth of these effects
make it more attractive to delay the investmentweler, if technological
uncertainty is limited and no dramatic technolobiogprovements can be
expected for the near future, an early mover siyavéll probably be most
beneficial, especially if an acceleration effeat b& expected.

Arguably, these are tough questions to answer andsing the correct de-
velopment path and the optimal time to invest dearty decisions with far
reaching consequences that require a very prof&modledge of the techno-
logical developments and of the behavior of otharkat players, such as com-
petitors, suppliers, customers, and potential netnaats. Confronted with such
a situation of Knightian uncertainty, firms migrerefit from the knowledge of
industry experts and consultants to choose théir gisaction.

The particular importance of e-business as a tdogiual paradigm arises
from its very general scope of application and fribve fact that its underlying
technology (the Internet) is subject to networleef§ and has already reached
critical mass. The technological problem that abusiness solutions try to
solve is to optimize the exchange of commerciadhgvant information, which
is essential for running and controlling any busserhey do so by providing
specific software solutions that run on non-pragrg computer communica-
tion networks with a universally standardized pecolo(TCP/IP). The “normal
problem solving tools” of e-business technologies applicable in various re-
gions, sectors, firms, and functional areas. Inyrgectors, certain e-business
applications are already the new standard for engihg commercially relevant
information and firms that are not able to keepwith this technological devel-
opment face the risk of losing out to the compamtitie-Business Market
W@tch2004).

Yet, the results of this study also imply that #teategic implications of
technology investments arise less from the teclyiedothemselves than from
the way the technologies are utilized to condunbyration on the side of the
user. Theory suggests that technology-induced iatavs can lead to sustain-
able advantages, but only if not all rivals areeatd perfectly copy the im-
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proved production process or product. In any cegen if firms are not able to
appropriate private excess returns from the tedgysinduced innovation,
conducting the innovation may still have a strategilue because it may help to
defend market shares against competitors who algage in innovations. Thus,
technology-induced innovation may help to incregechances of survival in a
given market.

The presence of an endogenous acceleration meohatss® has some im-
portant implications for the suppliers and markei@f e-business technologies
and ICT in general: Firms that have previously sted into related technolo-
gies are more likely to make additional investments such technologies.
Thus, it should be much easier for technology seppto conduct further busi-
ness with their existing clients or firms that aieeady advanced in using com-
patible technologies than to acquire orders framdithat are less advanced or
on a different technological trajectory. This wilbld until the most advanced
firms have exhausted the potentials of the newnelclgical trajectory and
reach a saturation level. Technology providers ¢@dtively benefit from this
mechanism by systematically studying and undergtgritie purchasing behav-
ior of their customers and the existence of teatgiohl interdependencies.

From an economic point of view, it was pointed that innovation and
technological change may effect various importaetig, such as the develop-
ment of market structure, productivity, growth, amployment dynamics. The
provided empirical evidence implies that IT andusibhess technologies are
currently important enablers of innovative activiiyEurope. Related research
has demonstrated that IT investments in conjunctith complementary in-
vestments into human resources and organizatidraige does have positive
effects on firm-level productivity and growth.

The results of this study also suggest that filnas successfully conduct in-
novations using e-business technologies will grastdr than non-innovating
firms. However, they will probably do so at the erpe of non-innovating
firms, especially considering the currently stagrgatlemand dynamics in many
markets in Europe. This might have consequencethédevelopment of mar-
ket structures. Also, there is evidence that teldgical advanced firms have a
tendency to reduce employment, which suggests @Haisiness technologies
can be used to substitute labor. Hence, a possiigkcation of this finding is
that e-business technologies can be an instruroefitris to rationalize and re-
structure, leading to productivity growth at thggerse of total employment in a
low GDP growth scenario. Also, we may expect thatdiffusion of e-business
technologies will have a skill-biased effect ondalWlemand, favoring well-
educated workers with ICT skills.

The finding that technological development at tinen flevel can be subject
to increasing returns could be transferred to thgregate level. If firms in a
specific country get a head start in adopting tetdgies from a new paradigm,
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this might generate a technology gap vis-a-vis dinm other countries. This

would provide an interesting alternative explamatishy some countries be-
come technological leaders and some followers, patssible consequences for
productivity and per-capita income differences agh@ountries (Barro and

Sala-I-Martin 1997).

