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  Abstract 
 
 

his paper examines the presence of knowledge spillovers that affect the adoption of advanced 
technologies in the Canadian manufacturing sector. It examines whether plants that adopt 

advanced technologies are more likely to do so when there are other nearby plants that do so 
within a model of technology adoption. 

 T
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  Executive summary 
 
 

 Knowledge spillovers associated with the diffusion of new technologies have long been 
viewed as important drivers of economic growth. However, this claim has largely resisted 

econometric scrutiny because patterns of technology adoption are generally not observable. This 
paper overcomes the problem by exploiting a proprietary panel data set that reports the adoption 
of 22 advanced-manufacturing technologies by 1,902 Canadian plants. The paper starts with 
documenting the fact that the adoption of these technologies is more highly concentrated 
geographically (i.e., agglomerated) than other forms of economic activity. Motivated by this fact, 
it tests for knowledge spillovers by investigating how a plant’s probability of adopting a new 
technology depends on the presence of prior adopters. The results indicate that technology 
adoption is facilitated by the presence of prior adopters with four characteristics. First, they are 
adopters of the same technology (as opposed to advanced technologies in general). Second, they 
reside in the same region. Third, they are similar to the potential adopter in that they purchase a 
similar set of intermediate goods and services. Finally, they are dissimilar to the potential adopter 
in that they do not operate in the same product market (i.e., the same 4-digit Standard Industrial 
Classification code). These results are robust when controlling for the effects of regional labour 
pooling, regional linkages to suppliers and buyers, as well as industry-, region-, time- and 
technology-fixed effects. These findings strongly suggest that knowledge spillovers are one of 
the driving forces of agglomeration in the adoption of new technologies. 
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  1. Introduction 
    

nowledge spillovers associated with the diffusion of new technologies have long been 
viewed as important drivers of modern economic growth (Rosenberg 1982, Landes 1998 

and Romer 1990). Since knowledge spillovers both facilitate and are facilitated by regional 
economic agglomerations (Marshall 1920, Krugman 1991a and 1991b and Porter 1998) it is 
natural to consider whether knowledge spillovers also lead to agglomeration effects in the 
adoption of new technologies. Specifically, is the adoption of new technologies more highly 
agglomerated than other forms of economic activity and, if so, can this be explained by localized 
knowledge spillovers? However, the effect of knowledge spillovers on technology adoption has 
not been studied in the literature. The aims of this paper are to examine whether there are 
localized knowledge spillovers in the adoption of new technologies and to identify and estimate 
the effects of knowledge spillovers. 
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Figure 1 provides a simple answer to the first part of this question on the agglomeration of 
technology adoption. It shows that geographic concentration is higher for plants using advanced 
manufacturing technologies than it is for all plants in an industry.1 This fact is new to the 
literature and raises an obvious, but important question: What explains the higher degree of 
geographic agglomeration among adopters of advanced-manufacturing technologies? One 
potential explanation points to knowledge spillovers across technology adopters. Unfortunately, 
this is not an easy hypothesis to explore. First, we rarely observe knowledge spillovers directly. 
Second, there are alternative potential explanations such as labour pooling, forward and 
backward linkages between suppliers and purchasers (Krugman 1991a; Fujita, Krugman and 
Venables 1999 and Porter 1990) and local amenities such as transportation infrastructure and 
weather, which have nothing to do with spillovers.2
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In this paper, each of these explanations is investigated. While we find some support for almost 
all of them, our main result is that a plant is more likely to adopt a specific technology (e.g., a 
flexible manufacturing cell) if that specific technology has already been adopted by other plants 
in ‘similar industries’ in the same region. Similar industries here represent a self-constructed set 
of industries that shares a similar pattern of input purchases.3 This result cannot be traced back to 
a spurious correlation operating at the industry, region or industry 

In this paper, each of these explanations is investigated. While we find some support for almost 
all of them, our main result is that a plant is more likely to adopt a specific technology (e.g., a 
flexible manufacturing cell) if that specific technology has already been adopted by other plants 
in ‘similar industries’ in the same region. Similar industries here represent a self-constructed set 
of industries that shares a similar pattern of input purchases.3 This result cannot be traced back to 
a spurious correlation operating at the industry, region or industry × region levels. First, the 
result holds good, even after controlling for labour pooling, backward linkages to suppliers, 
forward linkages with buyers, and also industry-, region-, technology- and time-fixed effects. 
Second, the result shows that the effect is strongest with geographic, technological and 
functional similarities and it decays with the distance in those three dimensions. Third, the result 
is strongest when prior adopters are in a different industry than that of the potential adopter. In 
short, our findings strongly suggest the existence of communication across plants within the 
same geographical region. 

                                                 
 1. We expand on this in Section 2. 
 2. See Hanson (2000) for discussion of the issues associated with identifying agglomeration effects.  
 3. Further details of the construction of similar industries are discussed in Section 4.2. 
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Such communication implies that there are localized, learning-based knowledge spillovers (Case 
1992; Jaffe, Trajtenberg and Henderson 1993; Powell and Brantley 1992 and von Hippel 1988). 
For instance, in the decision to adopt a new technology, potential adopters often face 
uncertainties about implementation costs. Since certain types of knowledge about the 
implementation of a new technology are tacit, learning about tacit knowledge is more likely to 
happen through direct observation of early adopters, demonstration, word-of-mouth and other 
informal mechanisms. Hence, the local presence of prior adopters would facilitate the rapid and 
complete diffusion of a new technology. 
 
The analysis in this paper is based upon a proprietary panel data set on the adoption of 22 
advanced-manufacturing technologies by 1,902 Canadian plants. I use these data to address the 
following questions. First, and most importantly, are there regional knowledge spillovers linking 
prior adopters to potential adopters? If so, does the extent of spillovers depend on the similarity 
between prior adopters and potential adopters where ‘similarity’ is measured in terms of the 
pattern of input purchases? Second, are knowledge spillovers from prior adopters to potential 
adopters conditional on geographic proximity? Are the effects of knowledge spillovers from 
prior adopters confined to potential adopters within the same geographical region or are they 
extended to geographically distant ones as well? Third, are knowledge spillovers bound within 
technological proximity? If one plant adopts technology τ, does this have any impact on other 
plants’ adoption decision of any technology or only of technology τ? Fourth, what is the sectoral 
scope of agglomeration externalities on technology adoption? That is, is it regional specialization 
in just a few industries (Marshall 1920) or regional diversification of industries (Jacobs 1970) 
that facilitates technology adoption? 
 
While the effects of agglomeration on technology adoption are conjectured to be important in 
most discussions about agglomeration, there is very little related work. There are three relevant 
strands of literature. The first follows Jaffe, Trajtenberg and Henderson (1993), who studied the 
type of knowledge spillover that is captured by patent citations. The use of patent citations to 
study knowledge spillovers warrants further research on knowledge spillovers because of three 
particularities of patents. First, firms often do not patent (Levin et al. 1987 and Rosenberg 1982). 
Second, not all patents contain valuable information, hence they may not be the best measure of 
knowledge spillovers. Third, patents only describe a particular aspect of innovative knowledge, 
and not all innovative activities lend themselves to patenting. On the other hand, the 22 
advanced-manufacturing technologies employed in this study do not share the above 
characteristics and are often general-purpose technologies that are of value and universally 
accessible. Consequently, they capture different aspects of knowledge than those obtained from 
patents, and hence they lend themselves as likely candidates for a study of knowledge spillovers 
and complement the literature of knowledge spillovers in a critical aspect. 
 
The second strand in the literature is not about knowledge spillovers per se, but about the 
importance of different sources of agglomeration (Rosenthal and Strange 2001; Dumais, Ellison 
and Glaeser 1997 and Holmes 2002). These papers examined each source of agglomeration 
separately, but to the extent of considering knowledge spillovers, they either treated them as 
residuals or measured them imperfectly. 
 
