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Abstract

To sustain a competitive advantage, a firm must do more than just create distinctive knowledge-based assets; it must also implement and transfer its knowledge effectively in multiple locations. The technology implementation and transfer process is often difficult and time-consuming, and it stands to substantially affect firm performance. And while technology implementation and transfer hold a prominent place in the field of strategic management; interestingly, we know little about what determines technology transfer performance. In this paper we fill this gap by analyzing how market, firm, and technology characteristics combine to influence the technology implementation and transfer process. The dependent variable of interest is the time it takes for a firm to build a manufacturing plant. Variance in this outcome captures performance differences across knowledge implementation events. Empirically, we examine a sample of plant construction projects in the memory segment of the global semiconductor industry. We find that increased competition induces firms to build their plants more quickly, and that firm experience improves transfer and implementation performance. By contrast, international technology transfers, and those that involve complex technologies, take longer. We discuss the significance of these findings for both research and practice. The study enriches the literatures the economics and strategic management of corporate growth, technology management, and international expansion.

Introduction

To develop competitive advantage, a firm must do more than just create distinctive knowledge-based assets; it must also exploit the resulting advantage efficiently (Nelson & Winter, 1982). In order to exploit its developed advantage, a firm must effectively implement and transfer its knowledge in various locations. However, knowledge transfer is often a difficult and time-consuming process (e.g., Kenney & Florida, 1993; Martin, et al., 1995). Moreover, the success of the technology implementation and transfer process stands to substantially affect the performance of the firm’s operations. In fact, Galbraith (1990) points out that one of the keys to corporate success lies in the efficient exploitation and transfer of knowledge-based assets. The outcomes of the technology implementation process should therefore hold a prominent place in the field of strategic management. 

Although scholars from various disciplines have long recognized the potential impact that technology implementation and transfer have on organizational success and viability (e.g., Winter & Szulanski, 2001; Pacheco-de-Almeida & Zemsky, 2002), little attention has been devoted to the determinants of technology transfer and implementation performance itself. In this paper we fill this gap by analyzing how market, firm, and technology characteristics combine to determine technology transfer performance. Accordingly, the dependent variable of interest is the time it takes to build a manufacturing plant – ‘time-to-build’ (see Koeva, 2000). Variance in this outcome captures performance differences across knowledge implementation events.


This paper makes several contributions to the extant strategy and technology literatures. First, it explicitly recognizes and examines technology transfer performance as an endogenously determined outcome. Although technology transfer and implementation have been linked to overall firm performance, the drivers of technology transfer performance have been less clear. Moreover, while the literature has long recognized ‘time-to-build’ as an important strategic consideration for firms (e.g., Ghemawat, 1984; Majd & Pindyck, 1986; Pacheco-de-Almeida & Zemsky, 2003); to our knowledge, no study addresses how market, organizational, and technology characteristics jointly combine to influence it. Second, this paper uses a novel dependent variable to examine performance differences across firms and technologies. We argue that analyzing time-to-build is valuable in studying knowledge implementation and transfer performance. Understanding time-to-build as a facet of technology transfer adds to our understanding of firm growth and firm performance. Finally, we recognize that substantial heterogeneity in technology transfer performance exists across firms. This performance difference stands to form the basis for lasting competitive advantages that firms may exploit (see Martin & Salomon, 2002).

The paper proceeds in several sections. First, we review the extant literature on technology implementation and transfer. In the subsequent section we generate specific hypotheses regarding the independent variables of interest and time-to-build, our measure of implementation and transfer performance. The next section describes the data and methods we employ to test the hypotheses. The following section presents results and discusses our findings. The final section concludes .

Theory

Technology implementation and technology transfer have long occupied a prominent, if not always explicit, position in the field of strategic management. Transferring technology to new facilities is inherent in corporate growth and diversity. The speed and effectiveness of knowledge transfer determine a firm’s ability to penetrate new markets, preempt and respond to rivals, and adapt flexibly to market and technological changes. In the literature, scholars have examined such varied questions as how technology transfer influences profits, how technology implementation and technology transfer considerations affect governance, how firms exploit technology across organizational and national boundaries, and how firms determine technology transfer strategy. Moreover, research in the field has been conducted using a variety of theoretical lenses at various levels of analysis. In this section we review the traditional research approaches to technology transfer and implementation from disciplines such as economics, strategy, and general management. In the following section we combine the contributions from these theories to offer specific hypotheses. 

For decades, economic scholars have been interested in technology implementation and transfer. Early work in the field emphasized how macro-economic fluctuations influenced whether firms would expand by investing in new plants and thereby transfer their technology to additional locations. Received wisdom suggested that growth and expansion would follow general economic business cycles (Aftalion, 1927; Kalecki, 1935). That is, firms would expand, build new plants, and transfer existing technology when demand warranted such expansion (for a review see Koeva, 2000). In general then, this literature has examined expansion and technology transfer in the context of real business cycle theory (Kyland & Prescott, 1982).

Scholars in the industrial-organization economic tradition have focused on the effects that technology implementation (e.g., time-to-build) has on production, performance, and profit. Research generally examines the time it takes to implement a technology as an exogenous determinant of some outcome variable. For instance, Pacheco-de-Almeida and Zemsky (2003) examine how firms choose to invest in production capacity given a delay in the time it takes to get production facilities on-line. They subsequently analyze how time-to-build influences performance and social welfare.

In the mainstream strategy and management literatures, scholars have emphasized how characteristics of the technology employed by firms constrain expansion. Work from an evolutionary, knowledge-based perspective emphasizes how complexity and tacitness stand to impede technology implementation and transfer (see Teece, 1977; Kogut & Zander, 1992; 1993; 1995; Simonin, 1999a; 1999b; Martin & Salomon, 2002; 2003). Complex knowledge is inherently difficult to implement and transfer, and stands to substantially raise the costs (and time) associated with transfer (Teece, 1977; Mansfield et al., 1982). 

In order to deal with the difficulty and complexity involved in the technology transfer process, scholars have argued that firms can fruitfully develop technology implementation strategies (Galbraith, 1990). For instance, Winter and Szulanski (2001) argue for replication as strategy. They maintain that firms may develop capabilities to routinize knowledge transfer and knowledge deployment. Intel’s “copy exactly” approach to building semiconductor plants stands as an example of such (McDonald, 1998). This philosophy stresses that every facet of the productive knowledge to be used in a facility should be copied down to the finest detail when deploying technologies. Further, Martin and Salomon (2002) argue that competitive heterogeneity exists among firms in their abilities to implement and transfer technologies efficiently. As such, some firms may be better at knowledge implementation and transfer than others, with predictable consequences.

Taken together, existing theory underscores the importance of simultaneously considering market, technology, and firm effects on technology transfer. However, technology transfer and implementation performance has received little empirical attention for several reasons – chief among them, the relative paucity of data available to test such effects. For the most part, empirical literature in this field has progressed with survey data meant to test specific technology transfer questions.
  For example, the empirical industrial organization literature has traditionally explored the time-to-build manufacturing plants in order to assess performance differences across industries (e.g., Mayer & Sonenblum, 1955; Mayer, 1960; Krainer, 1968; Ghemawat, 1984; Lieberman, 1987). The conclusions from such studies suggest that heterogeneity exists across industries in the time it takes firms to build manufacturing facilities and implement their technologies (see Dierickx & Cool, 1989; Koeva, 2000). 

