L ooking Beyond the Firm-specific Deter minants of New Technology
Diffusion: An Analysis of Advanced M anufacturing Technology Adoption
in Indian Automotive I ndustry*

Mamata Parhi

1. INTRODUCTION

The dynamics of world manufacturing have changeainatically over the recent years
primarily due to the development and diffusion efwtechnologiesand the integratedness
of world economies spurred by globalization. While former has permeated vast effects
on organizations (viz., changing the ways orgammnatfunction and interact with others),
the latter has largely imbued the nature of indaisactivities by changing the structure and
geographic distribution of world industrial prodwact These two forces, often
interactively, are affecting the manufacturing istly in more than one way. While
competition has become more intense than ever dyeforis waged over not only price
factors but also a number of non-price attributé® (quality, speed and flexibility etc.,)
and evolving customer preferences alongside. Thelviey market conditions and
customer requirements are acting upon the firnmgdopt them to be increasingly flexible
and responsive. Under these conditions, the adopfimew technologies such as advanced
manufacturing techniqué$AMTSs), due to their enormous implications on protiorf’, is
critical to the manufacturing firms world wide, botore so for the developing country
firms who are facing fierce challenges from thedweloped counterparts in this globalized
world order. Diffusior of new technologies like AMTs, though critical five firms, is not
ubiquitous in developing countries who have sevedals stacked against them in the form
of poor infrastructure, weak development base dhdrostructural bottlenecks. Arguably,
the characteristics of their industry structuregamisation and the health of the economy
interact in a complex way in determining the firew¢l adoption of new technologies.

! This paper is a part of my Ph.D dissertation, Wwhiéms at modelling the diffusion of AMTs in Indian
Automotive Industry. An earlier version of it waslgished as UNU-MERIT discussion paper. | sincerely
thank Bart Verspagen and Pierre Mohnen for progdieveral useful comments and insights during the
preparation of this paper. The financial suppodnfrWOTRO (NWO), The Netherlands is gratefully
acknowledged. The scientific responsibility is heeeassumed by the author.

% They refer primarily to information and communioas technologies (ICT) and a host of other ICT-
enabled technologies after the micro-electronigsitgion in the 1970’s.

% Advanced manufacturing techniques, also broadliedas ‘flexible automation techniques’, referath
kinds of microelectronics-based technologies thaabée the application of computers in production
environments (e.g., NC/CNC machine tools, compatded design/manufacturing, flexible manufacturing
systems etc. AMTs are regarded as the technolagfiesighest economic significance in modern day
manufacturing.

* The use of AMTs reportedly result in significamprovements in inventory levels, quality, and itstc
space requirements, lead and cycle times, scrapyiaitirates, and a number of other measures (Ntered
1987).

® The terms ‘diffusion’ and ‘adoption’ are used iuteangeably in our text as from a micro (firm) merstive
both refer to the same thing.



Taking note of these idiosyncrasies of a develogiognomy like Indi3 in this paper we
intend to investigate the adoption pattern of AMif&l the factors affecting the mechanics
of their diffusion.

The process of diffusion of (new) technologies Ihegn a widely debated area with
scholars from different disciplines trying to arsdythe process from their respective angles
in order to map out a clear understanding of théetging dynamism. Several theories
have been put forward to interpret patterns of meghnology adoption and a series of
empirical studies have followed to operationalinel aneasure the importance as well as
the direction of these theoretical straddsnderstandably, far from being linear and
atomistic, diffusion process involves a complexectitat characterises artful coordination
among socio-economic agents faced with ever neWectiges in evolving market set-up.
This recognition, originating mainly from the sysiie perspective of innovation, puts
interaction among firms and their specificities ceming the patterns of interaction in the
system as the core of innovation. From a microcograrspective, diffusion is nothing but
an innovation process as it involves a complex doatlon of innovation and adaptation.
Taking this broader perspective of diffusion, the @f the paper is to understand and
explain the causations underlying the processfaision. The specific aim of this paper is
to address the possible set of factors determiashgption of new technologies such as
Advanced Manufacturing Techniques (AMTS) in theidmdautomotive industry (more
specifically, the component segment). Building athbthe early ‘epidemic’ and the later
‘equilibrium’ theories of adoption, our analysis purported to provide an empirical
exploration of determinants of adoption that takes account the influence of structural,
(i.e., firm-specific), and socio-economic factorstbe process of adoption and to examine
the effects of the various explanatory variablesadoption pattern.

The empirical analysis is based on firm-level datathe Indian auto component industry
obtained from both primary and secondary souraesohgruence with the recent studies
of technology adoption in the literature (e.g., #@nas and Stoneman, 1995; Arvanitis and
Hollenstein, 2001, etc.,), the general frameworkoaf analysis is specified where we
distinguish a series of explanatory variables. Ppaper is set up as follows. Section 2
provides a brief background of the Indian auton®industry describing its development
and current scenario. The next section (Sectiorir&)es the theoretical roots of the
diffusion literature followed by a discussion ottldeterminants of adoption in section 3.
Section 4 outlines the empirical framework of ouralgsis, where we introduce the
empirical model and the variables and describentitere and sources of data. Following
this, Section 5 presents and discusses the enlpigsalts. Section 6 summarises the
overall findings.

® The manufacturing firms in developing countrideelindia are trapped in the snare of ‘demand fstefa
development, competitiveness and facing both teeligisophisticated and not-so-advanced
domestic/foreign customers’.

" Since the seminal contributions of Griliches (19aRd Mansfield (1961), the study of the causes, an
consequences of new technology adoption has drammmus interests from economists. See Stoneman
(1983); Metcalfe (1988); Rogers (1995) for survef/terature on diffusion.



2. A SNAPSHOT OF INDIAN AUTOMOTIVE INDUSTRY

The automotive industry plays a pivotal role in iisl economy, both by directly
contributing a major share to the GDP, and indiydmtit noticeably, by stimulating growth

in other core sectors of the econofnipdia has also an extensive and rapidly expanding
automotive components industryvhich is widely perceived to be the next industdter
software to becoming globally competitive. Theikaklity of highly skilled and educated
workforce (primarily English-speaking managers)v4oost manufacturing base and the
partnering linkages with global supply chain arensoof the advantages that lend the
Indian component industry an edge over many otbeeldping countries.

The industry, which had started production in alkmay in as early as 1940s was not in
harmony with the global industry due to low volunaasl high protective policies of the
government till very recent period. The industns ltmossed many milestones since. But
the biggest, rather paradigmatic change in thectstre came about with the establishment
of Maruti Udyog Limited (MUL), a joint venture beaégn Government of India and Suzuki
Motors Corporation of Japan in the early 1980s. @t@omic reforms that followed in the
eighties and nineties paved the way for greateghteiof success for the industry. The
industry has thus been exposed to the Japanes®tegi and product standards since the
advent of MUL and later in time, to the advancezht®logies of many of the international
automotive firms such as — Ford, Hyundai, Daewoendsal Motors, Peugeot, and Toyota
etc. At present, the auto component industry manufas the entire range of parts required
by the domestic automobile industry. Most composi@atjuired by the Indian automobile
industry are manufactured locally. Import depenéescvery low and is restricted to items
requiring special steels and materials or precisiogineering.

Within the last decades the industry metamorphastm a relatively high-growth and
dynamic one following the buoyant rise of the auntire industry*® The strong growth in
volumes of vehicles produced and the entry of dlabéo manufacturers and in some case,
their parts suppliers into India impinged on thenayics of the components industry in
various ways. Several trends are notable.

First, there has been a rapid spurt of productiovestment and exports (see Figure 1).
Between 1996-97 and 2004-2005 auto-component ptiotucose annually by about 18
percent while investment increased at an annualafat5 percent. During the span of nine-
years, exports in the auto-components sector aése gharply, at an average annual rate of
42 percent in the mid-to late 1990s, rising abotitries from a modest value of US$ 291
millions in 1996-97 to about US$ 1400 million in@B5. Going by the current trend, the

8 This industry contributes about four percent ® lidian GDP (Source: www.ibef.org).

® The industry structure is primarily composed ofaaganized sector (which contributes about 80 pérokn
the total industry output) and a vast unorganizsztas comprising of more than 5000 firms. The oizgeh
sector which has about 425 firms serving more #tabig vehicle manufacturers is highly consolidadéthe

top with nearly 50 leading companies accountingafanajor share of output.

19 The output (in the passenger car segment of tthestry) tripled in the past decade, rising by mibr@n
200% in nine years from a total production of 20D,@ars in 1993-94 to 606,088 cars sold in 200Zfbi.
industry is currently producing about 8.4 millioehicles out of which, the passenger car segment now
constitutes about 15% of the total production (bdhivo-wheelers which have a massive 77% of theketar
share (“ Indian Automotive Industry: Current S&{2005-2006 at http://acmainfo.com).



auto component industry is observed to export ntlba@ 15 percent of its output every
year (ACMA, 2005)

Second, the direction of exports from India showsemarkable change after the
liberalization (see Figure 2). For instance, whikefore 1993, bulk of auto component
exports were targeted to the non-OECD countriegesi994 OECD countries account for
the largest share of India’s components exportsThis clearly hints at the improving
competitiveness of the component suppliers.

Third, the endowment of potential low-cost manuiacty along with high engineering
skills workforce has attracted a large inflow ofreign direct investment into the
automotive and components sector. This was prignatie to the ‘follow sourcing’
strategies of the global manufacturers presentnisial who encouraged their group
companies or suppliers to create manufacturing basedia, often in the form of joint
ventures with Indian suppliet8. The entry of global OEMs and demand for high
guality/technology components encouraged Indian aatponent companies to enter into
several foreign collaborations. At present, thexe @ver 450 collaborations with foreign
partners from around the world out of which 60 patcare technical collaborations
(ACMA, 2003). With the growing pace of economicaens, collaborations are on the rise,
which promises a better prospect as more foreignsfiare showing exceeding interest in
the investment in Indian automotive secftor.