The third related strand of literature examines the impact of agglomeration on technology 
adoption. This literature consists of only two studies (Harrison, Kelley and Gant 1996; Kelley 
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and Helper 1996) that examine the effects of location attributes on the adoption of computer 
numerically controlled (CNC) machines. As in the first and second strands, knowledge spillovers 
were not directly investigated nor were they isolated from the effects of other location attributes, 
since the goal was to examine the location attributes that better facilitated technology adoption. 
In addition, the literature warrants further research in this area because these are case studies in 
nature that are based on the adoption of one specific technology in a small number of plants in a 
small subset of industries—i.e., 342 plants in 21 3-digit Standard Industrial Classification (SIC) 
industries. Consequently, identification of the effects of knowledge spillovers is still left 
unanswered in the literature. This paper is aimed at overcoming these deficiencies by empirically 
identifying and separately estimating the impact of knowledge spillovers and other sources of 
agglomeration on technology adoption. 
 
The paper’s main finding is that technology adoption is facilitated by the presence of prior 
technology adopters with four characteristics: (1) they are adopters of the same technology, as 
opposed to adopters of advanced technology more generally; (2) they reside in the same 
geographical region; (3) they are similar to the potential adopter in that they purchase a similar 
set of intermediate goods and services; and (4) the effects of prior adopters are greatest if prior 
adopters are dissimilar to the potential adopter in that they do not operate in the same product 
market (i.e., the same 4-digit SIC code). This result holds good, even after controlling for the 
effects of regional labour pooling, regional linkages to suppliers and buyers, as well as industry-, 
region-, technology- and time-fixed effects. These findings are strongly indicative of the 
presence of localized-knowledge spillovers in the adoption of new technologies. 
 
The remainder of this paper is organized as follows. Chapter 2 documents the higher 
concentration of technology-adopting plants than for all manufacturing plants. Chapter 3 
discusses the methodology. Chapter 4 describes the data sources. Chapter 5 presents the results 
of agglomeration effects on technology adoption. Chapter 6 concludes. 
 
 

The Canadian Economy in Transition Series - 10 - Statistics Canada – Catalogue no. 11-622MIE, no. 018 



 
 
  2. The geographic concentration of advanced technology adopters 
 
 

f some kind of knowledge spillovers across technology adopters are indeed present, then the 
technology adopters should exhibit a higher geographical concentration than plants overall. To 

investigate whether or not the above hypothesis is supported by the data, the degree of 
geographic concentrations of advanced-technology-user plants versus all plants in the 
manufacturing sector in Canada is examined. As a measure of the degree of agglomeration, we 
employ the Ellison-Glaeser index of concentration.4 This index measures the excess 
concentration beyond that which would be expected to occur randomly. It takes on a value of 
zero when an industry is as concentrated as one would expect to result from a random location 
process, and assumes a positive value when an industry is concentrated more than what one 
would expect to occur randomly. 

 I

 
Figure 1 exhibits the Ellison-Glaeser index of concentration for all manufacturing plants and 
advanced-technology adopting plants in 1993 for 2-digit Standard Industrial Classification (SIC) 
manufacturing industries at the economic region level.5 The grey bar represents the concentration 
by all plants in each industry. All 2-digit manufacturing industries have a positive value of the 
index, indicating excess geographic concentration. This excess concentration is not surprising, 
since the geographic concentration of economic activity is a well-documented fact in the 
literature (Krugman 1991b, Ellison and Glaeser 1997). What is more interesting, however, is the 
degree of concentration among adopters of advanced technologies, which is indicated by the 
black bars. It shows that technology adopters not only exhibit excessive concentration in every 
industry, but are substantially more concentrated than the overall number of plants for most 
industries. This fact has never been documented in the literature.6 While a positive value of the 
index is not sufficient evidence for the presence of knowledge spillovers among technology 
adopters, it is a necessary evidence of them. What then would be the explanation for the higher 
degree of agglomeration among technology adopters? Is it localized-knowledge spillovers across 

                                                 

 4. The Ellison-Glaeser index is defined as
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share of the jth plant. Let s1, s2 ,…, sM be the shares of an industry’s employment in each of M geographic areas, 
and x1, x2,…., xM  be the shares of total employment in each of M areas. It corrects for the random concentration 
arising from industrial structure that the spatial Gini does not control for. 

 5. See Section 5.2 for a more detailed explanation on economic regions.  
 6. Audretch and Feldman (1996) show that innovative activity is substantially more concentrated than overall 

production, and industries that emphasize research and development tend to be more spatially concentrated. A 
related result is obtained by Jaffe, Trajtenberg and Henderson (1993), who show that patent citations are highly 
spatially concentrated. 
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technology-adopting plants, or alternatively, is it other agglomeration economies or ‘common 
environment’ effects that attract plants to certain regions that also facilitate technology adoption?  
 
Figure 1 
Geographic concentration of activity, all plants and advanced-technology adopters, Canada, 
1993  
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Note: SIC stands for Standard Industrial Classification. This figure shows results of the author’s calculations using the Ellison-Glaeser 
index of concentration. 
Sources: Statistics Canada, 1993 Survey of Innovation and Advanced Technology, and Annual Survey of Manufactures. 
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  3. Methodology 
 
 
3.1 Conceptual framework 
 
There has been an increasing emphasis on the role of the agglomeration of economic activities. 
Over history, we have witnessed that industries tend to geographically concentrate in a few 
regions, and this pattern of concentration has not ceased to increase, even in an era of low 
transportation and communication costs. The degrees of regional concentration of industries are 
simply too great to be explained by historical accident or random process (Ellison and Glaeser 
1997). The high concentrations of economic activities are thus believed to be driven by the 
advantages that regional-agglomeration economies have to offer. The three most widely 
acknowledged advantages of regional agglomeration are knowledge spillovers; specialized, 
skilled labour; and input sharing (Marshall 1920). While the effects of specialized, skilled labour 
and input sharing can be relatively easily measured with accuracy, estimating the effects of 
knowledge spillovers has resisted econometric scrutiny, mainly because of its unobservable 
nature in most cases. 
 
There are two types of knowledge: one is explicit or codified knowledge that can be effectively 
expressed using symbolic forms of representation; the other is tacit knowledge that defies such 
representation (Reber 1995). The more easily explicit knowledge can be accessed, the more 
critical a role does tacit knowledge play in sustaining and enhancing the competitive position of 
the firm (Maskell and Malmberg 1999). Consequently, tacit knowledge now plays a greater role 
than ever at a time when explicit knowledge has become easier to obtain. 
 
When implementing new technologies, plants face many kinds of uncertainties associated with 
the costs and benefits of technologies, adaptation difficulties and employee training. More 
information on these would not only reduce the uncertainties associated with adopting new 
technologies but would also enable plants to better assess risks and expectations. However, 
because some types of information associated with technology implementations are tacit—for 
example, detailed engineering characteristics or particular organizational changes to fully exploit 
technology capabilities—learning this type of knowledge depends on direct observation of early 
adopters, demonstration, word-of-mouth and other informal mechanisms. Therefore, the local 
presence of prior adopters may facilitate interplant-knowledge spillovers in the region. 
Furthermore, the feedback loop of knowledge spillovers from technology adopters facilitates, 
and is facilitated by, regional agglomeration (Case 1992; Jaffe, Trajtenberg and Henderson 1993; 
Powell and Brantley 1992; and von Hippel 1988).  
 
Therefore, we can think of the local presence of prior adopters of technology as a measure of a 
source of information that is difficult to obtain from a distance. Consequently, we will refer to 
the positive impact resulting from the local presence of prior adopters of technology as 
knowledge spillovers from prior adopters to potential adopters. 
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3.2 Empirical framework 
 
Can data on the pattern of technology adoption reveal whether a plant’s adoption decision is 
affected by the presence of prior adopters of technology around it? To explain the methodology 
for estimating the impact of the local presence of prior adopters of technology, we first begin by 
modelling the probability of a plant’s technology-adoption decision. Let us suppose that the true 
model governing the technology adoption of a plant is given by 
 
Pr( ) ( ,  , )p irt irt pAdoption f KnoweldgeSpillover plant characteristics controlsτ τ=  
 
where p indexes plant, i indexes industry, r indexes region, τ indexes technology and t indexes 
time. p irtAdoption τ  is a binary variable indicating whether a plant p in industry i in region r 
adopts technology τ at time t. 
 