In the strategy literature, Teece (1977) first explored how characteristics of the technology influence technology transfer. He found that complexity substantially increases the costs of technology transfer. In the same vein, Simonin (1999b) shows a negative relationship between complexity (and tacitness) and the anticipated ease of transferring marketing know-how. Other studies survey parties to the technology transfer to determine the satisfaction of each with the transfer process. For instance, Szulanski (1996) studies how characteristics of both the knowledge and characteristics of the parties involved in a transfer event influence perceptions of transfer efficacy. He finds that a characteristic of the knowledge to be implemented (labeled stickiness) significantly increases the perceived difficulty in a knowledge transfer event.

In sum, while several streams of literature have acknowledged the importance of various influences on technology transfer performance, to our knowledge, none has comprehensively tested such effects simultaneously. This has been the case for several reasons. First, due to the various research traditions in which these studies are based, many different independent variables have been considered. In many instances, independent variables have been introduced without controlling for the range of effects found in other research. Second, various dependent variables have been considered in order to answer specific research questions. Finally, data on technology transfer performance has been difficult to obtain. We document our efforts in the hypothesis generation and research design sections to mitigate these concerns.

Hypotheses
In order to remain consistent with the extant strategy and economics literature, and to reconcile the disparate findings, we examine time-to-build as our dependent variable. Previous studies have employed various transfer performance and implementation variables including estimated transfer costs, ease of transfer, satisfaction with transfer, and time-to-build. While each of these variables is amenable to analyzing transfer performance, we focus on time-to-build as an objective measure that can be readily compared across firms and technology implementation events.

With regard to independent variables, we focus our analysis on market, organization and technology characteristics. We follow the economic tradition and explore business cycle effects. We consider competitive dynamics. We examine the foreignness of the parent firm, the joint-venture status of the plant, and the parent firm’s experience with prior transfers and given technologies. Finally, we consider how technology sophistication and complexity affect technology transfer. 
 Market Factors

We examine several market factors – namely, the nature of the macro-business environment, and the response to competitive dynamics. We begin with the macro-economic environment. Real business cycle theory maintains that fluctuations in the time to build facilities follow the general health of the economy (Kyland & Prescott, 1982). Following this literature, firms are forward looking, planning organizations that adjust their ongoing technology projects depending upon the circumstances dictated by the market (Christiano & Todd, 1996). Specifically, scholars argue that firms will speed (or delay) their technology transfer projects to meet market demands (see Park, 1984). Therefore, we expect that firms will strategically speed their investments when external demand conditions improve, and delay their technology transfer projects when market growth slows. We therefore hypothesize:

Hypothesis 1: All else equal, the transfer and implementation of productive knowledge will decrease in the growth in demand.

Business actions do not occur in a void. Firms are constantly vying for position, making preemptive investments, and trying to beat competitors to market (Chen et al., 1992). Because firms react to their competitors’ actions, we consider competitive dynamics and inter-firm rivalry (Karnani & Wernerfelt, 1985; Chen, 1996). When competitors take actions against a firm, the focal firm has a choice to either react or not. Whenever actions taken by incumbents or entrants are perceived as threatening in nature (e.g., threatening a firm’s market position or its potential to earn above normal returns), the focal firm will generally respond vigorously (Schumpeter, 1934; Chen et al., 1992). In the context of time-to-build, when faced with competitors making large resource commitments to build similar facilities, the focal firm has incentives to beat its competitors to market in order to preserve its market position. We therefore expect firms to strategically speed its plant investments when more rival facilities are being built. Formally stated:
Hypothesis 2: All else equal, the transfer and implementation of productive knowledge will decrease in the number of similar facilities being built by competitors.

Organizational Factors
Organizational factors relevant to knowledge transfer and implementation include the domestic/foreign status of the parent firm, the transfer related interactions between (among) joint venture partners, and the focal firm’s prior experience. Through their impact on the knowledge transfer and implementation process, these factors can significantly influence the time it takes a firm to build its facilities. 
Scholars in the international business literature suggest that foreign firms face disadvantages relative to domestic firms operating in their home environment. This disadvantage has come to be referred to as the ‘liability of foreignness’ (Hymer, 1960). Firms that invest abroad face additional costs due to information asymmetries, cultural differences, coordination difficulties, and local biases (Hymer, 1960; Kindelberger, 1969; Vernon, 1977; Caves, 1996; Martin & Salomon, 2003). Empirical results consistent with this theory show that foreign firms face higher employee costs (Mincer & Higuchi, 1988; Lipsey, 1994), are subject to more lawsuits than domestic firms (Mezias, 2002), suffer from lower profitability (Zaheer, 1995), and experience a higher probability of failure (Zaheer & Mosakowski, 1997). Likewise, we expect foreign transfers to be subject to higher coordination costs, which will subsequently translate into greater time-to-build foreign facilities. We therefore hypothesize:

Hypothesis 3: All else equal, the transfer and implementation of productive knowledge will take longer for foreign technology transfers than domestic transfers.

All knowledge transfer and implementation events involve both a source, or transferor, and a recipient, or transferee (Arrow, 1969; Szulanski, 1996; Gupta & Govindajaran, 2000). When firms deploy productive knowledge via wholly-owned plants, both the source and the recipient are subsumed under the same parent organization. When firms engage in joint ventures, the source and recipient firms are distinct organizations. In these cases, productive knowledge must be effectively transferred from the source organization to a distinct recipient (Martin & Salomon, 2003). Furthermore, the implementation process must be managed and coordinated across organizations. Kogut & Zander (1992) argue that transferring technology is inherently more difficult across, rather than within, firm boundaries. They argue that firms are intrinsically more capable of transferring their own proprietary knowledge. Partners therefore, are seen as introducing friction to the transfer process. We expect these partner difficulties to manifest in the time it takes to transfer and implement technologies. We therefore hypothesize:
Hypothesis 4: All else equal, the transfer and implementation of productive knowledge will take longer for join- venture transfers than intra-firm transfers.

Another organizational factor relevant to technology transfer and implementation is organizational learning. Broadly defined, "organizational learning means the process of improving actions through better knowledge and understanding" (Fiol & Lyles, 1985: 803). We propose that two forms of learning can be helpful in deploying knowledge-based assets (see Nelson & Winter, 1982; Levin, 2000). The first is experiential learning that accrues as firms repeatedly engage in an activity. In this setting, the relevant experience is that which accrues from prior technology implementations (e.g., building previous plants). We refer to this as transfer-based experience. The second form of learning is time-based. This type of learning refers to the insight that, over time, firms learn how to use a particular technology (even absent repeated transfers).