Fourth, linked to the previous, the improved gyatit the component suppliers is reflected
in increasing number of quality certifications ab&d by component manufacturers. Most
impressively, 81% of the small and medium firm doated membership of the

Automotive Component Manufacturers Association thesISO 9000 certification, nearly

half have the QS 9000 certification and a growingnber (10%) have the ISO 14000
certification (Tewari, 2003).

Fifth, a gradual tieraisation of the industry feliag the global trend is marked. This has
given rise to assemblers consolidating their sepplin order to make their production
process leaner. By the end of the decade of lizatain, the two major auto assemblers in
India (MUL and TELCG? had streamlined most of their first-tier suppitr Moreover,

1 Currently, of the total auto component exportsyefteped markets such as the US and Europe together
account for about 56 percent, Asia accounts fop@tent and Africa accounts for 11 percent of thgogt
earnings (ACMA, 2004).

2 However, this particular trend has also raiseccenmas many studies have documented how such&DI ¢
progressively undermine and marginalize the abiitydomestic suppliers to penetrate increasingbset

and tight global supply networks of the multinatits that are locating in their regions (Barnes and
Kaplinsky, 2000; Humphrey, 2000).

13 The attractiveness of Indian industry has seenesomajor foreign investments in the industry regentl
Toyota has set up a gear box plant near Bangalbrehwvill supply manual transmission gear-boxe#go
world-wide markets having annual production capaoft 160,000 units. Hyundai has built its plant lwé

total investment of $1bn in Chennai. The Hyundainplhas a capacity to make 250,000 cars and 350,000
engine transmission units per annum from whereagg heen exporting engines and transmissions to its
operations in Korea and Turkey. Fiat's India openaits working towards becoming a global sourcing for
components with already exporting components toperations in South Africa (Source: www.ibef.org)

14 Tata Engineering and Locomotive Company (TELCQhéslargest indigenous conglomerate in the Indian
automotive industry. Known widely as Tata Motorse tcompany produces a wide range of Commercial
Vehicles, Passenger Cars and Multi-Utility Vehicles



the increasing trend of sourcing many integratexmblies rather than components which
put the large and competent component suppliers texhe assemblers while the
technologically weaker firms were relegated to lowengs of the value chain.

Thus a clear hierarchical structure started emgrgirthe industry with more pressure on
the lower-tier firms to climb up the value chairraigh technological upgrading. The
expansion of car manufacturing in turn encouraded development of the automobile
component firms and emphasized localization of camepts and other input materials,
through collaborative efforts with vendors for tthevelopment of automobile components.
In a nutshell, progress of Indian automotive antb atomponent industry provides a
positive example of globalization. However, theustty’s growth and dynamism critically
rests on auto component suppliers being able tdyoe customized components for the
‘increasingly FDI-dominated’ (except TELCO) autsemiblers or adapting those produced
by global suppliers. And raising the quality stamgida improved process capabilities, and
operational excellence remain the key to this. Tikimg exports while has given Indian
companies increasing stakes in the global sourenthe same time they became aware of
their technological capabilities in the “global usdry” (Okada, 2004). The stiff
competition thus forced the firms to upgrade tlygiality in order to sustain competition
and improve their standing in the international addmestic market. Therefore
technological upgradation in terms of adoption efvrtechnologies like AMTs needs to
complement the process so as to put the induspgrawvith the world leaders.

3. THEORETICAL BACKGROUND

3.1 Revisiting Diffusion Literature

The diffusion of a new technology is known to bgradual, dynamic process. In fact, new
technologies are not adopted masseRather, adoption usually begins with a few early
adopters, followed by a more rapid period of adoptwith the rate of adoption saturating
once most potential users have adopted the teajyolthe resulting path of diffusion is
therefore characterized by an S-shaped curve. ates theory of diffusion is traced to
the ‘epidemic’ model professed in the seminal wofkGriliches (1957) and Mansfield
(1968, 1989). Generally called as the ‘disequilibri approach, the idea underlying this
theory is that adoption of a new technology critjcadepends on the information
asymmetrie¥. In the initial phases the adoption rate is slaw tb the lack of information.
As information spreads, the rate of adoption spegdsver time leading eventually to a
phase where all the potential users adopt the tdapy. Evidently, incomplete information
gives rise to the delay in adoption. Using the agnalof a contagious disease to describe
the process of adoption — the more people “inféctsdthe technology, the more likely

15 For instance, studies note that MUL consolidatediipplier base from 404 to about 300 first-tigysiers

in a period of just two years in late nineties whilELCO followed the suit by reducing the number of
suppliers from 1200 to about 500 in 1997 (Okad@420

'8 This approach is called as the disequilibrium apph as in this line of argument diffusion is urstieod to

be a self-propagating adjustment process to a fewd point; the process of adjustment being dribgn
uncertainty reduction due to information spreadis@ result of usage.



that others will also be “infected”, economistseoftdescribe the process of diffusion as an
epidemic.

The recent theoretical fervour (as in Stoneman,61%&arshenas and Stoneman, 1993;
Sarkar, 1998), widely known as the ‘equilibrium’ deb of adoptioh’ establishes that the

diffusion path is generated in which, the timing adoption is entirely explained by

objective changes in the profitability of using ewntechnology. Dearth of information

does not constrain diffusion, and contagion effearts ruled out a priori as sources of
information and influence upon adopter perceptiofisus, in contrast to the epidemic
models where information drives the process olditin, the equilibrium models are based
on the assumption that there is no information asgtny and potential adopters behave
optimally in the sense that at any point in timest who find the adoption profitable to

them atl:guire the technology. For this reason thes#els are also called decision-theoretic
models.

The equilibrium models have been classified as ,ratéck and order effects models
(Karshenas and Stoneman, 19893The rank effect derives from probit models (Davies,
1979; Ireland and Stoneman, 1985) — potential aale@re ranked by their gross benefits,
and those with the greatest benefits go first. Hasé models potential adopters of a
technology have different inherent characteriséind consequently obtain different gross
returns from its use. These different charactessgenerate differences in adoption among
firms. Stockandorder effects relate to the cumulative number of adopt®ath deal with
strategic interactions — those who adopt faster fass competition and receive first mover
advantages. As a result, early adopters gain greatebenefits than later adopters. The
essence of stock effects models (Reinganum, 19818&0; Quirmback, 1986) is that
benefits to the marginal adopter from the use of tezhnology decreases as the number of
adopters increases. Acquisition of newer technekdiy firms leads to a fall in the
production costs, which in turn leads to a recamfigon of the industry output, thereby
affecting the profitability of further adoption. A&rshenas and Stoneman (1993) and Kerr
and Newell (2003) show that the percentage of fialready adopting the technology
negatively affects the probability of adoption, wthithey attribute to these first-mover
advantages. In the order effects models (Irelandl &toneman, 1985; Fudenberg and
Tirole, 1985), the return to a firm that adoptseavriechnology depends upon its position in
the order of adoption implying that higher ordeopiihg firms receive a greater return
than lower order adopters.

In a way the three different variants of the edpuilim approach are similar to each other.
For instance, the stock model is essentially timesas the rank models as the ‘threshold’

¥ The underlying ground of these models is thamgt@oint in time the adoption extends only to theénp
where it is profitable (or most profitable) to atltipe technology, thereby ensuring equilibrium atrepoint

on the diffusion path.

18 The underlying ground of these models is thatngt @oint in time the adoption extends only to thunp
where it is profitable (or most profitable) to atltipe technology, thereby ensuring equilibrium atrepoint

on the diffusion path.

19 As illustrated by Karshenas and Stonemen (19995Y1.%nd Baptista (2000) it is possible to subsume
alternative theories of diffusion into one encongiag model. The specification of an encompassingeho
then enables one to test empirically which (if any)the epidemic, rank, stock, and order effectsypl
significant role in the diffusion process.



in the latter becomes endogenous in case of tmeeio(being dependent on the number of
adopters itself). Again the order effects modeéssmmewhat similar to the rank models of
adoption as in both sets of models the gross retiora firm adopting new technologies

depends on the position of the firm. However, stadie.g., Baptista 2000) notes that the
results of stock and order effects will be oppositethe probability of adoption. The stock

effect focuses on the equilibrium number of adapserd the subsequent lower profitability

of adoption, whilst order effects stress on thacgrdtion of future adoptions. Hence, the

stock effect has a negative impact on the proliglmfiadoption, and the order effect has a
positive impact.

The existing empirical literature on technologyfusion closely follows the theoretical
developments in the field. Thus while the earliasrks relied mostly on the epidemic
learning models (e.g., Mansfield, 1963, 1968 dt®, later works were more in the line of
equilibrium models (Davies, 1979). Stoneman (19&i)structed a more explicit decision-
theoretic model to analyse the process of diffusidme more recent studies are based on
advances in the theoretical modeling that takes adcount the rank, stock and order
effects in addition to the epidemic learning fraroekv(e.g., Karshenas and Stoneman,
1995).

Taking the lead from these recent advances in-firtardiffusion modeling, in this paper
we combine the features of both types of frameworkrder to investigate the adoption
process of advanced manufacturing techniques ininbden auto component industry.
Recent work on diffusion use duration models to oo features of both of epidemic and
equilibrium frameworks (e.g. Kerr and Newell, 2003nyder et al., 2003). Our
investigation does not refer to duration modelsechnology adoption, as we do not have
information on the adoption dates. Instead, our ehasl tested on data relating to the
adoption of AMTs at a given point in tifffe Therefore, our empirical model explains the
probability of adoption of AMTs as a function of nables, which reflect firm
characteristics and information effects brought loyitepidemic and other effects. Due to
the cross sectional nature of our data and thenabsef a time domain, we cannot use the
number of adopters at any time and its variatioer avme to proxy for the stock and order
effects. However, it may be pointed out that staokl order effects can be understood in
the rank effects tradition as an endogenous phenomé¢dependent on the number of
adopters) and hence we could also reflect on tirese our model’s primary emphasis on
rank effects.