Because knowledge spillover is unobservable, and thus needs to be inferred, the central task in 
estimating knowledge spillover lies in how accurately we can specify the channel of knowledge 
spillovers and how finely we can control for exogenous effects that influence a plant’s 
probability of technology adoption. By estimating the impact of the local presence of technology 
adopters on other plants’ probability of technology adoption, this paper attempts to identify the 
knowledge spillovers from prior adopters to potential adopters. The preliminary results show that 
the presence of prior adopters positively affects technology adoption by other plants. Detailed 
results are discussed in Chapter 5.  
 
Can this positive effect of prior adopters on potential adopters be interpreted as evidence of some 
kind of knowledge spillover or information sharing between them? Ideally, if we know all the 
exogenous influences that affect a potential adopter’s decision, then we would be able to infer 
the positive effect of prior adopters as capturing their own effects only. However, there are 
potential alternative hypotheses that the presence of prior adopters is positively correlated with 
the technology-adoption decision of potential adopters, even if there are no knowledge spillovers 
of any kind. We will now look at these alternative hypotheses. 
 
The first alternative hypothesis is that the results are driven by unobserved local-area 
characteristics that are correlated with both the presence of technology adopters and the decision 
of potential adopters. Specifically, regions where there are agglomerations of economic activities 
would provide advantages that are favourable not only to do business but also to adopt new 
technologies. These things include such obvious factors as the presence of abundant skilled 
labour (i.e., scientists and engineers who would make the adoption and implementation of 
technology easier), the local presence of input suppliers and output consumers, the presence of 
universities or research institutions, tax policies and a good infrastructure. Furthermore, plants in 
the same region face the same exogenous local influences such as a local research-and-
development (R&D) subsidy, tax incentives, or a business cycle that would affect any 
technology adoption. These location-specific characteristics would idiosyncratically affect the 
technology-adoption decision of all plants in that region, and some of these effects are positively 
correlated with the existing number of technology-user plants in the area. Therefore, 
distinguishing the effects of location-specific characteristics from the effects of the presence of 
prior adopters is imperative. 
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The second hypothesis is that the results are driven by unobserved effects operating at various 
levels that are correlated with both the presence of technology adopters and the decision of 
potential adopters in a region. Such unobserved effects may operate at the industry level, the 
technology level, or even at the interaction of industry × region, industry × technology or 
region × technology levels. For example, the adoption rate of any advanced manufacturing 
technologies in the Aircraft and aircraft parts industry, Standard Industrial Classification (SIC) 
321, is 28% while it is only 4% in the Rubber hose and belting industry, SIC 152. Because of 
these kinds of industry-level fixed effects, a regional concentration of technology-intensive 
industries would be positively correlated with the number of technology users in the region. 
Another example of such unobserved effects would be a cost reduction in the adoption of, say, 
computer-aided design and engineering (CAD/CAE) that would increase the adoption rate of that 
technology. Similarly, a local tax incentive or R&D subsidy to a particular industry would 
increase the overall technology adoption for that industry within the region. Since there are many 
potential factors that may influence technology adoption at the plant level, it is essential to 
control for these unobserved effects that operate at various levels. 
 
The third hypothesis is that results are driven by ‘omitted’ plant characteristics that influence the 
technology adoption decision. A theory on the differential capacity of firms to absorb, and make 
good use of, new technical information emphasizes differences in internal expertise, access to 
financial resources and organizational routines. These differences affect each firm’s expected 
profitability—the incremental returns to investing in the new technology—that, in turn, gives rise 
to the observed uneven pattern of adoption (Cohen and Levinthal 1990, Dosi 1988, Malerba 
1992, Nelson and Winter 1982). Also, plant learning—and ability to act on that information—
will also vary by the level of organizational resources, scale of the production process, 
appropriateness of the new technology to that plant’s core-production process and sources of 
information, all of which may have nothing to do with geography itself. For example, large 
plants or multi-product plants may well be run by more innovative entrepreneurs who tend to 
adopt more technologies. Therefore, there may be a plant-specific component to the error term in 
the specification that is correlated with included right-hand side variables. In addition, there is a 
possibility that some of the variables are potentially endogenous—for example, a plant 
introduces a new technology and then decides to locate to a region, or it relocates to a region for 
the purpose of adopting technologies.  
 
In order to separately identify and estimate the effect of prior adopters on potential adopters from 
the above-mentioned unobserved effects and thus eliminate them as potential explanations of the 
results, the following methods are employed. First, the concern that omitted location variables 
may drive the results is addressed as follows. If the results hold up after inclusion of location-
fixed effects, they cannot be driven by any effects that are common at the regional level, such as 
the presence of universities, location advantage, transportation, tax policies or regional 
influences. Therefore, we include location-fixed effects at the economic region level—at which 
both the dependent variable and the key variables are measured.7 Furthermore, to make sure that 
the results are not capturing the agglomeration effects—such as the local presence of specialized, 
skilled labour, input suppliers, output consumers and the overall size of regional manufacturing 
activities at a finer geographical level than the economic-region level—variables capturing these 
effects at the census-division level are included. Consequently, these will make sure that the 
                                                 
 7. More discussions of the unit of geography are in Section 4. 
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results are not driven by the agglomeration effects operating at the census-division level as well 
as any unobserved effects at the economic-region level. 
  
Second, the concern about unobserved effects operating at various other levels is dealt with in 
the following ways. Industry-, technology- and time-fixed effects are included to control for the 
effects that are common to the industry, the technology and time. In addition, two variables 
measuring the average adoption rate of overall technologies by industry × region and the average 
adoption rate in a region by particular technology × industry are included in the specifications to 
further control for effects that operate at the industry × region and technology × region levels.8

 
Third, the issue about the unobserved plant heterogeneity is handled by including an extensive 
set of plant characteristics, such as size, plant status, the number of commodities, ownership and 
age. Although plant-level heterogeneity would most ideally be controlled by plant-fixed effects, 
the small variation across the adoption pattern of 22 technologies within a plant does not allow 
the inclusion of plant-fixed effects. Therefore, variables capturing important plant-level 
heterogeneity that affects adoption decisions are used instead. The set of plant characteristics 
included here is the richest plant-level information used in the literature, in the author’s opinion. 
 
In addition to the extensive controls and fixed effects mentioned above, the effects of prior 
adopters are estimated separately, based on the functional, geographical and technological 
distance from the potential adopter. These separate estimations not only reveal how the effects 
are bound by the three dimensions, but also serve as a test to show that the results are not driven 
by any of the alternative hypotheses mentioned above. The reasons for this are as follows. First, 
the estimation of the effects of prior adopters of the same region, separately by the functional 
distance from the potential adopter, allows us to determine whether the results are driven by 
region × technology-fixed effects or if the effects are function/industry specific within each 
region × technology level. Second, the estimation of the effects of prior adopters of the same 
technology, separately by the geographic distance, allows us to discern whether the effects are 
driven by industry × technology-fixed effects or if they are geography specific within each 
industry × technology level. Finally, the estimation of the effects of prior adopters of the same 
region, by the technological distance from the potential adopter, allows us to analyse whether the 
effects are driven by the industry × region-fixed effects or if they are technology specific within 
each industry × region level. These separate estimations of the effects of prior adopters on 
potential adopters by the functional, geographical and technological distances confirm that the 
effects of prior adopters are not driven by any of the potential alternative effects mentioned 
above, but are very likely capturing the effects of the presence of prior adopters. The only 
remaining possibility of the spurious result is that the results are driven by fixed effects that 
operate at the level of region × industry × technology × time. Not only is it very unlikely to come 
up with fixed effects that operate at this detailed level, but the fact that the results are strongest 
when prior adopters are in a similar-but-not-the-same industry as the potential adopter provides 
very compelling evidence of the validity of the results obtained here. 
 