While both forms of learning may occur simultaneously, they represent conceptually separate effects. Transfer-based experience is a matter of learning-by-doing that develops routines for transfer, while time-based learning is a matter of gaining an introspective understanding of the technology in a process akin to learning-before-doing (Nelson & Winter 1982, Argote 1999). Empirical studies have also shown these effects to be separate. For example, a recent study by Levin (2000) showed that time and experience have independent effects on quality improvement in the automotive industry.

Of the two forms of learning, transfer-based has received more attention. Past transfers develop a “discipline of practice” that creates more efficient replication routines (Nelson & Winter 1982: 77). It provides the opportunity for firms to learn from previous implementations and encode those experiences into routines that they may exploit when engaging in future transfers (Nelson & Winter, 1982; Martin & Salomon, 2003). Teece (1977) demonstrated that experience acquired from previous transfers is associated with lower costs of transfer. More generally, we expect transfer-based experience to translate into enhanced efficiency in subsequent deployments, and decrease firms’ time-to-build. We therefore hypothesize:

Hypothesis 5: All else equal, the transfer and implementation of productive knowledge will decrease in the number of times that a firm has previously built production facilities.
Time-based learning also stands to affect time-to-build. Practically, organizations learn by turning inferences from history into routines that guide future behavior (Levitt & March, 1988). The longer a firm employs a particular technology, the more familiar it stands to become with the conditions for its use (Nelson & Winter, 1982; Cowan & Foray, 1997). This familiarity can ease in the transfer of similar technologies to new facilities by mitigating some of the coordination and troubleshooting difficulties inherent in first-time deployments. Empirically, both Teece (1977) and Galbraith (1990) reported that the costs of technology transfer decreased as a function of the time elapsed since the transferor started using a technology. However, to our knowledge, no paper has examined the influence of this form of learning on the efficiency of transfer (independent of cost). We expect that the effects of time-based learning will manifest as a decreased time-to-build when firms build subsequent facilities with similar technologies. Formally stated:

Hypothesis 6: All else equal, the transfer and implementation of productive knowledge will decrease in the time since the firm first implemented similar technology.
Technology
In addition to the aforementioned market and organizational factors, the characteristics of the technology stand to impose some significant constraints on the technology transfer and implementation process. In this paper we focus specifically on one technology factor – complexity. We do so because previous studies show that complexity plays an important role in technology transfer. Complexity refers to the difficulty in acquiring and manipulating knowledge when the number, variety, sophistication and interactions among components increase (Scuricini, 1988). Complex knowledge can be very difficult to replicate accurately, and it substantially increases the difficulty and cost of transferring technology (Teece, 1977; Nelson & Winter, 1982; Argote, 1999). This stands to affect the time it takes to effectively implement technologies such that the more complex the technology, the greater the difficulty incurred in deploying and transferring knowledge. Under these conditions, we would expect the time it takes to transfer knowledge to increase. We hypothesize:

Hypothesis 7: All else equal, the transfer and implementation of productive knowledge will increase in technology complexity.

RESEARCH DESIGN

Sample

An industry characterized by knowledge intensive processes and frequent technology implementations is most suitable to test our hypotheses. Therefore, we have elected to study the global semiconductor manufacturing industry. This industry possesses several advantages for our purpose. First, the industry is characterized by frequent innovations and intense competition over knowledge-based assets (Methé, 1992; Eisenhardt & Schoonhoven, 1996; Wright, 1997; Henisz & Macher, 2004). Second, the industry is global in scope. Products are easily sold across borders and plant location is not tied local product markets. Finally, plant investments can be reliably documented and compared. All of this provides the opportunity to study technology implementation and transfer across various locations, across technologies with varied complexity, and in an industry well documented over time.

Our initial dataset comes from the International Fabs on Disk database. This source of plant-level data contains information on 1154 semiconductor plant investments as of fall 2001. The database provides information on the type of semiconductor facility, the year the plant became operational, the features of the end products produced, and the nationality of the principal parent firm(s). From this initial list we limit our sample to those plants that manufacture memory products. Previous studies have identified this subset as a homogeneous market amenable to rigorous technology comparisons (e.g., Malerba, 1985; Eisenhardt & Schoonhoven, 1996; Henisz & Macher, 2004). The restriction to memory plants yielded a list of 430 facilities. 

After an extensive electronic search of standard sources, published industry reports and press releases in the Lexis/Nexis database (e.g., Electronic News, Engineering News, Asia Business News, and The Wall Street Journal), we were able to gather “time-to-build” data on 265 of the 430 plants. Our final sample thus includes 265 plant investments from 66 unique parent companies over the period 1982-2001. 

Measures
Time-to-Build (Dependent Variable)
The economics literature has identified the time-to-build manufacturing facilities as an important strategic consideration for firms (e.g., Pacheco-de-Almeida & Zemsky, 2003). New manufacturing facilities represent substantial, and often lasting, investments for firms. In fact, the average cost of a new, full-scale semiconductor plant has been estimated at upwards of $1 billion (IC Knowledge, 2001). Not surprisingly, the transfer and implementation of productive knowledge in new facilities with such high stakes can have a substantial impact on firm performance.

***Insert Figure 1 about here***

As depicted in Figure 1, building a new plant is a long and carefully planned process.
 This process usually begins with a forecast of wafer start requirements where the firm considers demand conditions and its ability to supply that demand. If the firm determines that it cannot adequately meet demand without constructing a new manufacturing facility, it then considers its options with regard to the facility. That is, it determines its equipment needs, the projected budget, the capacity, and considers possible locations for the plant. This takes about 2-4 weeks to complete.
 At some point after the firm has determined that it should build a plant, it will publicly announce its intentions to do so.
 Either concurrent with the plant announcement, or sometime thereafter, the firm orders the necessary equipment, begins to design the layout of the plant, and to develop an overall project schedule. About 3-6 months after announcement of the plant, the firm finally breaks ground and the physical construction begins. During the basebuild the concrete gets laid, the plumbing is installed, and the physical structure goes up. Once the physical structure is prepared, the firm installs the requisite tools that it has ordered, and a long ensuing stage of equipment testing begins. The testing continues until the firm is satisfied that the equipment is not faulty and it will work properly. Although there are still some kinks left to work out, the firm now officially opens its doors for production and begins its ramp-up. In the ramp-up phase the firm begins production (and sells the output), but production is not yet perfected. Yields are generally low. The ramp-up phase continues until the plant reaches its optimal yield and its maximum capacity.
The plant construction process forms the basis of our measure of time-to-build. Although firms subcontract various portions of the activity to construction firms and equipment manufacturers, it generally manages and coordinates the entire project, and performs many of the tasks involved, including the technical tasks. Moreover, there exists substantial heterogeneity across companies in how they manage and coordinate the activities, and how effectively they implement their process technologies (McDonald, 1998; Koeva, 2000). As such, variance in this time-to-build outcome captures performance differences across knowledge implementation events.