3.2 Principal Deter minants of Adoption

As discussed above, diffusion is driven mainly I tchanges in the gross (or net
profitability). Much of the intuition on technologydoption logically extends to the AMTSs.
A firm which plans to adopt a certain AMT first dwates the relative benefits and costs of
adoption and accordingly makes the decision toeeithdopt or not. Several factors
influence the firms’ evaluation of the returns frahe technology. The characteristics of
the firm, its internal resources to effectively ilemment the technology, its position in the
market and so on are the crucial factors whichngo ihe firms’ evaluation of the returns

% The data for the present analysis pertains ty¢ae 2002-2003.



from the use of the technology. Similarly, a firnlisks with external information sources
greatly enhances its knowledge pool as well aghitty to evaluate the technology by
learning from others’ experience. These varied didctcan be grouped into several
homogeneous categories. For the sake of convenveaggoup the potential factors which
influence (positively or negatively) a firm’s deicis to adopt AMTs under the following

headings:

() Internal resour ces and absor ptive capability of the firm

Economics of innovation emphasises differencesrinsf technological and organisational
resources and competencies as the crux of differanénnovation abilities of the firms
(e.g., Freeman, 1988). In the literature, firm $izas been traditionally regarded as a crude
measure for the extent to which a firm may be sailde resource-rich. The importance of
firm size upon the innovation effort and its suscésr a firm has a long history and
classical flavour to it (Schumpeter, 1942). It iguwed that large firms have multiple
production sites and a larger base of experientte wairious technologies that can help the
adoption of new process technologies. Moreoveafdished large firms have an advantage
in the capital markets and therefore can marshedtgr resources quickly than smaller
firms in adopting and implementing a new technologlerefore, firm size can act as a
major determinant of adoption. In most of the stgdin adoption behaviour firm size often
stands for many firm-specific effects (financiatoarces, range of activities, etc.) and /or
functions as a proxy for other variables on the ehadhen it is strongly correlated with
them (size-dependent models).

Another related variable, firm age has also beesitgd to be an important factor
determining the decision to adopt new technologit®wever, like other earlier studies
have mentioned, the impact of firm age on adopigodifficult to predict a-priori because
of the presence of two opposing effects (e.g.,tpasimpact reflecting specific experience
of old firms vs. a negative effect due to lowenmtinent costs in relatively new firms with
a more modern capital stock besides the more ogsnok managers of newer firms
towards new technologies).

The firm’s ability to absorb knowledge from extersaurces and use it in its innovative
activities have been long associated with firm'sowvativeness in general and technology
adoption in particular (see Cohen and Levintha8%t Baldwin and Rafiguzzaman, 1998).
A skilled and educated work force enhances therphsge capability of a firm (Cohen and
Levinthal, 1989). This is because the endowmetiuohan and knowledge capital within a
firm determines the firm’s overall ability to assegechnological opportunities in (or
around) its fields of activity. The endowment ofnian capital can be proxied by the
percentage of technical and managerial staff amibreg employees. The higher the
proportion of trained technical/ managerial emp&sjethe greater is their ability to absorb
the knowledge around them within and outside thmen.fi Therefore this variable is
expected to be positively related to adoption. Aeotcrucial dimension of absorptive
capacity is R&D. Investment in R&D directly contuiles to the absorptive capability of the
firm, which increases the likelihood of adoptionagolvanced process technologies.

(i) Demand and market conditions



A potential factor that can affect the innovatiadbption behaviour of the firms is related
to the (product) market conditions under whichfihas are operating. The Schumpeterian
tradition of innovation asserts the positive effeat market concentration on innovation of
firms. In the game theoretic literature, the contpet pressure in the face of the firms has
long been recognised as an important motivatomabvation. Market concentration is
generally taken as a structural variable to reflbetcompetitive pressure prevailing in the
industry. It is shown that on the one hand, contipetpressure might accelerate adoption
(as marginal benefits are higher for an early aglppwhile on the other, this may result in
each firm capturing less of the post adoption magkel so may not encourage adoption
(Reinganum, 1981a,b). Another line of thought melwith Kamien and Schwartz (1970)
goes argues that a greater competitive pressurktmegult in higher demand elasticities
(due to availability of close substitutes in the rked) and therefore drive firms to
innovative activity or faster adoption of new teoluogies (see e.g., Majumdar and
Venkataraman, 1993). The possibility of a nonlinéar inverted-U shape) relationship
between market structure (competition) and innavativas also hinted at by Scherer
(1967), who showed a positive relationship betweatenting activity and firm size in the
cross section, but interestingly, a diminishing aopat larger sizes when allowing for
nonlinearities.

The net effect of market concentration on adopkiaa thus been quite ambiguous as it is
hard to resolve theoretically whether positive eéfemarket concentration in the tradition

of Schumpeter outweighs the negative effects & d@mpetition (Reinganum, 1981a,b,c;

Arvanitis and Hollenstein, 2001). Therefore we dgedict any sign for this variable and

leave this to the empirical verification.

(iii) Perceived benefits (incentives) of adoption

A third group of variables relates to a set of @ptted benefits (perceived by the firms)
from adopting the AMTSs. In fact, much of the ecomointuition on technology adoption
follows from the argument of Mansfield (1968, 198Bat firms adopt new technologies
based on their expected profits from adoptionThe programmable automation
technologies like AMTs are characteristically flelei which makes them suitable to
produce at a range of output levels. Moreover,use of AMTs may lead to increase in
product quality or better conditions for productvel®epment (Arvanitis and Hollenstein
2001) in addition to increasing the flexibility tife production process. In addition, it has
been argued that the use of these technologiedaadyto reduction in costs. For example,
the new technology may save some specific labails $kat are unavailable or are hard to
acquire by the firm; it may reduce capital requiests through say, reduction of
inventories, increased utilisation of the equiprsegiic. The advantages of using AMTS,
may, thus broadly include higher flexibility, imp@ment in product quality, and savings
of cost from input use, general cost reduction, etc

A number of earlier researchers (Carlsson, 1988rePand Sabel, 1984 etc.) have
patronised AMTs as being well suited to meet hegthnhical-flexibility requirements of the
firms, especially those specialising in manufactyia diverse array of parts or products in

2 For example, Mansfield (1989) explains the diffwsiof industrial robots on the basis of differenaes
firms’ estimates of their own profitability of adibgn.



small batches. Because AMTs can be reprogrammeddchn change in product, a firm
producing such products will have a greater propeits adopt the technology as it lowers
the switching costs of products. Hence firms witjhhlexibility requirements should have
a greater likelihood of adoption. In previous reshaon new technologies such as
programmable automation, firms have reported teductions in direct labour costs or
increased productivity are the major gains frompaithg this process innovation (Kelley
and Brooks, 1991).

(iv) Linkages to external sources

By external linkages we refer to the firms’ linkttviother firms (suppliers, customers,
competitors), institutions (universities, researdhstitutes, financial institutions,
government regulators etc). This can be undersinoithe form of co-operation of the
firms. As argued in the systemic notion of innowafithe innovation process is highly
interactive- and a greater cooperation among fantamong firms and other institutions generates
synergies, which furthers innovation.

There are multiple external resources by whichriam ftan acquire knowledge, or to be
more specific, information about a new technologyg &'’s utility to the firm’s operations.
Written sources of communication viz., publicatioasd other communications from
machinery suppliers and their distributors contitan important external source of
learning about AMTs. Nevertheless, by itself, #irsd of linkages with knowledge sources
does not seem to be a sufficiently reliable medneftnencing AMT adoption. Therefore
we don’t expect to find any substantial differemeeong AMT adopters and non-adopters
with respect to their reliance on such written sear of communication. Knowledge
exchange in the form of informal interchange ofornfiation through conversations with
production managers and engineers of other firmsbeaan important factor. This type of
knowledge exchange is recognised a s a sort oiviohehlized form of learning”. In line
with earlier studies (Kelley and Brooks, 1991; ®toan, 1980), we do expect to find a
positive effect of this form of knowledge excharggethe likelihood of adoption of AMTSs.
Trade fairs and other organised activities of thens where they are exposed to the
operational details of the various technologiesvioi® a great source of leaning for the
firms. These forums provide avenue for managedsesugineers from firms to interact and
learn about the new technologies. We would theeeéxpect that firms with such linkages
have a higher propensity to adopt AMTSs.

In light of the various determinants listed aboWe next section formalises the empirical
framework of our study.

4. EMPIRICAL FRAMEWORK

4.1 Methodology

In the econometric literature, discrete choice nmdee frequently employed to analyse
adoption behaviour. Three specific models of irgene this context have been: the linear
probability model (LPM), the logistic function (ldy and the normal density function

(probit) models. Linear probability models have esaV inherent problems, the most

1C



important being its very formulatidi. Logit and probit models, being an improvement
over the LPM are therefore appropriately used & dhalysis of adoption process in the
empirical analyses. There is no real reason tepiaie to the other as both logit and probit
models produce identical results with small samplég models are similar except that the
logit is based on logistic distribution while fdvet probit, the distribution function is normal
(the tails of the distribution are less fat). Thesedels involve dichotomous dependent
variable whose probabilities, conditional upon exgitory variables are modelled. When
dependent variables are polychotomous and can Heremt into mutually exclusive
categories, ordered logit/probit models are used.

For the empirical verification of determinants dibation, in this paper, we have estimated
both logit and ordered logit modéfs.The decision to adopt or not to adopt a new
technology can be statistically modelled by logignession, where the dependent variable
is a binary choice variable (i.e., 0 and 1 accruiegpectively to ‘not to adopt’ and ‘to
adopt’) and explanatory variables may be continwmusinary in nature. Since there can be
two choices, viz., decision to adopt or not adepeén a simple logit model is relevant.
However, in case the dependent variable is appmechby a set of choices, then an
ordered logit model is useful. A brief expositiditie models is presented beféw

(i) Binary Logit Model

Recall that a binary regression with (0,1) chogespresented as

y, = BX, +¢ .. (1)

where y; is a latent variable ang'is the coefficient of explanatory variables,. The
latent variabley; is not directly observable, what is observabla dummy variabley,
i.e., whether a firm adopts (i.ey, = ) @r does not adopt (i.ey; = )@ new technology.
The probability of adoption is given bg(y, =1) = G(8X, , WwhereG(£X,) is the logistic

function, which is the cumulative distribution fulmm (CDF) for a standard logistic
random variable:

G(BX,) = expifX) 1

T1vexpBX,) O 1+expCAX) @)

Since the probability of adoption, i.ep(y, =1) =G(8'X; , the probability of non-
adoption is given byp(y, =0) =[1- p(y, =1)] =1-G(L'X,). The ratio of the two
probabilities (of adoption and non-adoption) idexhlas the ‘odds ratio’, represented by:

2 See Maddala (1988; pp. 268-270) for an illustratibthe problems associated with these models.

% We have used logit model asmputational procedures are rather easier incésg. Moreover, the coefficients in
the logit model have an immediate interpretationlogit specification allows us to analyse in moetad the
impact of each variable on adoption probabilitis;ig odds-ratio estimates, compared with a stanplaoioiit
specification.