From a policy perspective, it is interesting toentitat investments into inno-
vation and new technologies might be subject tdketdrilure, which can result
in either too much or too little investment in taoltogy compared to the social
optimum. However, it is also not clear a-priori alniscenario is likely to occur,
if market failure will occur at all, or what the@al optimum would actually be
in reality. Metcalfe (1995) and Mowery (1995) prd®igood surveys on these
issues. Some empirical studies have also analymeéffect of government in-
tervention in the diffusion process. Evidence sstg¢hat governmental inter-
vention rarely speeds up the diffusion processgowrnment-controlled firms
do not move faster than privately owned compani¢gnfan and McDowell
1984, Oster and Quigley 1977, Rose and Joskow 1990)

Numerous important questions regarding the dynawiidechnology diffu-
sion still remain open and present potential faurke research. For example, a
panel data analysis incorporating technology invest decisionsnd perform-
ance parameters (such as profits or market shaeg)tione would provide valu-
able new insights into the dynamics of market stmgcdevelopment and tech-
nological change. From a policy perspective, mamyartant questions still re-
main open that require further theoretical and eicgdiresearch: Does intense
technological competition lead to higher conceidratatios or monopoly mar-
ket outcomes, and is such a scenario desirable &@ocial welfare perspec-
tive? What is the socially optimal level of investimh into new technology and
what role can policy makers play in reaching thattroum?

Also, the strategic dynamics of new technologyudiibn, as proposed by
stock and order effect models, need a more rigoeoysirical analysis. How do
real decision makers behave in such situationstrategic uncertainty? Fur-
thermore, the role of risk with regards to the gmies of technologies need to
be disentangled from the role of ambiguity and ghecess of information ac-
quisition about the new technology. As theory sstgiehese are different con-
cepts with different impacts on the diffusion pregeAlso, the rapidly emerging
field of behavioral economics provides manifold darice that actual human
behavior in risky and ambiguous situations is veynplex and only badly de-
scribed by the standard assumptions of risk aversioexpected utility theory
(see for example Kahneman and Tversky, 1979; Thaleal., 1997; Fox and
Tversky, 1995; Schade et al., 2002). It has notbgsn analyzed how these
psychological phenomena influence the behavioeaf decision makers in the
specific context of technology investments in firdifius, we do not yet know
how different information conditions and levels wicertainty actually influ-
ence the spread of new technologies among firntkdrreal world where per-
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ceptions and risk attitudes of decision makers dtten Empirical studies with
real world data clearly have limitations to ansterse questions. Instead, labo-
ratory experiments might provide useful new insightcause they allow to
control and to manipulate risk, ambiguity, and infation conditions in explicit
ways. This could be subject to interesting fut@search.
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Appendix 1 — CART

Splitting nodes

A number of methods have been proposed to defimdodist split (Breiman,
1984, chapter 4). Entropy impurity is used for $hedy in Chapter 5.4. The en-
tropy criterion is related to the likelihood furami It tends to look for splits
where as many levels as possible are divided porfec near perfectly. As a
result, entropy puts more emphasis on getting chegacteristics right than e.g.
Gini or Twoing.

Consider the following split, where a, b, ¢, andrd the number of subjects
in the two daughter nodes:

Table 34 — Cross table for two daughter nodes

Predictor Adopter Non-Adopter
Left node s=1 a b a+b
Right node s=0 c d c+d
atc b+d n = a+b+c+d

Following Breiman et. al. (1984, pp. 94-102), tmrepy impurity in the left

daughter node is

o _ . a a )
1 i) = a+blog(a+bj b

2) i(tR)z—Cfdlog[

o)

Likewise, the entropy impurity in the right daughtede is

cj_ d
c+d/ c+d

g
c d

The impurity of the parent node consequently is

@) it) = —a: Clog[ a: Cj

_brd (b

n

)

The goodness of a split, s, is then measured by
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(4) Al =it -P{t3{t) -R i }s -

The goodness of a split is calculated for all ald# predictor variables, and
the best predictor, which is the one with the hggl#§ (s, t), is selected.

This recursive partitioning process continues uh#l tree is saturated in the
sense that the offspring nodes subject to furthasidn cannot be split any fur-
ther (e.g. when there is perfect homogeneity inrtbde). The resulting satu-
rated tree is called, .