Following Koeva (2000), we define time-to-build as the time it takes to complete a manufacturing facility. In order to gauge this outcome, we compiled plant-level statistics from standard industry sources found in the Lexis/Nexis database. Because national, local, and industry trade publications closely monitor events in the industry, we were able to collect detailed data on the progress of various plants. We collected information on the date a firm first announced it would build a new plant, the date construction began, the date operations began, and the date the plant finally achieved full-scale production. We then calculated Time-to-Build as the time (in months) from the announcement date until the plant achieved full capacity (see Koeva, 2000).
 This measure is consistent with Smith and Reinertsen’s (1991) assessment that the effective lifecycle of semiconductors can be fruitfully considered in months.
 
Technological Complexity
Because we seek to understand the effects of the complexity of technology as it varies in a single, precisely defined industry, we use an industry-specific measure that can be reliably tracked over time. The most commonly used and widely accepted technological indicator in the industry is the feature size or geometry of the chip (see Martin & Salomon, 2003; Henisz & Macher, 2004). This measures the width of the conducting channels in a semiconductor chip, expressed in microns. The narrower the feature size, the greater the storage capacity as more circuits fit on one chip. Firms compete on the basis of their ability to produce semiconductors with ever-thinner features (Malerba, 1985; Schoonhoven et al., 1990; Eisenhardt & Schoonhoven, 1996). Reducing feature size requires the development of ever more sophisticated manufacturing procedures, increases the number and variety of manufacturing steps, requires extensive product and process development efforts, and renders the interaction among design and process elements more difficult to comprehend. Thus, smaller feature sizes require more complex and often tacit organization-level knowledge (Malerba, 1985; United Nations, 1986; Wright, 1997; Balconi, 2002; Martin & Salomon, 2003). 

The feature size of the semiconductors to be manufactured at a plant therefore serves as the basis for developing a measure of knowledge complexity in this industry. This information is reported in the International Fabs on Disk database. Again, because miniaturization of feature size is the focal objective in this industry, decreasing feature size corresponds to increasing complexity.

Learning Variables

In this paper we measure two forms of firm-level learning: transfer-based learning and time-based learning. An assessment of either form must take into account the extent to which past learning will be relevant to a current project (Argote, 1999). 

Transfer-based learning accumulates as a firm builds successive facilities. This form of learning-by-doing allows the parent firm to gain experience with the issues involved in transferring and implementing manufacturing technologies, and to develop routines that may be usefully exploited when building successive facilities. Thus, as a measure of such experience, we counted the number of memory plants previously built by the parent company (see Teece, 1977). Because domestic and foreign experience may influence time-to-build differently, we computed two experience variables. The first counts previous memory investments made by the firm in its home country. The second counts the firm’s previous memory investments abroad. We refer to these measures as Domestic Transfer Experience and Foreign Transfer Experience respectively.

By contrast, time-based learning refers to the opportunities to explore and assimilate the knowledge that develops as the firm continuously employs a given technology. This form of learning pertains to opportunities to experiment with the technology and its uses over time, independent of the number of facilities in which it is implemented. We measure this as the number of years that have elapsed since the parent first built a plant using the same generation of technology as the current plant. For the first plant of a given generation, a value of 0 is assigned. This specification is the same as in Teece (1977), Galbraith (1990), and Martin & Salomon (2003). We label this measure Years Since First Use.

Foreign Direct Investment
Our measure of foreign direct investment captures whether a substantive investment is made in a foreign location (foreign investment). The accepted standard used by academic researchers and governments is that foreign direct investment occurs when a firm takes an equity stake of at least 10% in a facility abroad (Caves 1996, Graham & Krugman 1995, Vukmanic, Czinkota & Ricks 1985). For consistency, we used the same 10% cutoff in this study. Thus, we coded as foreign investments those where a firm held a share of at least 10% in a plant in another country. 

Competitive Rivalry

Consistent with hypothesis 2, we include a measure of competitive rivalry. The competitive pressures faced by the focal firm will be greater as more capacity is added to the industry and as more plants are scheduled to come on-line. We define Number of Rival Plants as the number of memory plants (other than the focal plant) that came on-line in the same year as the plant in question. The conjecture is that as more plants are scheduled to come on-line in a given year, the more a firm has incentive to adjust its construction schedule to beat competitors to market.

Demand Growth
In order to assess firms’ responsiveness to fluctuations in the industry business cycle, we add a measure of growth in demand. The market demand data come from the "Global Shipments Report" published by the Semiconductor Industry Association. This data reports detailed, worldwide semiconductor memory sales, in billions of real dollars from 1960-1999. We convert this raw measure into annual growth rates to remove the effects of time from this proxy for demand. Moreover, because firms are forward-looking and plan capital investments of this sort in advance (Christiano & Todd, 1996; Koeva, 2000), firms may react more to future (rather than current) demand growth. In this paper then we operationalize Demand Growth as a two-year average of future demand growth (i.e., the average of the growth from time (t) to time (t+1) and from time (t+1) to time (t+2)). Although using a two-year window is somewhat arbitrary, we also explored combinations and permutations of various demand leads and lags (using windows of up to three years). Regardless of the leads or lags used, the results were robust. 
Control Variables

Although the paper focuses on the specific effects of the hypothesized variables on technology transfer and implementation performance, we control for other variables that have the potential to influence the dependent variable. First, we include a measure of the overall cost of the plant. We label this variable Facility Cost. It represents the inflation-adjusted cost to build the plant in question, in hundreds of millions of U.S. dollars. Similarly, we control for the size of the plant with the supposition that larger plants take longer to build. We label this measure Facility Capacity, measured as the monthly wafer fabrication capacity of the plant in question (expressed in thousands). In addition, we include a control for whether the plant is a full-fledged fab or an R&D/Pilot facility. Controlling for capacity, R&D/Pilot facilities might take longer to build as firms take greater care to implement processes that are not yet well understood. If the plant in question is an R&D/Pilot facility the variable receives the value 1, 0 otherwise. Finally, we control for whether the plant investment is a foundry. Foundries are specialized subcontracting facilities that manufacture other firms’ designs. This arrangement may affect technology implementation. The variable Foundry was coded as 1 if the plant in question was a foundry facility, 0 otherwise.
Statistical Method

In addition to the above control variables, we use statistical means to address potential unobserved firm effects that may affect Time-to-Build. There may exist systematic differences across parent companies over time, for reasons not fully observable, in their technology transfer and implementation performance (Martin & Salomon, 2003). If a firm has several plants, it is possible that the error term will not be independent across these observations. For example, previous research has identified factors associated with technology transfer performance (e.g., firm size, R&D expenditure, technology transfer capacity, etc.). 

Should one be unable to identify and measure all of these unobserved effects, there exists the potential for a systematic component embedded in the error to bias the results. In theory, either a fixed-effects or a random-effects model may be used to correct for this (Greene 2000). However, in our data, some parent firms exhibit no variance in the dependent variable (including, necessarily, firms with a single plant). Under this condition, and because we have few observations per firm on average, a random-effects model is preferred (Kennedy 1998). Furthermore, Hausman tests confirmed that random effects describe the data better than fixed effects in all specifications. Accordingly, we employ a random-effects generalized least squares regression. 