                                                 
 8. The inclusion of fixed effects at the interaction levels would completely capture all the effects. However, due to 

the variability of the sample, it is not allowed in this specification. 
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The estimating equation for plant p’s adoption of technology τ at time t hence is 
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where F represents the logistic cumulative distribution. Logit model is used to capture the ‘fat 
tail’ of the distribution (i.e., there is a larger proportion of non-adopters of any technology at 
time t). pirtX  is a vector of plant characteristics,  is an average adoption 
rate of advanced technologies overall among plants in industry i in economic region R at time t, 
and 

_ _ iRtAvg Ind Region

_ _ i tAvg Ind Techτ  is an average adoption rate of technology τ in industry i across economic 
regions at time t. Rδ  is the location fixed effect, iγ is the industry fixed effect, τϕ  is the 
technology fixed effect, and tλ  is the time fixed effect. The variables in the estimating equation 
are explained in detail in the next chapter and Table 3. 
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  4. Data 
 
 
4.1 Sources 
 

The data for the analysis come from numerous sources. The main source is the 1993 Survey of 
Innovation and Advanced Technology (SIAT). This is a unique, confidential and proprietary data 
set that surveyed approximately 2,500 plants covering the entire manufacturing sector across 
Canada. SIAT collected information on various aspects of innovation and adoption of advanced-
manufacturing technologies. Specifically, this survey reported information on each plant’s 
adoption of 22 advanced-manufacturing technologies within 6 different technology groups. The 
technologies are ‘general-purpose technologies,’ in that they are not specific to any particular 
industry, but can be used in the production process of any industry.9 These technologies are 
listed in Table 1, along with the incidence of use in 1993 and 1984. 
 
Table 1 
List of advanced manufacturing technologies and incidence of technology use by plants 

Advanced manufacturing technologies 1993  1984 
Design and engineering    
Computer-aided design (CAD) and/or computer-aided engineering (CAE) 27.1  1.3 
CAD output used to control manufacturing machines (CAD/CAM) 12.9  0.6 
Digital representation of CAD output used in procurement activities 6.0  0.2 
Fabrication and assembly    
Flexible manufacturing cell (FMC) or systems (FMS) 6.8  0.2 
Numerically controlled and computer numerically controlled (NC/CNC) machines 15.0  2.8 
Materials working laser 2.4  0.0 
Pick and place robots 3.5  0.3 
Other robots 3.0  0.0 
Automated material handling    
Automated storage and retrieval system (AS/RS) 3.0  0.2 
Automated guided vehicle systems (AGVS) 1.1  0.0 
Inspection and communications    
Automated sensor-based equipment used for inspection/testing of incoming or in-process materials 6.1  1.0 
Automated sensor-based equipment used for inspection/testing of final product 6.8  1.4 
Local area network for technical data 10.5  0.4 
Local area network for factory use 8.1  1.0 
Inter-company computer network linking plant to subcontractors, suppliers and/or customers 7.5  0.1 
Programmable controller 17.1  1.9 
Computer used for control on the factory floor 15.6  1.5 
Manufacturing information systems    
Materials requirement planning (MRP) 15.7  1.3 
Manufacturing resource planning (MRP II) 8.5  0.2 
Integration and control    
Computer integrated manufacturing (CIM) 6.1  0.5 
Supervisory control and data acquisition (SCADA) 7.5  1.0 
Artificial intelligence and/or expert systems 1.5  0.0 

Note: This table shows results of the author’s calculations. 
Sources: Statistics Canada, 1993 Survey of Innovation and Advanced Technology and Annual Survey of Manufactures. 
                                                 
 9. The concept of General Purpose Technology (GPT) used here is not as broad as the one used in Bresnahan and 

Trajtenberg (1995).  
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Table 2 
Descriptive statistics of variables 

 1984 1987 1990 
 Mean 
Plant characteristics    
Employment of plant 61.0 76.7 88.7 
Number of SIC-4¹ industries in which firm operates 1.98 2.20 2.85 
Number of commodities produced 2.41 1.93 2.83 
Percentage of multi-plant firms 0.16 0.19 0.22 
Percentage of foreign-owned plants 0.14 0.17 0.20 
    
Technology spillovers    
Number of prior adopters in similar industries 3.27 6.23 21.8 
Number of prior adopters in moderately similar industries 1.19 6.90 16.0 
Number of prior adopters in different industries 14.2 54.3 127.0 
    
Employment    
Employment in census division (’000) 72.8 73.5 73.2 
Employment at small plants in census division (’000) 9.4 7.9 8.8 
Employment at large plants in census division (’000) 42.5 45.8 45.6 
    
Other agglomeration economies    
Value of output in upstream industry in census division 25.5 36.6 40.5 
Value of output in downstream industry in census division 26.1 35.6 39.9 
Percentage of scientists and engineers in census division 4.4 4.1 4.1 

1. 4-digit Standard Industrial Classification code. 
Note: Variables are weighed by ‘establishment weight’ provided in the 1993 Survey of Innovation and Advanced Technology. 
This table shows results of the author’s calculations.  
Sources: Statistics Canada, 1993 Survey of Innovation and Advanced Technology and Annual Survey of Manufactures. 
 
A critical piece of information provided in SIAT is each plant’s time of adoption of each of the 
22 technologies. This information permits the construction of panel data from the given cross-
sectional data set. As a result, a panel-data set consisting of three periods—1984 to 1986, 1987 to 
1989 and 1990 to 1992—is constructed. Use of time intervals, rather than use of each year, 
reduces the effects of recall bias caused by the retrospective nature of panel data, in addition to 
leaving plenty of regional variations in each period.10

 
Additional information on plant characteristics is obtained from the Annual Survey of 
Manufactures (ASM). The ASM is a longitudinal database of Canadian manufacturing plants 
that annually collects information for almost all manufacturing plants. Some 1,902 plants out of 
the 2,500 plants surveyed in the SIAT are also surveyed in the ASM. Detailed information on 
plants—such as geographical location, employment, outputs, country of ownership, plant age 
and multi-plant status—are taken from the ASM for these 1,902 plants. 
 

                                                 
10. Plants may round the number of years a given technology has been in use. For example, plants may report 5 

years instead of 4 or 6 years, and 10 years instead of 9 or 11 years. Indeed, there are peaks at 5 and 10 years, and 
a lower number of new technology adoptions are reported for 4, 6, 9 and 11 years. 
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Table 3 
Variable names and definitions 
Variable name Definition 
  
Technology-spillover variables  

Number of prior adopters of technology τ in similar industries i in economic 
region R  at time t-1 

Prior adopters in similar industries 

number of prior adopters of technology τ in own SIC-4 industry i in economic 
region R at time t-1  

Prior adopters in own SIC-4¹ 

Number of prior adopters of technology τ in similar industries excluding own 
SIC-4 industry i in economic region R at time t-1  

Prior adopters in similar industries 
excluding own SIC-4 

Number of prior adopters of technology τ in moderately similar industries i in 
economic region R at time t-1 

Prior adopters in moderately similar 
industries 

Number of prior adopters of technology τ in different industries i in economic 
region R at time t-1  

Prior adopters in different industries 

  
Employment variables  

Employment in census division r at time t-1 Regional employment  
Employment in similar industries Employment in similar industries i in census division r at time t-1 
Employment in own SIC-4 Employment in own SIC-4 industry i in census division r at time t-1 

Employment in similar industries excluding own SIC-4 industry i in census 
division r at time t-1 

Employment in similar industry  
excluding own SIC-4 

Employment in moderately similar industries i in census division r at time t-1 Employment in moderately similar 
industries 
Employment in different industries Employment in different industries i in census division r at time t-1 
  
Other agglomeration variables 

Output of upstream suppliers of industry i in region r at time t-1 Input 
Output of downstream consumers of industry i in region r at time t-1 Output 
Share of scientists and engineers in population in region r at time t-1 Engineer 
  
 Other controls 
Mean adoption rate of overall technologies in industry i in economic region R Adoption of technologies in an economic 

region 
Mean adoption rate of technology τ in industry i across economic regions  Adoption of a technology in all economic 

regions 
1. 4-digit Standard Industrial Classification code. 
Notes: These variables are used to indicate potential channels of agglomeration externalities.  
Sources: Statistics Canada, 1993 Survey of Innovation and Advanced Technology and Annual Survey of Manufactures. 
 