24 Detailed descriptions of the properties of theselafs can be found in standard econometric textbdelg., Greene,
1999).
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p _ G(BX)
1-p 1-G(BX,)

.. (3
__[expBX) I+ expBX N _ o o ©
1-[exp(BX;) /(1 +exp(BX;))] |
In logarithmic terms, the odds ratio is given as
In—P =In(expBX.)) = BX. .o (4)

1-p

This is a standard logistic model, where binaryedwjent variable’s behaviour is captured
by the log-odds ratio.

The logit model, being non-linear in nature, is gratly estimated by maximum likelihood
(ML) method. The coefficients of the logit modehadogously to the ordinary regression
coefficient, define the parameter estimates. Tlesfficients signify that a unit increase in
the independent variableX() producesf change in the log odds of the dependent
variable (the natural log of the probability that = divided by the probability
thaty, = 0). Positive sign for the coefficients indicate thiaé log of the odds ratio of

adoption of AMTs increases as the value of thepedéent variable rises and vice versa.
Because the logit coefficients are in ‘log-oddsitsinthey are often difficult to interpret.
Therefore they are usually converted into ‘oddsogatfor a more intuitive explanation.
Since [p/(l— p)] =exp(B'X,), exp(B) is the effect of the independent variables on the

‘odds ratio’.
Ordered Logit Model

In the ordered logit model, like the simple logibdel, y; is a latent variable and is not
directly observable, whilgy, , is observable and is now a categorical varigbbe.example,

as in our case adoption of AMT can be defined asitttensity of adoption” which can fall
into an ordinal category (i.e., different intersitiof technology adoption, sequentially
ordered from low to high). The expected model igttaround the latent model (in Eq.1),

where the latent dependent variabIQ/ii*sis related to the observegin the following way:
y, =0, if y, <0 )

y, =L if 0y <g
y, =2 if /JlSYi*<,U2 > .. (5)
y, =], if :uj—1<yi*1 J
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where, j is the number of categories afck 1, <y, <...< y,_,. Utilizing Equation (1)

and the formulation in Equation (3), the above cww be re-written in terms of
probability as follows.

ply, =0 = ply,” <0|= ple<-BX,]=G(-8X))
p[yi S1]= pl_Yi* </11J= p[5<(/11_:8'>(i)]:6(ﬂ1_ﬁlxi)

.. (6)
lp[yi < J] = plYi* >ﬂj—1J: p[E > (/’lj—l_lglxi)]:G(luj—l_lgxi)
ReplacingG(y,, - BX; )as
= BX.
Gl - BX) =P T AR L ()

1+ exp,, - B'X;) 1+ expiBX; — u,,)

the ordered logit simultaneously estimates therpatar vectorsS and u using the log
likelihood function. The estimategl's indicate the dividing lines betweey) = dhd1,

y, =1 and 2 and so on for the probability that an outcomd.,is2, or more. Note that
analogous to the simple logit model, we can alstevardered logit in terms of odds ratio.
Denoting p, = G(x, - BX;), p, =G, - X, ), and Pj-1 = G(:uj—l - pB%; )in Eq. 7, the
log-odds ratio for each category (i.e., frdno j —1) will be:

Ps - G(ﬂl_ﬂlxi) — ’ \
1- P l_G(,ul_:B'Xi) ﬂ1+IBX|

P, + P, — G(:Ul —,G'Xi)+G(,u2 _ngi)
1- | % l_G(:Ul _ﬁxi)_G(ﬂz _/lei)

In

In = 1, + X

RARD, | X)L X))
PP Ps G PX) G X) =Gl X)

=t +BX _/

where, (p, + p, +...+ p;4) =1

The ordered logits (also called as proportionalsddae thus cumulative logits that contrast
categories above categofywith categoryj and below. The ordered logit model fits only
one coefficient for eactX , but a separate intercept. The first (or lasgesas a reference

category to which all the intercepts relate. Thefficients of ordered logits are interpreted
as exactly the same way as for the binary logit ehakcept the fact that rather than
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referring to a single baseline category, we cohteash category and those below it with
all categories above it.

4.2 Data Description

The empirical analysis is based on firm-level datam both primary and secondary
sources. The data was collected through a struttgreestionnaire survey of the auto
component industry in Indi&. The available variables are to a large extentitgiake in
nature keeping in view the research objectivesrdere two main response categories: a
nominal yes or ‘no response and an ordinal scale. The respondentsistoof the
organised sector firms spread across three geagragdions of India viz., North, South
and the West. The final data set contains 124 fitms

As the study refers to a point of time, the analysimainly cross-sectional in nature. Like
similar other studies (e.g., Bartolini and Bauss®801), we describe technological
adoption as a discrete choice typical of qualiextiependent variable models. We model
the probability of adoption of advanced manufactgriechnologies as a function of a set
of explanatory variables - i.e., the socio-econorda&terminants of new technology
adoption. Below we discuss the dependent and imatkgpe: variable(s) in seriatim.

4.3 Definition of Variables

(i) Dependent Variable: Adoption of AMTs

Adoption of a technology is generally understoodrescurrent level of use and intensity
of use of the technology. The dependent variabtaimcase is adoption of AMTs, which is
treated as a binary choice variable that assumeslue 1, if adopted, 0, otherwise. In
addition, we use an ordinal dependent variablenalyae the intensity of adoption of
AMTs.

Based on the survey data we construct two maingoats of adoption, which measure

specific aspects of adoption (i.e., whether the firas adopted or not, and the intensity of
adoption). First we use the criterion ‘adoptionadfleast one AMT’ to show the current

level of use of new technology. In our case as weehcategorised the AMTs into three

different technology groups viz., software, hardsvand network communications, we use
‘at least one from each technology group’ as tliteron to separate the adopters from the
non-adopters.

% The basis reference point for our questionnaigigewas the advanced manufacturing technologyessrv
conducted by Statistics Canada for (www.statcaenggish/research/scilist.htm) and Arvanitis and
Hollenstein (2001). Insights were also borrowedrfrihe structure and content of CIS surveys condulsye
individual countries following the OECD OSLO manughe final survey was conducted between 2002-2003
covering all the organised sector firms (about 40Qhree regions of India (North, West and Sou@werall,

the response rate was 32.04 percent.

% Given the fact that 32.04 percent is the percentean the total population (i.e., all auto compuainérms

in the industry in three major regions), the repreation can be considered fairly good in this cdses
representativeness of the sample has been confiosndte conventional chi-square test.
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Second, we also use thatensity of adoption of AMTs as a dependent variable idesrto
analyse the determining factors of adoption. Westroet a four-level ordinal measure of
AMT intensity (AMTINT) defined as the number of AMT (out of the twelve AMTS) that
are used by the firms (intensity level 1 in cas@-8fAMTs, level 2 for 4-6, level 3 for 7-9,
and 4 if more than 9 AMTs have been used). Tableprbaides specification of the
dependent variables.

(i1) Explanatory Variables: Predictorsof AMT Adoption

In line with our discussion on the determinantsadbption in section 3, the empirical
specifications of the explanatory variables signilythe groups of factors are laid out.
Table 1b provides a detailed exposition of the rdgfin and nature of the explanatory
variables used in the empirical illustration. Thgected signs of impact of the variables
are presented in Table 2.

The first set of variables is the various firm-gfiedactors which are likely to affect the
adoption process. Firm size (FIRMSIZE), which skiooé positively related to the use of
AMTs, is measured by a dummy variable related i $ize classes viz., largeand small.
Firms are defined as large or small based on thember of employees. Firms with less
than 100 employees are considered as small firmigians with more than 100 employees
are considered to be large firms. Firm age (FIRMAGEneasured by the number of years
the firm has been in operation (from its year afkshment till the year of the survéy)
The effect of this is not predicted as the sigrhig variable can vary due to the counter-
balancing effects of ‘long experience’ vs. ‘adjustihcost’ effect.

The firm’s pool of internal resources or absorptbepability, which is hypothesised to be
positively correlated to the adoption and intensise of AMTS, is measured by three
variables in our case. The first variable incluiethe firm’s own assessment of the level
of technology (TECHLEVL), which is a combined indekthe firm’s technological level
in its product design/development and process ofiystion. We postulate that the firms
who assess themselves highly on their capabilttesmore likely to have adopted AMTSs.
The second variable in this category is the firoven R&D activity (RND) that directly
influences its absorptive capability. We have takegular R&D performance’ as the
proxy for R&D activity, which is a binary variabie our case. The next one, QUALEMPL,
is defined in our study as the percentage of skierkers in the firm (employees who
have formal technical and /or managerial trainingjis variable signals the stock of
human capital, which measures the overall abilitghe firm to assess the technological
opportunities as well as the ability to a succdsSMT implementation.