The random effects specification effectively controls for a full range of unobserved parent-company effects (Greene 2000). The advantage is that this specification controls for firm heterogeneity without having to precisely specify the exact source of that heterogeneity. The disadvantage however is that we cannot isolate or identify each of the firm factors (including unobservables such as R&D, firm size, etc.) that influence the outcome of interest. Because our goal is to control for and not investigate or test these effects, we accept this tradeoff.

Results

Descriptive statistics are presented in Table 1. The average Time-to-Build is about 28 months in this sample, with a minimum of 9 months and a maximum of 55 months.

***Insert Table 1 about here***

Table 1 also provides pairwise correlations. Correlations are generally as expected. Moreover, the correlations are moderate in magnitude, and influence tests do not show problematic multicollinearity.  Facility Cost and Time-to-Build are positively correlated (r = 0.29). Similarly, our measure of complexity (feature-size) is negatively related to facility cost (r = -0.30). Taken together, these correlations are consistent with a rise in the cost and complexity of manufacturing facilities over time (IC Knowledge, 2001). The results from column 1 also suggest that more expensive facilities (r = 0.29); larger facilities (r = 0.21); foundries (r = 0.17) and R&D/Pilot facilities (r = 0.03) take longer to build. 

With regard to the variables of interest, all take the expected sign with the exception of Time Since First Use. Although many of the correlations are consistent with our hypotheses, it is premature to conclude that such relationships exist, as correlations do not control for intervening factors that have the potential to influence the dependent variable. Below we turn to the regression results in order to test such relationships.

***Insert Table 2 about here***

The multivariate regression results are presented in Table 2. In addition to random firm effects, we also include fixed time dummies in order to control for general time trends in our Time-to-Build measure. Although not presented, the time dummies were significant (p < .05), and suggest that Time-to-Build increased with the passage of time in this industry. Likewise, the firm random effects were significant (p < .01). This suggests that there are lasting, systematic differences across firms in technology transfer and implementation performance. Although not a direct test of the phenomenon, this result indicates firms differ in technology transfer capacity (e.g., Martin & Salomon, 2003).

Column 1 presents results for the base sample of control variables. As in Table 1, Facility Cost is positive, and significantly related to Time-to-Build. This suggests that as the cost of the plant increases, the time it takes to implement and transfer technologies likewise increases (after controlling for time). However, the economic significance of this effect is quite small. In fact, a 1 million dollar increase in the cost of a facility only increases Time-to-Build by about 2.088 hours. The effect of Facility Capacity is positive and significant, and its economic significance is likewise negligible. Taken together, these results imply that factors other than cost and capacity stand to have a greater economic impact on technology transfer and implementation. Although the pairwise correlations suggested a positive association between foundry facilities and time-to-build, once controlling for intervening factors in the regression, the effect of foundry is not statistically different than zero. By contrast, controlling for facility size, column 1 suggests that R&D/Pilot facilities take 2.74 more months to build than full-fledged fabs.
In column 2 we add a measure of worldwide semiconductor market growth. Incorporating Demand Growth into the specification does not significantly improve the overall model fit. And although the marginal effect is in the hypothesized direction, it is not significantly different than zero. We therefore conclude that Demand Growth does not significantly influence time-to-build; and as such, hypothesis 1 is not supported. This is somewhat surprising, but there are several possible explanations for such a non-finding. First, it might suggest that firms make quality ex ante decisions before they commit to such large scale projects. If this is the case, firms do not need to alter their construction projects based on demand because they have accurately predicted it ex ante. Second, because we do not observe the plants that firms decide not to build, we may not observe the true effect of demand growth. Third, because our demand growth measure was calculated using actual demand rather than forecasted demand, there might be some noise inhered in the measure itself. Finally, we cannot rule out that once a firm decides to build a plant, it represents a commitment that binds firms to continue the project regardless of external demand conditions. 
Column 3 includes our measure of competitive pressures. Consistent with what the theoretical literature suggests, as more plants are scheduled to come on-line, firms strategically speed their technology transfer and implementation efforts. Hypothesis 2 is therefore supported. In fact, each additional memory plant scheduled to come on-line in the same year as the focal plant encourages firms to speed their deployments by 2.85 days. Given that the average number of rival plants being built in a given year is nearly 23, this translates into nearly 65 days by which the focal firm speeds its implementation.
In column 4 we include a measure of the foreignness of the facility. Foreign Facility captures whether the plant in question is owned by a foreign or domestic parent. Consistent with hypothesis 3, plants owned by foreign parents take significantly longer to build than their domestically-owned counterparts. On average, it takes firms about 1.61 months more to implement technologies in foreign rather than domestic locations. As we add other intervening variables into the equation in columns 5 through 9, the marginal effect increases to around 2 months. This result highlights the constraints that national differences place on the technology transfer and implementation process (Teece, 1977; Martin & Salomon, 2003). Furthermore, this finding provides additional empirical substantiation (and quantification) of the liability of foreignness phenomenon (e.g., Hymer, 1960; Caves, 1996). 

The results including the joint venture status of the plant appear in column 5. Hypothesis 4 suggested that knowledge transfer and implementation was more difficult for inter- than intra-firm transfers, and that this would manifest as increased time-to-build for joint venture facilities. We do not find support for this hypothesis. In fact, the results are counter to those hypothesized. Although generally insignificant and not significantly different than zero (with the exception of the specification in column 10), the marginal effects are negative. This would be consistent with the interpretation that joint ventures actually improve transfer performance. Perhaps the partner(s) brings some complementary capabilities that offset the coordination difficulties associated with joint venture relationships (Mitchell, 1989). For example, when the joint venture variable is included into the specification, the marginal effect of foreign facility variable increases from 1.61 to 1.96. This suggests that once we control for whether the focal plant is a joint venture, the liability of foreignness is actually greater than we would have estimated without controlling for such effects. Otherwise stated, joint ventures may decrease the liability of foreignness (especially in those instances when firms engage a foreign partner when going abroad). But we must be careful with any such interpretation as again, the joint venture results do not statistically differ from zero.
In column 6 we add a measure of technological complexity. Specifically, we include the feature size of the memory chip. Adding Feature Size to the model significantly improves the model fit with an increase in adjusted R-Sq of 0.021. The results suggest that decreasing feature size increases Time-to-Build. In particular, a .10 micron decline in feature size adds about 11.86 days to the technology transfer and implementation process. Therefore, consistent with hypothesis 1, we find that the more complex the technology, the longer it takes to deploy productive knowledge.

Columns 7, 8, and 9 incorporate our measures of organizational learning. Adding domestic transfer experience in column 7 improves the overall model fit (Adj. R-Sq increment of 0.036) and provides partial support for hypothesis 6. Specifically, experience with prior domestic technology implementations decreases the Time-to-Build subsequent facilities. Each domestic memory plant built by the focal firm, prior to the plant investment in question, decreases transfer time by 5.5 days. Given that the average firm in this sample has nearly 6 plants, this equates to about a one month time saving for the average firm. Moreover, this result implies that domestic experience can provide the firm with a set of transfer routines that it may meaningfully exploit in future transfers. The same cannot be said however for foreign transfer experience and our measure of time-based learning. Specifically, these variables neither add to model fit, nor generate statistically significant results.