 
To measure the characteristics of the regional economies, both the ASM and the Census of 
Population are used. All variables characterizing local manufacturing activities are calculated at 
the census-division level as to where a plant is located, utilizing information from the ASM. 
Variables characterizing regional demography are also calculated at the census-division level, 
using information from the Census of Population.11  
 
Other supplementary data come from the National Input–Output Tables from 1983 to 1992. We 
use the National Input–Output Tables at the most detailed level available, w, which consists of 
145 3- and 4-digit Standard Industrial Classification (SIC) industries. The tables record the value 
of intermediate inputs and outputs each industry buys and sells to other industries. Based on this 
information, forward and backward linkages are calculated. 

                                                 
11. The Census of Population is quinquennial. For each Census, 20% of households receive the ‘long questionnaire,’ 

which seeks detailed information on individuals.  
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The units of geography employed in this paper are economic regions and census divisions. 
Province, economic region and census division are geographical units, in descending order of 
size. An economic region is a statistically categorized region, comprising one or more census 
divisions, but confined within a province or territory.12,13  
 
4.2 Construction of variables 
 
Measurement of similarities across industries in terms of pattern of input purchases 
 
The extent of knowledge spillovers from local prior adopters of technology τ to potential 
adopters may depend on the ‘relatedness’ between the two industries. One of the common 
criticisms of earlier geographic studies in the use of highly aggregated industry units (typically a 
2-digit SIC scheme) to empirically define ‘related’ industries is that 2-digit SIC may not be 
appropriate to capture the similarities of industries.14 For instance, SIC 39 includes Broom, brush 
and mop industry (in SIC 399) and Jewellery and silverware industry (in SIC 392), which are 
highly dissimilar in nature. 
 
In the context of studying the effects of knowledge spillovers on technology adoption, the 
relatedness across industries can be better measured by the similarities in input purchases, which 
would mimic the similarities in input processes more closely than by standard industry 
classification. In order to measure the similarities in input purchases, we utilize information on 
the patterns of input purchases from the National Input–Output Tables at 145 3- and 4-digit SIC 
industries. For each industry i, we calculate its correlation ijρ  with every other industry j in 
terms of input purchases and then categorize each and every industry into one of three groups, 
based on the correlation. Industries with a correlation equal or greater than 0.50 are categorized 
as ‘similar’ industries, industries with a correlation between 0.50 and 0.20 are categorized as 
‘moderately similar’ industries, and industries with a correlation of less than 0.20 are categorized 
as ‘different’ industries.15 For each industry, the groups of similar, moderately similar and 
different industries are neither symmetric nor of equal size.16 Descriptive statistics on the 
industry categories based on input purchases are compared with the 2-digit SIC industry 
categories in Table B.1 in Appendix B. 
 
                                                 
12. In 1991, there were 10 provinces and 2 territories in Canada, with each province and territory being divided into 

a number of economic regions. There were 68 economic regions, each divided into one or more census divisions. 
There were 290 census divisions across provinces and territories. 

13. While boundaries of census divisions tend to stay constant over the years, there was a major reconstruction of 
census divisions in the provinces of Quebec and British Columbia in the late 1980s. In order to consistently 
measure the effects of regional economies, it is important to have a constant geographic region so that regional 
variables reflect the economic changes within the region, and not the changes due to the sizing of geographical 
unit. Thus, a constant census division code based on 1976 has been assigned to all plants in all years using Map 
Info by matching postal codes. 

14. For example, Rosenthal and Strange (2001). 
15. The benchmark for this grouping choice is based on the distribution of correlations. The distribution of 

correlations exhibits an asymmetric weak tri-modal pattern: a small percentage of industries in the high range of 
correlations; a second group concentrated between 0.20 and 0.50; and the remainder in the lower end of the 
distribution.  

16. The average size of each group of industries, in terms of the number of 3-digit SIC industries it contains, is 
presented in Appendix B, Table B.1, and is compared with the size of 2-digit SIC industries. 
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Technology users 
  
For each technology τ,  is the number of plants in industry i in region R that have already 
adopted technology τ as of period t. 
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w is a plant weight that is provided in the survey to make the sample representative of the 
population. The unit of geography used in the calculation of the number of technology users is 
the economic region. Since information on technology adopters is drawn from SIAT, it is 
important to have enough observations in each cell to keep them representative of the population. 
Therefore, the number of technology adopters is calculated at the level of the economic region, 
denoted as R, rather than at the finer level of the census division, denoted as r. 
 
The number of plants in similar industries in the same economic region that have already 
adopted technology τ as of time t, is calculated simply as 
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where i and j indexes industry, and F represents a group of industries that are categorized as 
similar industries for each industry i. The number of plants in the moderately similar industries 
and in the different industries which have adopted technology τ by time t, 

 and  are calculated likewise, 
respectively. 

_ . iRtPriorAdopter Mod Similarτ _ ,iRtPriorAdopter Differentτ

 
Appendix A provides further details about the construction of other variables. 
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  5. Results 
 
 
5.1 Main results: The functional scope of technology spillovers  
  
This section presents the main results on how a plant’s probability of adopting technology τ is 
affected by the local presence of adopters of the same technology, after controlling for various 
effects. In particular, the main specification estimates how a plant’s technology adoption is 
differently affected by existing technology users depending on its functional similarity to them, 
where functional similarity is proxied by similarities in the pattern of input purchases. The key 
variables of interest are therefore prior adopters of the same technology in the same geographical 
region that operate in similar industries, , moderately similar industries, 

, and different industries, . Since 
each plant’s decision to adopt technology τ at time t is conditional on various controls, the 
regional agglomeration externalities, plant characteristics and fixed effects at industry, region, 
time and technology levels are included. Estimates on these regressors are discussed later in 
Sections 5.5 and 5.6. 

_ iRtPriorAdopter Similarτ
_ . iRtPriorAdopter Mod Similarτ _ iRtPriorAdopter Differentτ

 
The main results are presented in the “Similarity in input” column of Table 4. The coefficient on 
technology adopters in similar industries is estimated to be positive and significant, implying that 
plants are more likely to adopt a particular technology τ as the number of prior adopters of the 
same technology in similar industries in the same region increases. Elasticity of 0.0012 indicates 
that doubling the number of prior adopters of technology τ in the similar industries in the same 
economic region increases a plant’s probability of adoption of technology τ by 0.12%. A plant 
located in the economic region covering the Greater Toronto Area has a 6% higher probability of 
adopting the given technology τ compared with an otherwise identical plant located in a region 
with 50 times less prior adopters of technology τ in similar industries, holding everything else 
constant. The coefficient on technology users in the moderately similar industries is positive and 
significant with elasticity of 0.00065. This indicates that while the local presence of prior 
adopters in the moderately similar industries does increase a plant’s probability of technology 
adoption, its effect is only about a half that of the prior adopters in the similar industries. The 
estimate on technology adopters in different industries reveals that a plant’s probability of 
adoption has a weakly negative correlation with the number of prior adopters in the different 
industries. 
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Table 4 
Main results, functional scope of technology spillovers 
Technology spillovers  Similarity in input Similarity in output 

Coefficient Elasticity Coefficient Elasticity  
Prior adopters in similar industries 0.0388* 0.0012 … … 
 Standard error (0.0030) ... ... ... 
Prior adopters in own SIC-4¹ … … 0.0269* 0.00082 
 Standard error … … (0.0038) … 
Prior adopters in similar industries excluding own SIC-4 … … 0.0402* 0.0012 
 Standard error … … (0.0030) … 
Prior adopters in moderately similar industries 0.0214* 0.00065 0.0207* 0.00063 
 Standard error (0.0030) … (0.0030) … 
Prior adopters in different industries -0.0187* -0.00057 -0.0181* -0.00055 
 Standard error (0.0043) … (0.0043) … 
   
Observations 106,188 106,188 
Log likelihood 68,172 68,328 
… not applicable 
* χ2 statistically significant at  p < 0.05 
1. 4-digit Standard Industrial Classification code. 
Notes: Dependent variable: p irtADOPTION τ . Also included are plant characteristics and agglomeration effects, control 

variables and fixed effects. Variables are defined in Table 3. This table shows results of the author’s calculations. 
Sources: Statistics Canada, 1993 Survey of Innovation and Advanced Technology and Annual Survey of Manufactures. 
 