The variables under ‘market conditions’ represbatdonditions of the product market that
the firms face and their position in the indusie have two variables in this category.
The first one is the potential market base of the {MKTBASE), which refers to the
broadness of the market served by the firm basedthair Original Equipment

%" The category large also includes the medium-sizet.
% For some firms the first starting year of prodastiis used due to non-availability of the year of
establishment.
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Manufacture?® (OEM) status. We posit that the auto componemndiwhich serve to both
domestic and foreign firms (within and outside &jdwill have a larger market base and
therefore have a greater incentive/ propensitydojpéion of new technology. Moreover, it
has been claimed by empirical studies that foréiigns are more technology and quality
conscious than the domestic firms in case of dgwedpcountries. Therefore, it is plausible
to hypothesise that firms who are OEM supplierbdth domestic and foreign firms will
adopt more. We proxy this factor by a dummy vagafslee Table 1b for the construction
of the variable). The second variable we use far miarket conditions is the ‘market
concentration’ variable that is proxied by the nembf competitors present in the industry
(as reported by the firm). This variable is alscaseed as a dummy variable to signify the
effect of intensity of competition on adoption oMA's. The exact direction of impact of
this variable is ambiguous as greater competitiaghtriead to higher adoption due to peer
pressure where as the same might also dissuadientiseto go for heavy investments as in
AMTs due to uncertain nature of their demands (¢hg. presence of more of similar firms
might actually reduce the relative shares of eawh fhus making the adoption of AMTs
highly unprofitable to the firniy.

The set of variables denoting the incentives offifadaility of AMT use, come from the
objectives/ motives of adoption. The two variablissed under this group are obtained
from Factor AnalysiSof seven individual objectives of AMT use includéd the
guestionnaire. We have used ‘Principal Componenthbt® which is a common data
reduction technique used in factor analysis toaettprincipal components from a set of
variabled®. The resulting factor loadings of the objectivésadoption (provided in Table
A2 in Appendix A) show two factors, which are thenthination of some of the objectives
of adoption. The first factor is actually a lineaombination of expected product
improvements, and cost savings resulting from tse of AMT use such as higher
flexibility, improved product quality, reduction iproduction time etc. We term it as the
improvement in product technology (PRODTECH). Theand factor is denoted as buyer
pressure (BUYERPRESUR) which is a combination oktimg the customers’ demands
for a greater use of AMTs and securing a technolddead in the market. Both of these
factors are assumed to have a positive effect en attioption of AMTs. Given the
technological dependence among the automotive faint their parts suppliers, greater
demands for more quality products from the fornmaar act as an augmenter of the adoption
of new technologies like AMTSs.

It has been argued that both the length and breafdéxternal linkages matters for the
adoption process. While the diverse sources ofreateonnections of a firm exposes it to
a variety of information/ knowledge regarding neagttnology, an intense linkage would

2 OEM is used to refer to a company that acquirgsoaluct or component and reuses or incorporategdta new
product with its own brand name. It is interestioghote that OEM term originated in the automotivaustry.

%In fact, this is also related closely to the nagatmpact of overcapacity in innovative behaviadifirms
discussed in the empirical literature.

3L Factor analysis is applied: (1) to reduce the remmi¥ variables and (2) to detect structure in the
relationships between variables, that is to clgsgiriables. A hands-on how-to approach on fachalysis
can be found in Stevens (1986).

32 Basically, the extraction of principal componeatsounts to a variance maximizing (varimax) rotatidrthe original
variable space. The computational aspects of p@ciomponents analysis can be found in Stever6§19
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enable the firm to exploit the resource better. €Rternal linkages of the firms can be
captured by the cooperation of the firm with otfiems and organisations. We include
firms’ cooperation with others (COOP) in the are&s, design, production, research &
development, marketing/ export promotion, problenviag, human resource development
(e.g., joint training etc.). Higher cooperationany or all of the above areas could signify
the ability of the firm to monitor the developmeoit newer process technologies and
increase its ability to assimilate the knowledgéisTvariable is expected to impact
positively on the adoption of AMTSs.

From our theoretical framework described above wewk that various external factors
have been hailed to have significant effect onpttogpensity to adopt new technologies. We
term them as the external stimulators of adopfidnmee variables are used to capture the
effects of external factors on the adoption procEsst, as argued in the previous section,
machinery suppliers are important motivators foe tirms to adopt AMTs. This is
represented by STIM_SUPP, which is defined as angymariable if the firms report
affirmatively the role of machinery suppliers as tivators of adoption. The second
variable is also a dummy variable (STIM_PEER) whielmeasured as the ‘firm visits in
the locality’. This is assumed to act as a proxythe ‘epidemic effects’ of adoption. We
hypothesise that the firm visits to local area t¢sifively affect the adoption process. The
third variable that is considered here is the imfation gain from participation in various
forums like trade fairs and other such forums, Whis a potential source of external
learning about the new technologies. This varidBIEIM_EXTINFO) is again denoted by
a binary variable.

Another factor that we use to capture the intensitgxternal learning opportunities is the
position of the firm among other firms in its sdcretwork, also sometimes known as
“social power” (Hanneman and Riddle, 2005). (SQamdtwork thinking emphasizes that
power is inherently relational i.e., a consequeot@atterns of relations. An individual
does not have power in the vacuum; rather he cae pawer when he can dominate
others. Network analysts often describe the waydhandividual (actor) is embedded in a
relational network power offering power to him. At who have more ties to other actors
may be in a ‘favoured position’ as they may haveeas to, and be able to call on more of
the resources of the network as a whole. Alteretivas they have many ties, they are
often third-parties and deal makers in exchangemagmothers, and are able to benefit from
this brokeragé® A rather simple, but often very effective measofen actor's centrality
and power potential is given by their degree obeasgion in the network. In this vein, it
can be argued that firms who have many ties irr thetiwork would be in an advantageous
position in the process of knowledge/ informaticaing We therefore use the (network)
centrality of firms (NETCENT) as another explangtaariable to capture the external
learning opportunities of the firms. This is definm our case as the ‘out-degreésf
firms, which imply the number of ties from an awtmmponent firm to buyer firms in the

* This is linked to the concept “social capital”ésBurt, 2000 and Coleman, 1990) in network theory.

3 In network terminology, the degree of a vertexiode is the number of edge connecting to it. Analsty,
out degree is defined as the number of ties goirigobthe vertex to others in the network. In oase, out
degrees are the number of firms to which a padicauto component firm has a supply relationshhgs Ts
calculated using UCINET 6.2 (software for Sociabierk Analysis (Borgatti et al., 2002))
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network®® The effect of this variable is again assumedetpasitive as being central to the
network i.e., having greater out degree values,(thg firm can get access to the resources
of its partners) can facilitate the adoption prcgign

5. DISCUSSION OF RESULTS
5.1 Overall AMT Useand Intensity of Adoption

This paper uses the data on the adoption of twatik@nced manufacturing technologies
employed in a wide range of functional areas ofltitdan auto components firmi$lt is
observed (from Table 1) that all the firms in oample have adopted at least one or more
advanced manufacturing techniques. About 68.5 pefethe firms have used at least one
AMT component (out of the 12 listed).Figure 3 lists the constituent AMTs and the
associated percentages of actual use. For exa@pIR/CAE, in our case, has the highest
incidence of use (74.2%) whereas Robots are uskdbgntiny (8.1) percent of the total
firms. As evident (Figure 2), four AMTs, viz., Conter Aided Design/ Engineering
(CAD/CAE), Programmable Logit Controllers (PLCs)or@puter Numerically Controlled
Machines (CNC/DNC), and LAN/WAN systems for enginieg and/or Production have an
applicability among more than 60 percent of firmdn the other hand, AMTs such as
Robots and Rapid Prototyping Systems (RPS) are feerfrom making their presence in
the industry widely. Less than one fifth of thenfs have reported to possess any such
AMT.

The overall pattern of AMT usage shows that abdutpércent of the total firms have
adopted AMTs (see Table ¥)An important feature concerning the adoption patisf

AMTs can be gained by considering the size-strectofr adopting firms. As would be
expected, large firms dominate the use of AMTs (&at) and the incidence of AMT
adoption is the lowest among the small firms. ONgetaere is a positive association
between adoption rates and the sizes of the fiffrablé 4). More insights on the adoption

% This is constructed from the citations of the acomponent firms (which we term as suppliers) alibet
firms they sell their products to. The firms whiaty the components are defined as customer firtms.alito
component firms generally sell their products teeotautomotive firms (viz., manufacturers of vebsclike
passenger cars, buses, trucks etc as well as fauipreents and agricultural equipments). Moreoveneof
these firms also sometimes supply to other firmsther industries e.g., machinery manufacturesoase of

the components needed for automotive manufactusireg also important parts for machinery and other
equipment production (see Parhi, 2005 for details).

% For the ease of analysis and also for the purpbsgelineating differences in adoption pattern asro
technology groups, the AMTs have been aggregattd three complementary categories- each category
having some characteristics in common. The categoaire called as Software, Hardware, and Network
Communications technologies (Baldwin and Saboudio22.

3" The 12 AMTs covered in the survey are: Computieted Design/ Engineering (CAD/CAE), Computer
Aided Manufacturing (CAD/CAM), Modelling or simulah technologies (MST), Manufacturing Resource
Planning Enterprise Resource Planning (MRP/ERP@terised Production Planning System (CPPS),
Computer numerically controlled machines (CNC/DNE)pgrammable Logic Controllers (PLCs), Robots,
Rapid Prototyping Systems (RPS), Electronic exchafgCAD files (ECAD), Other Network Systems (e.qg.,
LAN, WAN), Inter-company computer networks (ICCNJhese were classified into three complementary
technology classes viz., software, hardware andar&tcommunications.

3 Given the heterogeneity in the complexity levelste various AMTs in our list, we use the criterio
‘adoption of at least one technology from eachhefthree technology group@aldwin and Sabourin, 2002).
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pattern and their dynamics will be clear from tremremetric results explained in the
following paragraphs.

The results of logistic regressirfor AMT adoption are reported in Tables 5 and €abl
6.2 Table 5 presents regression results when the depemariable is ‘Adoption of at least
one AMT element from each of the technology groydpTTHREE), as described in the
preceding section. The ordered logit regressiounlte$or intensity of adoption (AMTINT)
as dependent variable are reported in Table 6.eTHiféerent types of model distinguish
our specification and encompassing of variablesrider to describe adoption behaviour.
Structural model (Model 1a and 1b) comprise ofgéeof variables, which define the basic
structural characteristics of the firms, for instanfirm-size, age of the firm, level of
technology in use, R&D, and the stock of human tehpModels 2 and 3 evince broader
encompassing as we gradually add market dynamidsirgeractions in the structural
model.