Finally, we add interaction effects in columns 10 and 11.
 In particular, we include an interaction of foreign transfer by foreign facility in column 10, based on the supposition that foreign transfer experience most meaningfully can be leveraged when making foreign investments. We find that foreign experience matters most for foreign transfers. Interpreting the main effect in conjunction with the interaction suggests that for first-time foreign implementations, foreign facilities generally take about 3.5 months longer (as compared to 2 months longer for the entire sample). Each additional foreign plant’s worth of experience decreases foreign transfer time by about 15 days. 

Based on the notion that transfer experience might be better leveraged across more complex technologies, we added a total transfer experience (domestic plus foreign) by feature size interaction in column 11.
 Interestingly, and contrary to our priors, we find that experience is best leveraged at higher (less complex) feature sizes. This suggests that there may be some elements of complexity that are irreducible and not amenable to learning effects (Martin & Salomon, 2003). At a certain point, prior experience will not diminish the effects of complexity on transfer time.  

In sum, we note that across all specifications, the results remain generally robust in both magnitude and significance. This lends credence to the overall pattern, and our interpretations, of the results. Below we turn our attention to firm heterogeneity.
Exploring Firm Heterogeneity


In Table 2 we presented results from GLS random effects specifications. The explained variance from these models reached nearly 23% in the most explanatory model (column 10 from Table 2). However, these adjusted R-squares represent the variance explained by the independent variables alone, not including the variance explained by the firm effects. When we include the firm effects separately, they explain an additional 29% percent of the variance in the dependent variable. Moreover, the firm effects are jointly significant (p < .01). Taken together, these results hint at the potential for lasting systematic differences in technology transfer and implementation capabilities across firms (Martin & Salomon, 2003). 
***Insert Figure 2 and Table 3 about here***

 In order to highlight firm differences, we plot the residuals by firm in Figure 2.
 Table 3 provides the key. We find some interesting differences across firms in their average residuals. For example, Intel (firm #21) builds its plants 4.5 months faster than average. This may be a result of their highly publicized “Copy Exactly!” transfer method (see McDonald, 1998; Winter & Szulanski, 2001). Likewise, Mosel-Vitelic (firm # 34) builds its facilities about 3.5 months faster than we would predict using our model. By contrast, LG Semiconductor (firm #25) builds its plants nearly 5 months slower than we would predict on average. 
Although we include these residual plots for expositional purposes, we must be careful when drawing conclusions from such results. Again, we included firm effects mainly as a control for unobserved heterogeneity. We cannot identify the specific factors that would be subsumed by these firm effects. We readily admit that measuring such effects precisely would be preferable; nevertheless, the results suggest that even controlling for a host of market, firm, and technology characteristics, firms still differ in meaningful ways with regard to their transfer performance.
Discussion and Conclusion

To summarize, we find considerable support for hypotheses 2, 3, 5, and 7. Hypothesis 2 suggested that firms would react to competition by speeding up their technology deployments. We argued that as rivals build more plants in the same year, firms have incentives speed their time-to-build. We found that firms do strategically speed the implementations as the threat of entry by rivals increases. In hypothesis 3 we argued that due to difficulties associated with operating in a foreign environment (e.g., the liability of foreignness), that technology transfer and implementation would be more difficult for foreign firms. Consistent with this proposition, we find that technology transfer and implementation performance suffered for plants located abroad. Consistent with hypothesis 5, experience transferring and implementing technologies seemingly provides firms with meaningful advantages that they may exploit in subsequent transfers. With experience, firms gain a better understanding of the implementation process, establish technology transfer routines, and manage the overall process more efficiently. Moreover, evidence suggests that domestic experience can facilitate both foreign and domestic implementations while foreign experience can be meaningfully leveraged only for subsequent foreign expansions. Hypothesis 7 suggested that characteristics of the technology to be implemented could have a profound impact on the technology transfer process. We argued that complex technologies impose constraints upon the technology implementation process, and we find that they indeed take longer to implement. 

By contrast, hypotheses 1, 4, and 6 fail to receive support. Similar to Koeva (2000), we find that Time-to-Build is not influenced by demand growth and fluctuations in the business cycle. Likewise, we do not find a consistent relationship between joint ventures and Time-to-Build. Finally, although prior implementation experience can be leveraged for subsequent transfers, time-based experience cannot.
The findings from this study have several important implications for management scholars and practitioners. First, this paper makes a contribution to a relatively understudied area of research. Although the extant strategy, economics, and management literatures highlight the role that the technology transfer and implementation process play in overall firm performance, we understand very little about the factors that affect that process. In this paper, we take a step in that direction by exploring how technology, firm, and external market characteristics combine to influence the technology transfer and implementation performance of firms. This study, albeit somewhat exploratory, is a substantive addition to this burgeoning literature. 

Second, our findings highlight the role that firm decisions and capabilities play in shaping transfer performance. Firm effects have a substantial impact on time-to-build. Decisions about plant location (specifically, foreignness), the accumulation and exploitation of experience from previous transfers, and to a certain extent, the choice of which technology to transfer, substantially impact technology transfer and implementation. And to the extent that exogenous factors constrain time-to-build, they are related to technology rather than external market conditions; that is, feature size, which determines the product’s relative value, has an impact on technology transfer performance while market growth does not.

Third, this study sheds light on the factors that influence speed to market in the semiconductor industry, a fast-changing industry where time to market is critical (Schoonhoven, Eisenhardt & Lyman, 1990; Methé, 1992). The quicker firms can get their plants on-line, the greater the revenue stream that they will be able to generate, and the better able they will become to defend competitive positions (McDonald, 1998). Consistent with this intuition, we find evidence of significant competitive rivalry. After controlling for the size and cost of the plant, we find that firms build plants faster when more rival plants are coming on line. This suggests that firms race to achieve full-scale production when competitors enter the market. Ultimately, the time that a firm takes to transfer knowledge will determine its relative speed in exploiting new technologies, penetrating new markets, and countering competition across markets (Karnani & Wernerfelt, 1985; Chen, 1996; Martin & Salomon, 2002). 