It is noteworthy that the spillover effects of prior adopters of technology exhibit a clear decaying 
pattern when the functional similarities between prior and potential adopters decrease. The 
results reveal that plants benefit from the local presence of technology adopters only when those 
prior adopters are similar enough to themselves in terms of the pattern of input purchases whose 
processes are similar. This suggests that technology spillovers from prior adopters of technology 
are confined to functional similarities, and the mere presence of prior adopters of the same 
technology in the same geographic region does not necessarily provide the benefit of technology 
spillovers.  
 
An alternative hypothesis can be put forward to explain the significant effect of prior adopters in 
similar industries; that is, the effect is driven by some exogenous effects that are common to 
plants in the same industry and located in the same geographical region, namely at 
technology × industry × region × time level. To eliminate this hypothesis, we further decompose 
technology adopters in similar industries into two groups: adopters in the same product market as 
defined by own 4-digit Standard Industrial Classification (SIC) industry and adopters in other 
industries within similar industries (excluding own 4-digit SIC industry from the similar industry 
group). Note that since the similar industry group is constructed based on 3- and 4-digit SIC, the 
4-digit SIC industry is, by construction, a subset of the similar industries. Because the effect of 
technology adopters in other industries within the similar industry group is free from a possibility 
of such spurious correlation at technology × industry × region × time level, a positive effect of 
them is sufficient to allow us to eliminate the alternative hypothesis of a spurious result arising 
from fixed effects at the technology × industry × region × time level. 
 
The “Similarity in output” column in Table 4 reports the estimates of this product-market 
decomposition specification. The results show that the effect of technology adopters in other 
industries within the similar industry group is positive and significant, which assures us that the 
effects of prior adopters of technology are not driven by spurious effects that are common to the 
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same industries. This positive and significant effect of the local presence of technology users in 
other industries within the similar-industry group—even after controlling for fixed effects at the 
industry, region, time and technology levels, as well as other agglomeration effects at 
industry × region level—is strongly suggestive of the presence of some kind of communication, 
namely learning-based knowledge spillovers, across plants adopting the same technology within 
the same region. 
 
It is interesting to note that the effect of technology adopters in other industries within the 
similar-industry group is not only positive and significant, but is actually greater than the effect 
of technology adopters in the same industry. The weaker effect of technology adopters in the 
same (own 4-digit SIC) industry may be due to ‘hampered knowledge spillovers’ resulting from 
plants’ incentives to keep information from competitors that are operating in the same product 
market. If this is the case, then the greatest communication would be more likely to occur among 
plants operating in different product markets. However, while the stronger effect of adopters in 
other industries within the similar-industry group is consistent with this explanation, the lack of 
detailed information in the data does not allow us to identify the underlying forces that drive the 
results. 
 
5.2 Econometric issues 
 
Identification issues 
 
One of the most critical issues in measuring knowledge spillovers from prior adopters to 
potential adopters lies in how effectively unobserved effects at various levels can be controlled. 
Since the effects of prior adopters are measured at the technology × industry × region × time 
level, it is feasible to control for unobserved effects at each individual level to make sure that 
they do not lead to a spurious result. The “Industry, location fixed effects” column of Table 5 
reports the results where time-, technology-, industry-, and region-fixed effects are included. The 
estimates of technology adopters reported in this column are from a specification where 
unobservable effects at each of the individual levels are fully captured, using fixed effects. 
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Table 5 
Technology spillovers with various controls 

 Industry, location 
fixed effects 

(Industry × Region) 
controls Main regression 

 Coefficient Elasticity Coefficient Elasticity Coefficient Elasticity 
Technology spillovers        
Prior adopters in similar industry 0.0484* 0.0015 0.0448* 0.0014 0.0388* 0.0012 
 Standard error (0.0029) ... (0.0029) … (0.0030) … 
Prior adopters in moderately similar 
industry 0.0240*

 
0.00073 0.0249*

  
0.00076 0.0214*

 
0.00065 

 Standard error (0.0029) … (0.0029) … (0.0030) … 
Prior adopters in different industry -0.0208* -0.00064 -0.0198* -0.00060 -0.0187* -0.00055 
 Standard error (0.0043) … (0.0043) … (0.0043) … 
Fixed effects       
Time  ( t ) yes no yes no yes no 
Technology  (τ ) yes no yes no yes no 
Industry (SIC-3¹ : i ) yes no yes no yes no 
Region (economic region: R ) yes no yes no yes no 
Other control variables       
Adoption of technologies in an economic 
region no no yes no yes no 
Adoption of a technology in all economic 
regions no no no no yes no 

       
Observations 106,188 106,188 106,188 
Log likelihood 67,163 67,537 67,936 

… not applicable 
* χ2 statistically significant at  p < 0.05 
Notes: Dependent variable: p irtADOPTION τ . Also included are plant characteristics and agglomeration effects. Variables 

are defined in Table 3. This table shows results of the author’s calculations. 
Sources: Statistics Canada, 1993 Survey of Innovation and Advanced Technology and Annual Survey of Manufactures. 
 
The natural experiment that one would like to test further is whether the effects of prior adopters 
of technology are capturing fixed effects that operate at the interaction of industry × region or 
industry × technology levels. Industry × region effects are controlled using a variable, 
Avg_Ind_Region. This variable captures the effects that are common to plants in the same 
industry in the same region, across technologies. An example of such effects is the research and 
development subsidy in electrical and electronic products industries in the Ottawa–Gatineau 
region, which would increase the overall investment in these industries in that region but would 
not increase the adoption rate of a specific technology over and above the other technologies. 
The “Industry × region controls” column in Table 5 presents the results where Avg_Ind_Region 
is included. The results show that the effects of prior adopters remain virtually the same at the 
5% level. This implies that the spillover effects presented in the “Industry, location fixed effects” 
column are not driven by unobserved effects operating at the industry × region level. 
 
Similarly, unobserved effects at the industry × technology level are controlled by including a 
variable, Avg_Ind_Tech, which controls for effects that are common to plants in the same 
industry adopting the same technology, across regions. An example of such effects would be that 
computer-aided design is more likely adopted in the aircraft industry than in the petroleum 
products industry, regardless of the geographical location. The results are presented in the “Main 
regression” column in Table 5. All three coefficients on technology adopters in different 
functional groups remain significant and virtually the same in magnitude, except for a small 
decline in the prior adopters in the similar industries. The stable coefficients on prior adopters 
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across different controls show that the estimated effects of prior adopters are not sensitive across 
specifications, but are robust both in terms of significance and magnitudes. This supports the 
claim that the effects of prior adopters are not driven by the industry × region or the 
industry × technology fixed effects. The specification in the “Main regression” column, the most 
extensively controlled specification, is used as a main specification. (This specification is the one 
presented in Section 5.1.) 
 