The first model in Tables 5 and 6 is the ‘structunadel’, which in fact defines a “closed”
adoption model, while the Full model (with inteliactand market dynamics in Model 3),
describes a ‘socio-economic’ model due to the thet economic conditions are best
reflected with market dynamics and social condgi@me represented by interaction with
buyers, similar firms, and access to ‘external imfation channel’, etc. Our idea is thus to
study the adoption behaviour of firms step-wisdudimg more dynamics at each step. The
formalisation remains the same for regression vaittoption intensity so as to make
appropriate comparisons to better understand teetsfof various factors.

A closer look at the results presented in Tablen8 6 show that all classifications of
determinants we postulated in section 4.3, degp@teng magnitudes of varying size and
effects on adoption exert significant impact on #umption process. The significance of
the determinants, therefore, needs more elabordiredtion to establish their possible
impact on the probability of adoption of new tecluges, which is the central objective of
this paper.

From the first columns of Tables 5 and 6 it can dimserved that as expected, the
coefficients of structural variables are positived astatistically significant atp< 01

level** Evidently, large and medium sized firms are mdkely to adopt AMTSs. In
accordance with the standard result in the liteegtthe probability of adoption is much
higher for large firms than small firms. Similarfgzms with a greater number of years in
operation have greater odds of adopting new tecigied. In other words, old firms are
more likely to invest in new technologies like AMThis evinces the conjecture that the
age of the firm is positively correlated with theperience in machining technologies that
put the firm in a better position to adapt to thewear technologies. Apparently, it
strengthens the ‘experience effect’ of older firover the ‘adjustment cost’ of investing in
new technologies. All the variables are also jgistgnificant in the model which evinces
the positive impact of the structural parametersh@nadoption process. The basic pattern

39 All estimations have been performed using STAT2 8.

0 The summary statistics for all variables is pded in Table Al in the appendix.

1 Surprisingly RND is not found to be significant ihe adoption intensity model. We try to give some
intuitive reasons later in this section regardimg possible non-significance of this variable ia thodel.
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of the results remains quite the same in both AM®pdion propensity and the intensity of
AMT use, thus pointing to the robustness of th& refifects captured in our model.

To lend exact interpretation of the magnitudeshafnge of explanatory variables on AMT
adoption, the estimated odds-ratios (which are ingtbut the exponential expression of
the coefficients in Table 5 and 6) are presenteflables 7 and 8 respectively. It may be
noted that the odds of increase in adoption due wait change in firm size (i.e., moving
from a small to medium or large size) are abou6@3see Table 7). Firm age matters,
however, the odds are more or less evenly disgthuFor AMT intensity also we find
similar pattern for firm age.

Similarly, QUALEMPL, RND and TECHLEVL are positiverelated to the probability of
adoption (Tables 5 and 6 (except RND here)), wiighports our argument that a greater
internal capability would enhance the probabilityadoption and therefore is a significant
determinant of technology adoption. New technolsgiavolve great uncertainties.
Eventually firms possessing superior internal cdppalior, absorptive capability) in the
form of higher current level of technology usedher stock of human capital (skilled
workers) etc. would be in a better position to dadopl implement AMTs. We find that the
current level of technology (TECHLEVL), the avaiilitly of skilled labour (QUALEMPL)

as well as RND are highly statistically signifitam explaining AMT adoption propensity
(Table 5), thus supporting our argument. Table sb alomplements this conjecture by
depicting that, the odds for AMT adoption is ab6L& unit against a unit change in current
level of technology (TECHLEVL). Similarly, an inase in R&D performance is likely to
enhance the adoption odds by about 5.3 times (sé&éeT7). Similar inferences can be
drawn for the adoption propensity (See Table 8).

An interesting outcome is observed for RND as thisiable is not found to exert
statistically significant impact on the intensity AMT adoption though its influence is
positive*? The estimated odds-ratio also suggests that achaitge in RND (i.e. moving
from no R&D to R&D practices) would bring about redhan one point change in AMT
adoption. However, the odds ratio for RND is nothsgh compared to that of other
variables. In our view, the statistical non-sigraince though, does not belittle the
importance of R&D for innovation, plainly shows ghimight not be so crucial in the
presence of other related variables like QUALEMRid & ECHLEVL which probably
proxy the absorptive capacity in a better way im owodel. Moreover, it can also be
perceived RND along with other firm-specific vaiieb are jointly significant (in case of
AMTINT model) which proves the overall impact oktktructural parameters.

The impact of market dynamics is shown to be sigaiift only in terms of the size of the
market base (MKTBASE). Broader market base of thasf (catering to the foreign firms
in addition to the domestic ones) positively imgaoh the propensity to adopt AMTSs.
Indeed, this base instils an air of competition aigh demand for quality product, which
ostensibly initiates firms to go for better tectowes. The impact of the competition
(NCOMP) though not found to be statistically sigeaht, is found to have a positive

*2 |t may be pointed out that R&D and size varialslerss to be highly correlated as large firms tertuase
more regular R&D practice for which the effect &R is not coming out to be significant.
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impact on both adoption and its intensity. Thigmidine with the theoretical argument that
competition is beneficial for innovation.

The adoption of AMT is found to be positively inflaced by the BUYERPRESUR giving
an apparent role to the buyers’ (automotive firors)adoption. It is clear from Table 3 and
4 that greater demands by automotive firms foreoequality components and pressure
from industry motivate the firms to adopt AMTs. Rrd@able 7 it is evident that the odds of
AMT adoption due to buyer pressure is 2.25, imgytinat a unit change in buyers demand
would increase AMT adoption by about two and halfets. This is also the case in the
intensity of adoption where the odds of adoptingenAMTs (being in a higher intensity
category) are significantly greater than 1. Theeotiyes / motivations for meeting the
buyers/ industry demand and improving the produelity are also jointly significant. In
fact it sounds plausible too as a stringent quati#guirement for auto parts from
automotive firms forces a certain degree of pressur component firms to go for better
technology and therefore acquire advanced procesknologies. Thus, the demand
pressure exerted by buyers not only motivatesithesfto invest in advanced technologies
but also allows them to go for more intensive ugghese. In fact, an indicative and
impressive role for the buyers and the need to lbsec to them also comes out very
distinctly from the micro-level analysis of the wety data. The significance is also
ascertained in the estimated equations of AMT adomnd intensity of use. This is a very
important finding as it points to a ‘demand-led’ogtion/ innovation process in the
industry.

The diversity and intensity of firms’ external resces also influence AMT usage
positively as can be seen from model 3 resultsd ¢akimns of Table 5 and Table 6).
Though all of the variables in this category seenfalvour adoption propensity (except
STIM_PEER in Table 6) positively, the number ofiaetexternal learning sources such as
participation in trade fairs and other such forupmeves particularly beneficial for the
adoption of these technologies. Participating adér fairs, and overseas visits make the
firms more informative about the available and/pcaming technologies and give them a
more direct way of learning about the usage of AMliserefore, higher is the interaction
in forums like trade fairs, higher will be the pedfility to use AMTs. The other two
variables, i.e., COOP and NETCENT though positike ot found to have considerable
impact on adoption probability statistically.

The estimated results while dependent variabl@asintensity of AMT use (Table 6) are
more or less similar to the adoption of AMTs (Tallle The estimates of adoption
intensity (AMTINT) depict that all the structurabnables and the ones capturing market
dynamics are positive and statistically significéexcept NCOMP). However, as can be
observed from models 2 and 3 in the table, marketachics variables are jointly
significant verifying the significant impact of thmarket condition on the intensity of
adoption. Additionally, the motives of adoption aiso jointly significant in influencing
the adoption intensity of AMTs. The significant fid®e coefficients of the intercept terms
in Table 6 can be explained as an increased chthatea firm with a higher score on any
explanatory variable (viz., QUALEMPL) will be obsed in a higher intensity category.
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5.2 Predicted probabilities of adoption

Figure 4 depicts the predicted probabilities of AMdoption due to the changes in some
key determinants of adoptiéh.The probabilities here refer to the predicted ealwf
adoption by a specific explanatory variable, hajdall other variables constant at specified
values (defaulting to the mean).The figures refléet effect of change in one of the
explanatory variables on the predicted probabibfy AMT adoption keeping others
constant in the process.

Consider first, the effects of changes firm size amthe stock of human capital on the
predicted probability of adoption. From Figure 4sitevident that the predicted probability
of adoption increases linearly with firm size irationg larger firms will tend to adopt more
than smaller firms. This might be due to the scédleperation and specialisation of product
in the large and small firms. The stock of humapitedhas been proxied by the percentage
of skilled or qualified labourers in the firm. Aw technologies involve a complex
technological knowledge base in its operation asg, & skilled employee base provides
conducive platform for adoption. The third chart top panel of Figure 4recisely
describes this feature. The model predicts thainarease in the skill level of the auto
component firms will increase the probability of option. Probability of adoption
increases at a decreasing rate.

The technological level of the firm also initiatasloption probabilities. Higher is the
technological sophistication in the firm, the highell be the probability of adoption. In

fact the current technological level of the firmafmed as ‘Absorptive Capacity’ in the
Figure 4) indicates the stock of technological ¢algg (which could be from the past

experience of the firm) and therefore significaraffects the technological activities (such
as using or developing new technologies). From gheph it can be marked that the
predicted probabilities increase linearly with #reount of technological level.

Interesting cases emerge for adoption probability t the age of the firms. Conforming

to the theoretical convention, the prediction irdgs that as the age of a firm will increase,
the probability of adoption will also increase, tigh at a decreasing rate. An older firm is a
storehouse of experience; since the firm has gathexperience due to long operation in
the market over the years, it gives the firm aneedy rule in the uncertain market

conditions. Higher age of the firm indicates gred¢émgth of sustainability in the market

and therefore a continuous pressure on renovatioglupt and process compelling/

motivating the firm to adopt new technology. Oldlirms have therefore greater

probabilities of adoption.