Finally, for managers, this study underscores the importance that strategic decision-making can play with respect to the transfer and implementation of technologies, and highlights the potential for firms to develop lasting competitive advantages. Variance in time-to-build translates into real costs and real consequences for firms. Not only does bringing a plant on-line faster present the opportunity for firms to preempt competitors, but because the semiconductor industry is characterized by average price declines of around 30% per year (Smith & Reinertsen, 1991; Grimm, 1998), each month’s delay translates into a ceteris paribus 2.5% decrement in total revenue over the life of the product. 
***Insert Figure 3 about here***

Our results suggest several interesting research extensions. Since firm factors systematically influence the transfer and implementation process, we may plausibly conclude that firms differ in their capacity to transfer knowledge (see Martin & Salomon, 2003). Future research may therefore address to what extent heterogeneous knowledge transfer capabilities affect the strength of the time-cost tradeoff in deploying new assets and technologies (Mansfield et al., 1982; Dierickx & Cool, 1989). A further extension of this research could examine how time-to-build affects firm performance. Because plant investments represent such substantial capital outlays, the timing and effectiveness of the technology transfer and implementation process is likely to have significant effects on a firm’s overall performance. Future studies could examine how technology transfer and implementation influence firm outcomes such as market share, survival and profitability. On the whole, given the potential strategic and operational impact of technology transfer and time-to-build in many industries, further conceptual and empirical research in this area seems well warranted.
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Figure 1 – Semiconductor Plant Construction Timeline
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Table 1 - Descriptive Statistics and Product Moment Correlations 

	
	1.
	2.
	3.
	4.
	5.
	6.
	7.
	8.
	9.
	10.
	11.
	13.
	14.

	1. Time-to-Build


	1
	
	
	
	
	
	
	
	
	
	
	
	

	2. Facility Cost


	0.29
	1
	
	
	
	
	
	
	
	
	
	
	

	3. Capacity


	0.21
	0.33
	1
	
	
	
	
	
	
	
	
	
	

	4. Foundry


	0.17
	0.14
	0.42
	1
	
	
	
	
	
	
	
	
	

	5. R&D/Pilot Facility


	0.03
	-0.04
	-0.41
	-0.02
	1
	
	
	
	
	
	
	
	

	6. Demand Growth


	-0.10
	-0.10
	0.02
	0.02
	-0.10
	1
	
	
	
	
	
	
	

	7. Number of Rival Plants Built


	-0.09
	-0.10
	-0.04
	0.00
	-0.06
	0.08
	1
	
	
	
	
	
	

	8. Foreign Facility


	0.12
	0.03
	0.05
	0.05
	-0.13
	0.06
	0.06
	1
	
	
	
	
	

	9. Joint Venture Facility


	0.10
	0.17
	0.15
	0.35
	-0.15
	0.01
	0.04
	0.36
	1
	
	
	
	

	10. Geometry


	-0.30
	-0.40
	-0.06
	-0.16
	-0.09
	0.09
	-0.13
	-0.04
	-0.17
	1
	
	
	

	11. Domestic Experience


	-0.07
	0.26
	0.03
	-0.19
	-0.06
	-0.09
	-0.03
	0.03
	-0.01
	-0.22
	1
	
	

	12. Foreign Experience


	-0.01
	0.19
	0.01
	-0.07
	-0.01
	-0.03
	-0.04
	0.22
	0.13
	-0.19
	0.56
	1
	

	13. Time-Since-First-Use


	0.05
	0.17
	0.05
	-0.13
	-0.16
	-0.18
	0.03
	0.19
	0.13
	-0.15
	0.59
	0.46
	1

	Mean
	28.07
	593.42
	19044.88
	0.14
	0.16
	0.11
	22.72
	0.33
	0.36
	0.48
	5.92
	2.13
	1.28

	Standard Error
	7.80
	443.93
	10123.59
	0.34
	0.37
	0.20
	7.11
	0.47
	0.48
	0.34
	6.38
	2.95
	1.03

	Minimum
	9.00
	24.99
	400.00
	0.00
	0.00
	-0.32
	2.00
	0.00
	0.00
	0.13
	0.00
	0.00
	0.00

	Maximum
	54.83
	2748.48
	45000.00
	1.00
	1.00
	0.46
	33.00
	1.00
	1.00
	2.50
	30.00
	13.00
	3.04


Table 2 – Regression Results for Time-to-Build
	
	1.
	2.
	3.
	4.
	5.
	6.
	7.
	8.
	9.
	10.
	11.

	Constant
	21.4577***
(15.64)
	21.8034***
(15.29)
	24.0378***
(12.00)
	23.7901***
(12.03)
	24.0513***
(12.20)
	27.8581***
(11.50)
	28.1650***
(11.80)
	28.1857***
(11.89)
	28.1501***
(11.88)
	27.5497***
(11.96)
	27.1904***
(11.19)

	Facility Cost
	0.0029***
(2.64)
	0.0029***
(2.56)
	0.0026***
(2.33)
	0.0026***
(2.38)
	0.0027***
(2.49)
	0.0019**
(1.74)
	0.0024**
(2.14)
	0.0024**
(2.16)
	0.0024**
(2.16)
	0.0021**
(2.00)
	0.0022**
(2.03)

	Facility Capacity
	0.0002***
(3.03)
	0.0002***
(3.02)
	0.0002***
(3.08)
	0.0002***
(3.22)
	0.0002***
(3.19)
	0.0002***
(3.41)
	0.0002***
(3.44)
	0.0002***
(3.48)
	0.0002***
(3.46)
	0.0002***
(3.78)
	0.0002***
(3.50)

	Foundry
	-0.6108

(-0.39)
	-0.5515

(-0.36)
	-0.7050

(-0.46)
	-1.0695

(-0.70)
	-0.6156

(-0.39)
	-0.7632

(-0.49)
	-1.2559

(-0.80)
	-1.2994

(-0.84)
	-1.1846

(-0.76)
	-1.0009

(-0.66)
	-1.1978

(-0.78)

	R&D/Pilot Facility
	2.7435**
(2.11)
	2.6165**
(2.01)
	2.4935**
(1.93)
	2.7951**
(2.20)
	2.6109**
(2.07)
	2.2644**
(1.82)
	2.2155**
(1.81)
	2.2185**
(1.83)
	2.3120**
(1.90)
	2.3750**
(2.04)
	2.3551**
(1.99)

	Demand Growth
	
	-1.8975

(-0.87)
	-1.6702

(-0.78)
	-1.7315

(-0.83)
	-1.7214

(-0.84)
	-1.7827

(-0.88)
	-2.2073

(-1.10)
	-2.1606

(-1.09)
	-1.8411

(-0.91)
	-1.5713

(-0.81)
	-1.5279

(-0.77)

	Number of Rival Plants 
	
	
	-0.0951*
(-1.58)
	-0.1020**
(-1.74)
	-0.1039**
(-1.80)
	-0.1320**
(-2.29)
	-0.1295**
(-2.28)
	-0.1307***
(-2.33)
	-0.1337***
(-2.38)
	-0.1310***
(-2.44)
	-0.1129**
(-1.98)

	Foreign Facility
	
	
	
	1.6073**
(1.70)
	1.9600**
(2.00)
	1.9427**
(2.02)
	2.0886**
(2.19)
	2.0594**
(2.18)
	1.9924**
(2.10)
	3.4534***
(2.97)
	2.0146**
(2.17)

	Joint Venture
	
	
	
	
	-1.2225

(-1.20)
	-1.2424

(-1.24)
	-1.1634

(-1.18)
	-1.1344

(-1.16)
	-1.2005

(-1.22)
	-1.1779

(-1.25)
	-1.2371*
(-1.29)

	Feature Size (Geometry)
	