As a final check, linear probability models with a more extensive set of fixed effects are estimated. 
While a linear probability model is not appropriate for examining a binary dependent variable, it does 
allow the inclusion of all fixed effects needed to test for alternative hypotheses. Consequently, the 
industry × region and the industry × technology fixed effects are included, instead of 
Avg_Ind_Region and Avg_Ind_Tech, to fully control for the fixed effects at these levels. The results 
are presented in Table B.2 in Appendix B. These results provide a consistent story that the estimates 
of prior adopters tend to stay the same and are robust to the inclusion of additional fixed effects.17 
This strongly confirms that the effects of prior adopters cannot be traced back to a spurious 
correlation operating at other levels, nor are they driven by the lack of controls and fixed effects. 
 
Sample selection issues 
 
Due to the way the data set employed in this paper is constructed, it warrants a discussion of 
potential sample selection bias. Because of the retrospective panel nature of the data, which is 
constructed from a cross-sectional survey, the resulting panel data unavoidably consist of only 
plants that had survived at least till 1993, but exclude plants that exited prior to 1993. Because 
technology-user plants are more likely to survive (Baldwin and Gu 2004), the resulting sample 
consequently consists of plants that are more likely to adopt technologies, ex ante. 
 
While it is not feasible to obtain a sample that is representative of the population and free from 
sample selection bias, an alternative method can be used to test if the results are driven by 
sample selection bias. Intuitively, plants are more likely to survive for a three-year period than 
for a ten-year period. Consequently, among the three sub-samples with different time periods—
1984 to 1986, 1987 to 1989 and 1990 to 1992—the sample of the latest period is expected to 
suffer least from the sample selection bias and thus be more representative of the population. In 
order to determine if sample selection bias is present, and is significant enough to affect the 
results, the estimates from the full sample are compared with the estimates from the sample of 
the latest period as a benchmark. The “Full sample” and “1990 to 1992” columns of Table 6 
report the estimates from the full sample and the latest-period sample, respectively. The results 
show that the estimates from the full sample and the latest-period sample are similar in terms of 
the sign, significance and the order of magnitudes for all of the three coefficients on technology 
adopters. The results provide the consistent story that the effects of the prior adopters are greatest 
with the functional proximity and monotonically decrease with the dissimilarities. Furthermore, 
the effects of the prior adopters in the similar industries are estimated to be a little greater in the 
latest-sample period than in the full-sample period. This suggests that either there is a systematic 
break between the latest period and the earlier period in the effects of prior adopters, or the 
estimates in the full sample are downward biased compared with the supposedly less biased 
                                                 
17. While the linear probability model can provide a meaningful comparison, the interpretation of coefficients is 

inappropriate. 
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latest sample. Because the estimates from the supposedly less biased sample provide an even 
stronger support of the results, we would not be concerned that the results are driven by a sample 
selection bias. 
 
Endogeneity issues 
 
One of the critical issues in network literature is the endogeneity problem. In this particular case, 
the location decision made by plants may be endogenous of their technology adoption decisions. 
One of the assumptions that are used in this paper is that plants are heterogeneous in their 
adoptive behaviour. Therefore, it is possible that plants that are more likely a priori to adopt 
technologies may also be more likely to seek out agglomerations as places to locate. If it is the 
case that plants that are more likely to adopt technologies move to places first and then later 
adopt technologies, then the results will overstate the effect of pure information spillovers. 
Although the existing information does not allow us to separately identify these two effects, it 
can be tested whether this potential endogeneity issue could be problematic in this case. 
 
Table 6 
Sample selection issues 

 Full sample 1990 to 1992 
 Coefficient Coefficient 

 Technology-spillover variables   
Prior adopters in similar industries 0.0355* 0.0492* 
 Standard error (0.0030) (0.0043) 
Prior adopters in moderately similar industries 0.0249* 0.0281* 
 Standard error (0.0030) (0.0042) 
Prior adopters in different industries -0.0182* -0.0764* 
 Standard error (0.0043) (0.0076) 

 Other agglomeration effects  
Regional employment 0.0656* -0.010 
 Standard error (0.0087) (0.0123) 
Input 0.0760* 0.161* 
 Standard error (0.0079) (0.011) 
Output -0.139* -0.168* 
 Standard error (0.0088)  (0.012) 
Engineer  4.39* 1.12 
 Standard error  (0.97)  (1.59) 

Observations 106,188 39,960 
Log likelihood 67,936 35,922 

* χ2 statistically significant at  p < 0.05 
Notes: Dependent variable: p irtADOPTION τ . Also included are plant characteristics and agglomeration effects. 

Variables are defined in Table 3. This table shows results of the author’s calculations. 
Sources: Statistics Canada, 1993 Survey of Innovation and Advanced Technology and Annual Survey of Manufactures. 
 
In order to determine how endogenous location decisions are with respect to technology adoption 
decisions, the timings of location and adoption decisions are examined. The data show that for 
the majority of plants, the location decision was made well in advance of the technology- 
adoption decision. The data statistics reveal that the average age of technology-adopting plants 
(in a new location) is 11.6 years, and the average time of technology use is 3.4 years. Although it 
is possible that plants move to a region anticipating their future adoption decisions, assuming 
that plants do not have perfect foresight, it is not very likely that plants made the location 
decisions on average 8.2 years ahead of their adoption decisions. Furthermore, the average age in 
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a new location is not statistically different between technology-adopting plants and non-adopting 
plants, where average for non-adopting plants is 10.6 years. These two facts suggest that the 
endogeneity issue in the location decision would not be material, even if it were to exist. 
 
5.3 The geographical scope of technology spillovers 
 
It is pertinent to examine how far the spillover effects originating from prior adopters of 
technology τ extend in terms of the geographical distance. Rather than focusing only on the 
effects of the ‘local’ prior adopters as in the previous section, we extend the analysis to the 
effects of ‘geographically distant’ prior adopters. 
 
Table 7 presents the results. It reports how the probability of technology adoption is affected by 
the presence of prior adopters, depending on the geographical distance from the potential 
adopter. It looks at prior adopters located within 300 kilometres of the potential adopters; prior 
adopters located from 300 kilometres to 1,000 kilometres; and prior adopters located beyond 
1,000 kilometres. The estimates show that the effect of prior adopters within 300 kilometres is 
positive and significant, with an elasticity of 0.0013; prior adopters from 300 kilometres 
to 1,000 kilometres is positive, with an elasticity of only 0.0011; and prior adopters beyond 
1,000 kilometres is 0.0004. This reveals that the effects of prior adopters of technology are 
strongest with geographical proximity and they decrease with distance. The closer the 
geographical distance between the prior and the potential adopter, the greater will be the 
technology spillovers from prior adopters. This provides evidence of the localization of 
knowledge spillovers: that is, technology spillovers from prior adopters of technologies are 
dependent on geographical proximity and they decay with distance. 
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Table 7 
Geographical scope of technology spillovers 

 Geographical distance 
 Coefficient Elasticity 
Prior adopters of the same technology in similar industries located within   
< 300 kilometres 
 Standard error 

0.0425* 
(0.017) 

0.0013 
… 

300 kilometres to 1,000 kilometres 
 Standard error 

0.0377* 
(0.0055) 

0.0011 
… 

> 1,000 kilometres 0.0137* 
(0.0032) 

0.0004 
 Standard error … 
   
Employment effects    
Employment in similar industries 
 Standard error 

-0.0710* 
(0.0079) 

-0.0022 
… 

Employment in moderately similar industries 
 Standard error 

0.0625* 
(0.0039) 

0.0019 
… 

Employment in different industries -0.0096 
(0.0073) 

-0.0029 
 Standard error … 
   
Observations 106,188 
Log likelihood 68,408 

… not applicable 
* χ2 statistically significant at  p < 0.05 
Notes: Dependent variable: p irtADOPTION τ . Also included are plant characteristics, other agglomeration effects, control 

variables and fixed effects. Variables are defined in Table 3. This table shows results of the author’s calculations. 
Sources: Statistics Canada, 1993 Survey of Innovation and Advanced Technology and Annual Survey of Manufactures. 