Buyer's demand and external information sources plrticipating in trade fairs, keeping
up with new information through publications, eftave significant positive effect on the
probability of adoption as depicted by Figure 4.rédalso, the probability of adoption
increases at a decreasing rate. External infoomatburces (‘External Learning’ in Figure
4) also have pervasive effect on the predicted gty of adoption, which increases
linearly with changing mean level of source of em& information. This is because

*3 We have used STATA 8.2 package to estimate thdiqiezl probabilities. It may be noted that the
predicted values are generated for the most gemexdél (conforming to model 3 in our analysis)
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external learning and interaction opportunitieg; participation in trade fairs, etc., also
make the firms more informative about the availaid/or forthcoming new technologies
in the market. Therefore, higher is the interactom greater is the strength of external
linkages, higher will be the motivation to adopt AM In fact, external learning and
interaction monitor the ‘information channel’. Qialand prospective information is a
great motivator of adoption. However, if the firrashpoor stock of human capital and low
technological level, then synergies of externairiegsy can not be effectively internalised to
give the firm thebig pushfor adopting AMTs. From our survey it is evidehat the firms
who have significantly higher technological capiépibnd a greater percentage of skilled
labour have a greater possibility of using thedmfation resources’, thus leading to higher
adoption.

Another interesting feature stems from the effectc@operation on the probability of

adoption. It is apparent from Figure 4 that higleoperation in fact yields greater
probability of adoption when other variables ar&dlenstant. The underlying idea is that
by cooperation firms might be able to sort out ctaxpies involved with new technologies

and therefore could jointly minimise a large pdrtlee expected risks endowed with new
technology adoption.

6. SUMMARY AND CONCLUSIONS

The central idea in this paper was to investighte @ffect of main determinants of the
AMT adoption in Indian Auto component industry. @it#gonal studies on the adoption of
new technologies focussed to a great extent onntizeo-economic determinants, viz.,
firm-specific characteristics, in part because thaye proved to be crucial in explaining
the broad patterns of technology diffusion. Readfurts in this regard have tried to look
beyond the structural characteristics and havemepassed the socio-economic features to
map out a better understanding of the diffusion adyitcs. Drawing on the recent
developments, the objective in this exercise hanie identify and evaluate the relevant
factors determining the pattern of AMT adoption Indian automotive industry. Our
empirical foundation therefore, has been built atbthe traditional firm characteristics as
well as the recent convention of socio-economic irenment consideration. The
exhaustive framework has equipped us with intergsfindings about the adoption
behaviour of AMTs in the Indian context, which woutnable us to have a thematic
outlook of the actualities in the Indian automotindustry.

Our analyses confirm most of the theoretical angigoal predictions about the adoption
of technology advanced in the literature. It emsrg®m the analyses that structural
characteristics of the organisation remain as aftuwiariables for the use of new
technologies due to their sheer impact on the enanwiability of the large investment in

them. Larger firm size coupled with a richer stotkts human capital base is found to give
a potential edge to firms to become more innovatiMereover, a greater investment in
R&D is also seen to greatly enhance the adoptiamewf technology diffusion. The results
strongly supports that greater internal resourcele the firms to better innovate in the
economy. The results, thus generally confirm theaveational wisdom about the

determinants of adoption.

Given the recent dynamical changes occurring inntlaeket, it is imperative to consider
that broader market base influence the adoptioteipest of new technologies. Our results
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with market base confirm this premise and opens dingection for more explicit
consideration and study of market dynamics in thegpion model. An important facilitator
of adoption found in the exercise is buyers’ pressiThis conjecture has recently found
prominence in the diffusion literature as it is chéhat demand side uncertainties are as
crucial as technological uncertainties as determaf adoption. A peculiar feature of
developing countries market structure is that itharacteristically weak as imperfections
of many kinds, beginning from the nature of buydesnand and structural bottlenecks
imposed by the economy etc., stifle the innovaligbaviour. The demand side uncertainty
is mostly reflected in buyers’ demands; hence a&ebehanagement of buyers’ pressure
would greatly improve the innovative ability of thiems.

Moreover, the adoption behaviour of the firms issely linked to its socio-economic
environment. It is evident from our results thabperation variables as well as external
motivators have significant effect on AMT adoptidrhese socio-economic variables such
as cooperation with other firms and the exposuiectfe external learning forums greatly
contributes the firm’s ability to evaluate and bettimplement the newer process
technologies. The diversity and quality of exters@lirces of learning therefore needs to be
further scrutinised so that appropriate policiea t&@ drawn to further their impact on
adoption/ innovation.

To summarise, we found the pivotal role of the @onional firm-specific factors
conforming largely to the established empiricaritture in the developed country settings.
The similarity of the results for Indian case reftethat irrespective of the ‘degree of
development’, the likelihood of a firm’'s decision adopt a new technology will be
conventionally dependent on its own characterigtidsch are described as ‘supply side or
productivity-related’ side of determinants). Morgeresting results emerge as we enlarge
our model by inducting market dynamics and socioremic variables. Indeed, greater
breadth of market was found to be stimulant forpgidm and when other socio-economic
indicators are used we also found the consistdectebf buyers demand on adoption
decision. This finding, as a result of extensiontiaditional model of diffusion and
determinants of adoption has significance for depielg countries like India as growing
market as well as buyers demand is natural consegsef an emerging economy.

A deep insight into the results point to the fdwttdecision to adopt a new technology is
indeed multi-dimensional in nature, affected ta@ag) extent by firms’ own ability to stand
up to market demand, their absorptive capabilitgl also factors in the broad environment
such as quality of infrastructure, market base €kis reiterates the systemic features of
the diffusion process and the need for targetetyelfforts in tackling the deficiencies in
the system in order to encourage faster diffusion.
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List of Tablesand Figures

Table la: Description of Dependent variables (Adoption and I ntensity of Adoption)

Dependent
Variable

Variable Definition

Natur e of

Variable

Propensity of Adoption

AMTTHREE

AMTINT

Adoption of AMTs: Adoption of at least one from &auf the
three groups of AMTs (software, hardware and nektwor
communications).
AMTTHREE =1, if adopted

=0, if not adopted

Intensity of Adoption

Intensity of adoption of AMTSs : Total number of AMT
adopted (grouped into four intensity categorie),
AMTINT: 0-3, 4-6, 7-9 and >9 with values 1 to 4 the
lowest and highest intensity respectively).
AMTINT = 1, if the firm adopted between 0-3 AMTs
= 2, if the firm adopted betweefi AMTs
= 3, if the firm adopted betweef AMTs
= 4 if the firm adopted betwee@ AMTs

Dichotomous

Polychotomous

Table 1b: Definition of independent variables

Explanatory
Variables

FIRMSIZE

FIRMAGE

QUALEMPL

TECHLEVL

RND

MKTBASE

Definition

Size of the Firms: Defined on the basis of numiie&moployees; < 100
employees is considered as small and >100 is ceresidcas large firm.
FIRMSIZE =1, if large

=0, Small

No of years the firm has been in operation tilveyrdate (2003).
Note: Calculated as 2003 minus the starting yedirrafs production.
Percentage of Employees with technical /managexipérience.
Level of Technology. It is defined as firm’s owrsassment of its
current product and process technology level. @aidy a scale
variable (1-5), this variable has been converteal binary variable
defined as:
TECHLEVL = 1, if firms’ assessment in both processl product
technology is >3
= 0, Otherwise

R&D performance by the firms.
RND = 1, if the firm conducts R&D

= 0, otherwise
Note: No R&D =0, Occasional and Regular R&D =1
Broadness of the market served by the f{idased on the domestic
versus foreign OEM status of the firm)
MKTBASE = 1, if the firm is an OEM supplier to

Natur e of

Variable
Dichotomous

Continuous

Continuous

Dichotomous

Dichotomous
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NCOMP

PRODTECH

BUYERPRESUR

COOP

STIM_SUPP

STIM_PEER

STIM_EXTINFO

NETCENT

both domestic and forefgithin and outside Dichotomous
India) automotive firms.
=0, if the firm is an OEMpglier to only domestic

automotive firms.
Competition in the firms’ product market (in theimaroduct class).
Scale variable in the original data transformecktaer per the following
rule: Dichotomous
NCOMP = 1, if firm has competitors in the industry

=0, otherwise

Objectives/motives for the adoption of AMTs: Protigchnology
improvement
Combined factor score of: Process time reductioodyct quality Continuous
improvement, and flexibility enhancement.
Note: See factor analysis table for the details.
Objectives/motives for the adoption of AMTs: Topesd to
customers/ industry pressure.
Combined factor score of: As response to demandsispmers to use Continuous
AMTs, and peer pressure (e.g., competitors intcedAMTS)
Note: See factor analysis table for the details.
Co-operation (Low Vs High cooperation with othenfs).
COOP =1, if the firm cooperates highly
= 0, Otherwise Dichotomous
Note: A scale variable, made binary using the ddteof high and low
cooperation (based on total score on all areasapberation).

External Stimulators of adoption: Machinery Supgi

STIM_SUPP = 1, if Machinery suppliers have stimulated admpt Dichotomous
= 0, Otherwise

External Stimulators of adoption: Local Firm Vssit

STIM_PEER = 1, if local firm visits have stimulated adoptio Dichotomous
= 0, Otherwise

External Stimulators of adoption: External Infotioa sources (Trade

fairs etc.) Dichotomous

STIM_SUPP = 1, if Trade fairs and other external informattmave
stimulated adoption
= 0, Otherwise

Network centrality of the firm: Degree tetity (Outdegree) values  Dichotomous
for each firm.
NETCENT= 1, if the firm is considered to be proemtin the network
i.e., has higher outdegrees than average (>10)

= 0, otherwise
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Table 2. Deter minants of Adoption: Expected Impact in the analysis

Factor s deter mining diffusion of AM Ts (Indicatorsor Variables Name Expected signs
Proxiesto Measure)

Firm-specific variables

1. Firm-size FIRMSIZE +
2. Age of the firm (The number of years the firm has
been in operation till the year of the survey) FIRMAGE ?