Pruning

The purpose of pruning is to find the right-sizedet which should be a
nested sub-tree of,. The right-sized tree should not be subject ta-ditng
and insignificant splits, but detailed enough tbibit a good classification per-
formance. To begin, we need to define a conceptdasure classification per-
formance. Recall that CART predicts the outcome.(@doption or non-
adoption) based on the group membership of a subjethe tree, each subject
falls into exactly one terminal node. We choosdéaascassignment rule that as-
signs a class to every terminal noti@T . In our application, nodeis as-
signed “adopter {Y=1}" if P{Y =1|t} > 0.5 and vice versa. In this simple case,
the expected cost resulting from any subject withitode is given by

G) rt)=1-P( |t),

where P(i|t) is the percentage of correctly classified subjgctsnode.

Note that r(t) becomes smaller for any additiorit.sThe formal proof is
given by Breiman et. al. (1984, p. 95-96). Thug,ig(minimal for the saturated
tree.

The classification performance of the entire tegiven by the quality of its
terminal nodes

6) RT) = PHr(Y) .

where R(T)is the misclassification cost of all terminal nodeshe tree, T
the set of terminal nodes, ari®{(t) the probability of a subject to fall into the
terminal node t.
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We are now ready to turn to the main idea of costyaexity pruning (Bre-
irpan et. al., 1984, pp. 66-71): For any subtreeT , define its complexity as
T|, the number of terminal nodes in T. Le@(= 0) be a real number called the
complexity parameter and define the cost compleitjhe entire tree as

(7) R,(T)= RT)+ am :

For any value ofx(= 0), there is a unique smallest subtreeTpfthat mini-
mizes R, (T) . The formal proof is in Breiman et. al. (1985, ptea 10). Thus,
by gradually increasingt , a sequence of nested essential subtreds chn be
constructed by pruning off the weakest branche=aah threshold level odi .
Note thatT, minimizesR (T) if a=0. If a becomes large enough, the root
node becomes the optimal solution.

Selection of the best pruned tree using cross-vahtion

The classification performanc(T) as specified in (6) is obviously biased
and results in severe over-fitting. To select thstlpruned tree, we need a more
honest estimate of the true misclassification aafsthe tree. Using cross-
validation (Breiman et. al., 1984, pp. 75-78), vetireate R(T) by growing a
series of V auxiliary trees together with the maie grown on the learning
sample A . The V auxiliary trees are grown on randomly dédd same sized
subsets, A, v=1,..,V, with the v-th learning sample beily" =A-A, so
that A contains the fractiofV —1)/V of the total data cases. For each v, the
trees and their pruning sequence are constructdautiever seeing the cases
in A, . Thus, they can serve as an independent test edarghe treeT™ (a) .
The idea now is that for V largd,"’ (a) should have about the same classifi-
cation accuracy a3 (a) . If unit misclassification costs are used, anausriare
data estimated as in Chapter 5.4, the estimatedlasgfication costsR(T)
equal the proportion of misclassified test set sasdhe V auxiliary trees. The
best pruned tree is the one with the smalRET).

Significance of splits

Finally, the significance of each individual sgtit the selected tree can be
tested following Sheskin (2000; section 16.6): Haba notation from table 8.
The resubstitution risk is defined as

_a
(8) r=athb.
C

c+d



The calculation of the confidence interval of ruiggs to compute the stan-
dard error of the two daughter nodes, which is g

fl 1 1 1
9 SE = 5+—b+z+a.

Since the sampling distribution of the resubstitatiisk is positively skewed,
a logarithmic scale transformation is employedaomputing the confidence in-
terval (Christensen, 1990; Pagano and Gauvrea3)19%e o -confidence
level is obtained by

(10) {e[ln(r)—SE- ;,]’ éln( 0+ SE ;]} ,

where z, is the tabled two-tailed z value for th{g&—a) confidence level.
For the 95% confidence level, the relevant .05 @aduz ,, =1.96. This test is
computed for all splits in the tree that was selédtom the pruning sequence
after the cross-validation procedure.
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Appendix 2 — Additional CART results

Figure 12 — CART for SCM
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Figure 13 — CART for sharing documents online (Sharedoc)
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Figure 14 — CART for CMS

14.4%
-
Website
0% 19.0%
11059 no 2092 yes
701
4
CRM
15.6% ) 39.8%
2469737 no 315 yes
208
3
HRM
32.0% 50.5%
206 109
97 111

2




Figure 15 — CART for ERP
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Figure 16 — CART for KMS
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Figure 17 — CART for HRM
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Figure 18 — CART for online purchasing (Purch)
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Figure 19 — CART for Design
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