	
	
	
	
	-3.9538***
(-2.61)
	-4.4918***
(-2.95)
	-4.5324***
(-3.00)
	-4.6494***
(-3.06)
	-4.5700***
(-3.14)
	-3.4598**
(-2.01)

	Domestic Xfer Experience 
	
	
	
	
	
	
	-0.1857**
(-1.81)
	-0.1584*
(-1.37)
	-0.1878*
(-1.54)
	-0.1904*
(-1.58)
	-0.1077

(-0.82)

	Foreign Xfer Experience
	
	
	
	
	
	
	
	-0.0934

(-0.43)
	-0.1037

(-0.48)
	0.1735

(0.70)
	-0.0271

(-0.12)

	Years Since First Use
	
	
	
	
	
	
	
	
	0.3885

(0.77)
	0.4702

(0.97)
	0.5176

(1.03)

	Geometry*Experience


	
	
	
	
	
	
	
	
	
	-0.5318**
(-2.05)
	

	Foreign *Experience
	
	
	
	
	
	
	
	
	
	
	-0.2533*
(-1.31)

	Firm Effects
	YES
	YES
	YES
	YES
	YES
	YES
	YES
	YES
	YES
	YES
	YES

	Year Effects
	YES
	YES
	YES
	YES
	YES
	YES
	YES
	YES
	YES
	YES
	YES

	n
	265
	265
	265
	265
	265
	265
	265
	265
	265
	265
	265

	Adj. R-Squared
	0.136
	0.139
	0.145
	0.157
	0.158
	0.179
	0.215
	0.216
	0.221
	0.228
	0.224
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Figure 2 – Average Residual per Firm
Table 3 – Firm Name Key for Residual Plot in Figure 2

	Firm Number
	Name
	
	Firm Number
	Name

	1
	Acer Semiconductor
	
	34
	Mosel-Vitelic

	2
	Alliance Semiconductor
	
	35
	Motorola

	3
	AMD
	
	36
	Nan Ya

	4
	Angstrem
	
	37
	National Semiconductor

	5
	Atmel
	
	38
	NEC

	6
	Austria Mikro Systeme
	
	39
	Nippon Steel

	7
	Canon
	
	40
	NKK

	8
	Chartered Semiconductor
	
	41
	OKI

	9
	Cirrus Logic
	
	42
	Perkin Elmer

	10
	Cypress Semiconductor
	
	43
	Philips

	11
	Dallas Semiconductor
	
	44
	Ramtron

	12
	Fujitsu
	
	45
	Rohm

	13
	Hewlett Packard
	
	46
	Samsung

	14
	Hitachi
	
	47
	Sanyo

	15
	Huajing
	
	48
	Seiko

	16
	Hualon
	
	49
	Sematech Corporation

	17
	Hyundai
	
	50
	Sharp

	18
	IBM
	
	51
	Shougang

	19
	Integrated Device Technology
	
	52
	Siemens

	20
	Iljin
	
	53
	Simtek

	21
	Intel
	
	54
	Sony

	22
	Kanematsu
	
	55
	ST Microelectronics

	23
	Kawasaki Steel
	
	56
	Texas Instruments

	24
	Kobe Steel
	
	57
	Toshiba

	25
	LG Semiconductor
	
	58
	TSMC

	26
	LSI Logic
	
	59
	UMAX

	27
	Lucent Technologies
	
	60
	United Microelectronics

	28
	Macronix
	
	61
	Vanguard

	29
	Matsushita
	
	62
	Vitesse Semiconductor

	30
	McDonnell Douglas
	
	63
	VLSI Technology

	31
	Microchip Technology
	
	64
	Winbond

	32
	Micron Technology
	
	65
	Xicor

	33
	Mitsubishi
	
	66
	Yamaha


Figure 3 – Memory PPI
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Source: Grimm (1998)
� For a notable exception see Koeva (2000). Koeva (2000) gathers ‘time-to-build’ data on a sample of Compustat firms in order to assess performance differences across industries, and explore variance in ‘time-to-build’ across recessionary and expansionary business cycles. 


� Data on the timeline of the process was compiled from interviews conducted with engineers and managers at two large semiconductor manufacturers. 


� Some firms will try to strategically delay this announcement; however, once it begins to order equipment, it becomes difficult for the firm to veil such plant investments. With the large equipment orders that these new plants generate, equipment suppliers generally report them to shareholders and analysts. In addition, because there are so few players in the industry, word of the new plant travels fast.


� In some instances either the announcement date or the date on which a plant achieved full-scale production was unavailable. In these cases we estimated the missing data using means for plants similar to the focal plant. In order to test for bias when using mean replacements, we eliminated all observations in which either announcement or full-scale production dates were missing to run the results on a complete set of data from announcement through full-scale production (n = 82). Similar results maintained. As a further robustness check, we ran the results solely on the time between groundbreaking and ramp-up (n = 265). Again, results did not change. Finally, we ran specifications on each of the phases separately (e.g., the time between announcement and groundbreaking - (n = 175), and the time between ramp-up and full capacity – n = 105)). Although some of the results were slightly different across these two specifications, the main results did not change. For this reason we believe our results are robust to the limitations of our data.


� We also collected information on plant delays. We recorded the date on which the company announced that it was delaying construction of the plant, and the date on which it began construction again. Our dependent variable captures the total time-to-build without subtracting any delays. We do this in order to accurately capture firm responses to the economic cycle, as firms may respond to business cycle fluctuations by delaying plant construction. Only 8 of the 265 plants experienced construction delays, and results were similar regardless of whether delays were subtracted from the dependent variable, or observations of plants with delays were removed from the sample. 


� Although on the surface these measures may seem to capture firm size, it is important to note that as measured, experience is not equivalent to size. The measure is calculated as a time-varying, running total of the experience of firms in the memory sector of the semiconductor industry, not as a global measure of firm size across all industries, sectors, or business segments. For instance, for sample firms that have memory plants but specialize in other industries or segments (e.g., Nippon Steel in the steel industry or Intel in the microprocessor segment), our variable does not measure their overall size. Although likely a correlate of firm size, this variable is less correlated with size than it might appear. Empirically, we control for firm size using a combination of fixed and random effects that control for systematic differences over time in size.


� Because successive generations of technology bring different knowledge requirements, time-based learning in this industry has been argued to occur primarily by reference to generations of technology, rather than to product markets as a whole (see Martin & Salomon, 2003; Henderson & Clark, 1990). Henderson (1993; 1995) argues that each generation brings about new combinations of component techniques that render prior learning insufficient and thus require new learning. The learning process effectively restarts with each generation (Crawford, 1997; Henderson & Clark, 1990). Each of the technologies employed by firms in this data can be ascribed to one of four technology generations as described in Martin & Salomon (2003).


� Although we explored many more interactions than those presented, we include only those that were statistically meaningful. All others were either statistically or economically insignificant.


� The results come out equivalently if we include a domestic transfer experience interaction instead.


� These residuals are based on model 9 in Table 2. The residuals are captured from models run without firm effects.