Absorptive capability (or internal capability ofrins)
1. Percentage of Employees with technical/ QUALEMPL +
managerial experience
2. R&D performance

3. Accumulated technological base (Current level of RND +
technology)
TECHLEVL +

Market Dynamics

1. Presence of competition in the market NCOMP ?

2. Broadness of the market served by the firm MKTBASE +
Demand/ Technology Factors

1. Product technology improvement PRODTECH +

2. Torespond to customers/ industry pressure INDPRESUR +

Diversity and Intensity of External Resources
1. External Stimulators

- Industry Association, Consultants etc. STIM_SUPP
- Peer group (epidemic effect) +
- Knowledge exchange through trade fairs, STIM_PEER +
publications, overseas firm visits, etc.
2. Co-operation with other firms (in design, STIM_EXTINFO +
joint production, R&D, joint problem
solving, joint training etc.) COOP
3. Network centrality of the firm NETCENT +

Table 3: Incidence of AMT Usage

AMT Usage At least one AMT from each

technology group

N %
Adopted 85 68.5
Not Adopted 39 31.5
Total 124 100

Source: Own calculation from survey data
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Table4: AMT Use Across Firm Sizes

Firm-Sizes Adopted Not-adopted
(No. of Employees)
N % N %
Small (<100) 6 7.06 25 64.10
Medium (100-250) 22 25.88 11 28.20
Large (>250) 57 67.06 3 7.69
Total 85 100 39 100
Chi-square (with 2d.f) = 54.32
Source: Own calculation from survey data
Table5: Logistic Regression Resultsfor AMT adoption:
(Dependent Variable: AMTTHREE)
Explanatory Model 1 Mode 2 Mode 3
Variables Structural M arket Dynamics Interactions
M odel M odel
1. Internal Factorsand Absor ptive Capability
FIRMSIZE r 3.164%*~ r 2.787**~ (  2.501%*
(0.664) (0.748) (0.961)
FIRMAGE 0.067*** 0.053** 0.035
(0.025) (0.025) (0.024)
TECHLEVL 1.876*** 2.283*** < 2.489**t
< (0.719) (0.868) (* (2.52)
RND 1.674* 2.065*** 2.308**1
(0.846) (0.788) (0.945)
QUALEMPL 0.052%** 0.043*** 0.036**
L (0.016) L (0.016) L (0.018)
2. Market dynamics - S
MKTBASE -- 1.929%*** 1.974*
J (0.805) (1.o17) L
NCOMP -- 1.046 0.655
L (0.973) (1.293)
3. Demand/Technology Factors
PRODTECH -- -- 0.016
(0.362)
BUYERPRESUR -- -- 0.811*
(0.432
4. Social and External Resour ces
COOP 0.806
(1.031)
STIM_SUPP -- -- 0.291
(0.965)
STIM_PEER -- -- 1.096
(0.792)
STIM_EXTINFO -- -- 1.529*
(0.760)
NETCENT -- -- 0.241
(0.829)
| nter cept -7.633%** -9.431%+* - 10.532%*
(1.540) (1.913) (2.192)
N 122 122 111
M ¢ Fadden R? 0.505 0.572 0.615
Wald Chi-Square 41.05%** 39.16*** 39.35***

Note: (1) {} implies joint significance (by Wald Test)2). ***, **, and * represent significance at

p< 0.01, p< 0.05 and x 0.10 respectively. (3) Bracketed values are sbbtandard errors.
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Table6: Ordered Logistic Regression Resultsfor AMT Adoption
Dependent Variable: AMTINT

Explanatory Moded 1 Model 2 Model 3
Variables Structural Market Interactions
M odéel Dynamics M odel
1. Internal Factorsand Absor ptive Capability
FIRMSIZE ~ 2.782%% - 2.306** (" 2.190%)
(0.648) (0.724 (0.720)
FIRMAGE 0.019* 0.011 0.010
(0.011) (0.011 (0.015)
TECHLEVL 1.303*** 1.670** 1.835%* 4
(0.444) - < (0.484) (0.530)
RND 0.527 0.658 0.665
(1.153) (0.932 (1.127)
QUALEMPL 0.020**4 0.016171* 0.013
_ (0.007) (0.007) \- (0.008) 7
2. Market dynamics _ -
MKTBASE -- 1.850*** 1.940*+*
(0.470) (0.483)
NCOMP -- 0.294 0.430
(0.440) (0.766)
3. Demand/Technology M otivators 7
PRODTECH -- -- ( 0.369 )
(0.291)
BUYERPRESUR - - 0.372* (-
(0.215)
4. Social and External Resour ces il
COOP -- -- 0.606
(0.495)
STIM_SUPP -- -- 0.343
(0.593)
STIM_PEER -- -- - 0.460
(0.422)
STIM_EXTINFO -- -- 0.832*
(0.516)
NETCENT -- -- 0.172
(0.500)
Intercept 1 3.627*+* 4.625%+* 5.445%*
(1.198) (1.087) (1.538)
Intercept 2 5.380*** 6.626*** 7.652%*
(1.266) (1.179) (1.642)
Intercept 3 7.501%** 8.925%** 10.057***
(1.365) (1.307) (1.786)
N 122 122 111
Mc Fadden R? 0.211 0.266 0.281
Wald Chi-sguare 47.53%* 68.36*** 69.62***
LR test of proportionality of odds: 11.06*** 13.21%+* 32.24%xx
Chi-square (df = 10) (df = 14) (df = 28)

Note: (1) {} implies joint significance (by Wald Testj2) ***, ** and * represent significance at p
<0.01, p< 0.05 and = 0.10 respectively. (3) Bracketed values are rostamdard errors.
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Table7: Odds-Ratio for the Logistic Regression for Adoption Propensity
(Dependent Variable: AMTTHREE)

Explanatory Model 1 Model 2 Model 3
Variables Structural Market I nteractions
M odel Dynamics M odel
FIRMSIZE 23.684 16.234 12.199
FIRMAGE 1.069 1.054 1.036
TECHLEVL 6.532 9.810 12.051
RND 5.335 7.890 10.061
QUALEMPL 1.054 1.044 1.037
MKTBASE -- 6.887 7.206
NCOMP -- 2.846 1.925
PRODTECH -- -- 1.016
BUYERPRESUR -- -- 2.250
COOP -- -- 2.239
STIM_SUPP -- -- 1.338
STIM_PEER -- -- 2.992
STIM_EXTINFO -- -- 4.616
NETCENT -- -- 1.273

Table 8: Odds-Ratio for the Logistic Regression for Adoption Intensity

(Dependent Variable: AMTINT)

Explanatory Modéd 1 Model 2 Model 3
Variables Structural M ar ket Interactions

M odel Dynamics M odel

FIRMSIZE 16.165 10.036 8.939

FIRMAGE 1.019 1.011 1.010

TECHLEVL 3.682 5.314 6.269

RND 1.695 1.931 1.945
QUALEMPL 1.020 1.016 1.013
MKTBASE -- 6.360 6.962
NCOMP - 1.341 1.537
PRODTECH -- -- 1.446
BUYERPRESUR -- -- 1.450
COOP -- -- 1.834
STIM_SUPP -- -- 1.409
STIM_PEER - - 0.630
STIM_EXTINFO - - 2.299
NETCENT - - 1.188
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Figure 1: Trendsin Production, Investment and

Exports
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Source: Own construction from ACMA data.

Figure 2: Direction of Exportsof Auto ComponentsIndustry
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Source: Own calculation from UN COMTRADE data

“ UN COMTRADE (United Nations Commodity Trade Statis Database) contains trade data (imports,
exports and re-exports) from countries world-widi@r each country annual data can be retrieved by
commodity and trading partner. Commodity is defibgceither standard international product (SITCje
The data used in our analysis refers to the SIT@idrRm 3 data for category 7843 (Other parts, motor
vehicles). For more details see http://unstatsrgfuasd/comtrade/.
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Figure3: Proportion of AMT Adopters

(By Technologies)
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Figure 4: Prediction of Adoption Propensity
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Note: All other variables set to sample means for caesitng the predicted probabilities for each of vheables.
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Appendix A
Table Al. Summary statistics of variables

Variables N M ean Standard Minimum Maximum
Deviation
Dependent Variables
AMTTHREE 124 0.685 0.466 0.00 1.00
AMTINT 124 2.315 1.039 1.000 4
Explanatory Variables
FIRMSIZE 124 0.75 0.43 0.00 1.00
FIRMAGE 122 24.56 14.25 4.00 71.00
QUALEMPL 124 0.40 0.24 0.02 1.00
RND 124 0.90 0.30 0.00 1.00
TECHLEVL 124 0.75 0.43 0.00 1.00
MKTBASE 124 0.64 0.48 0.00 1.00
NCOMP 124 0.96 0.20 0.00 1.00
PRODTECH 124 0.00 1.00 -2.95 0.98
BUYERPRESUR 124 0.00 1.00 -1.61 1.89
COOP 124 0.20 0.40 0.00 1.00
STIM_SUPP 124 0.69 0.46 0.00 1.00
STIM_PEER 124 0.52 0.50 0.00 1.00
STIM_EXTINFO 124 0.88 0.33 0.00 1.00
NETCENT 111 0.44 0.50 0.00 1.00

Table A2: Factor Analysisof the Objectives of Adoption

Objectives Rotated factor Uniqueness
loadings
1 2
To reduce costs in general (labour, 0.740 0.066 0.449
capital, and material costs)
To reduce process time 0.775 0.266 0.329
To improve product quality 0.826 0.110 0.305
(conformance, precision etc.)
To improve flexibility (of work 0.568 0.355 0.552
organization, process control)
To respond to demands made by 0.219 0.848 0.234
customers to use AMTs
To respond to peer pressure (e.g., 0.068 0.864 0.248
competitors introduce AMTS)
To secure technological lead in the 0.566 0.247 0.618

market
Note: Only factors loadings of 0.4 and more are considén the analysis.
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