 
Furthermore, this geographically decaying pattern of the effects of prior adopters also serves as 
another alternative test of spurious correlation arising at the technology × industry level. If the 
estimates are driven by technology × industry fixed effects, the result would show that the effects 
are not differentiated accordingly to the geographic distance. The decaying effects of prior 
adopters depending on the geographical distance show that the effects of prior adopters are 
geographic specific within the technology × industry level. 
 
5.4 The technological scope of technology spillovers 
  
Are spillover effects of one particular technology confined to the same technology or spread over 
other technologies as well? To answer this question, we analyse how a plant’s probability of 
adopting technology τ is affected by the presence of prior adopters of any technologies rather 
than limited only to the adopters of the same technology τ. This investigation also serves as an 
identification test. If the spillover effect from prior adopters comes through a technology-specific 
channel within each industry × region level (i.e., technology × industry × region), then we can 
successfully eliminate the possibility that the result obtained here is driven by some other effects 
that operate at the industry × region level. 
 
Table 8 presents the results for three different specifications. The specification for the “Same 
technology” column assumes that the technology spillovers are exclusively from prior adopters 
of the same technology, whereas specifications for the “Technology group” and “All 
technologies” columns allow that technology spillovers can come from prior adopters of any of 
the 22 technologies. The “Same technology” column reports the benchmark result on the effects 
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of prior adopters of the same technology τ. The “Technology group” column reports the effects 
of adopters of any technologies in two groups: adopters of the same group of technologies as τ 
and adopters of different groups of technologies from τ. The “All technologies” column presents 
the effects of local adopters of any technologies in three groups: adopters of the same 
technology, adopters of the same group of technologies (excluding the same technology) and 
adopters of the different groups of technologies. 
 
The estimating equation for the specification presented in the “All technologies” column of 
Table 8 is 
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Table 8 
Technological scope of spillovers 
 Same technology Technology group All technologies 
 Coefficient Elasticity Coefficient Elasticity Coefficient Elasticity 
Prior adopters in similar 
industries that have adopted 

      

Technology in same group   
 Standard error 

… 
… 

… 
… 

0.0256* 
(0.0028) 

0.00077 
… 

… 
… 

… 
… 

Same technology  
 Standard error 

0.0355* 
(0.0030) 

0.0011 
… 

… 
… 

… 
… 

0.0478* 
(0.0032) 

0.0014 
… 

Other technology in same group 
 Standard error 

… 
… 

… 
… 

… 
… 

… 
… 

-0.0004 
(0.0030) 

-0.00001 
… 

Technology in different group 
 Standard error 

… 
… 

… 
… 

-7 E-5* 
(0.00002) 

-2 E-6 
… 

-0.0001* 
(0.00002) 

-3E-6 
… 

Prior adopters in moderately  
similar industries that have adopted 
Technology in same group 
 Standard error 

… 
… 

… 
… 

0.0020 
(0.0029) 

0.00006 
… 

… 
… 

… 
… 

Same technology  
 Standard error 

0.0249* 
(0.0030) 

0.00076 
… 

… 
… 

… 
… 

0.0503* 
(0.0032) 

0.0015 
… 

Other technology in same group 
 Standard error 

… 
… 

… 
… 

… 
… 

… 
… 

-0.0194* 
(0.0030) 

-0.0006 
… 

Technology in different group 
 Standard error 

… 
… 

… 
… 

-0.0002* 
(0.00002) 

-5E-6 
… 

-0.0002* 
(0.00003) 

-6E-6 
… 

Prior adopters in different  
industries that have adopted 
Technology in same group 
 Standard error 

… 
… 

… 
… 

-0.1020* 
(0.0050) 

-0.003 
… 

… 
… 

… 
… 

Same technology 
 Standard error 

-0.0182* 
(0.0043) 

-0.00055 
… 

… 
… 

… 
… 

-0.0023 
(0.0045) 

-0.00007 
… 

Other technology in same group 
 Standard error 

… 
… 

… 
… 

… 
… 

… 
… 

-0.0755* 
(0.0041) 

-0.002 
… 

Technology in different group 
 Standard error 

… 
… 

… 
… 

-0.0002* 
(7E-06) 

-6E-6 
… 

-0.0002* 
(7E-06) 

-6E-6 
… 

       
Observations 106,188 106,188 106,188 
Log likelihood 67,936 69,069 69,539 
… not applicable 
* χ2 statistically significant at p < 0.05 
Notes: Dependent variable: p irtADOPTION τ . Also included are plant characteristics and agglomeration effects, control 

variables and fixed effects. Variables are defined in Table 3. This table shows results of the author’s calculations. 
Sources: Statistics Canada, 1993 Survey of Innovation and Advanced Technology and Annual Survey of Manufactures. 
 
Because technology adopters in the similar industries are of the most interest, and have the 
greatest effect, the effects of prior adopters in the similar industries are discussed here. The first 
three estimates in the “All technologies” column exhibit a clear pattern, showing that effects of 
prior adopters decline with the technological distance. A plant’s probability of adopting 
technology τ increases by 0.014% when the number of adopters of the same technology τ in the 
similar industries in the same economic region increases by 1%. However, the change in the 
probability of adoption due to the prior adopters of the same group of technologies (excluding 
the same technology τ) is not significant, while the effect of adopters of the different group of 
technologies is very small and negative with an elasticity of -0.00001. The results indicate that 
the positive spillover effects of prior adopters are exclusively coming from only those adopters 
of the same technology. Consequently, this proves that technological proximity is an important 
aspect in knowledge spillovers from prior adopters to potential adopters. The closer, or the more 
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similar, the technology adopted by prior adopters is to the technology to be adopted by potential 
adopters, the greater are the spillover effects. 
 
Furthermore, the results reconfirm that the positive effects of the local presence of technology 
users come through a technology-specific channel within each industry × region level. This is 
strong evidence that the spillover effects obtained in this paper are not driven by factors that are 
common to the industry × region or the technology × region levels, but instead are driven by 
factors that work at the interaction of the technology × industry × region × time level. 
Incorporating the finding of the main result in Section 5.1, where the spillover effects are 
greatest from technology users in other industries rather than adopters in own 4-digit SIC 
industry, the spillover effects identified in this paper are at an even higher level than the 
technology × industry × region × time level, and hence substantiate the core results once again. 
 
5.5 Other agglomeration effects 
 
Previous sections have analysed how the presence of prior adopters of technology affects 
potential adopters’ decisions in the functional proximity, geographical proximity and 
technological proximity. However, there are other external factors that affect technology 
adoption in addition to the knowledge spillovers from prior users. We will discuss the effects of 
other agglomeration externalities—the size of the regional economic activities, a skilled labour 
force and the presence of input suppliers and output consumers—that affect the probability of 
technology adoption. The results are presented in Table 9.  
 
The first column in the upper panel of Table 9 presents how the scale of regional manufacturing 
activities, measured by regional employment, affects the probability of technology adoption of a 
plant. The coefficient on regional employment, , 1_ ir tEMP REGION − , is positive and significant, 
with elasticity of 0.02. This implies that a plant located in a census division with manufacturing 
employment of 300,000 has a 20% higher probability of adopting a given technology compared 
with a plant located in a census division with 10 times less manufacturing employment of 
30,000, holding everything else equal. This supports the claim that technology adoption in a 
region is facilitated by the regional agglomeration.  
 
It is natural to ask what type of regional agglomeration is responsible for facilitating technology 
adoption in a region. Is it regional specialization in just a few industries (as in Marshall 1920) or 
regional diversification of industries (as in Jacobs 1970) that facilitates technology adoption? 
The second column in the top panel of Table 9 presents how the agglomerations of different 
groups of industries—categorized in terms of the similarities in input purchases—differently 
affect the probability of technology adoption in a region. The variable, ‘employment in similar 
industries,’ captures how a plant’s probability of technology adoption is affected by the size of 
the employment in similar industries. The negative estimated coefficient implies that the 
probability that a plant adopts a technology actually decreases with the agglomeration of similar 
industries in a region. The results further reveal that a plant is more likely to adopt a technology 
as the size of the moderately similar industries in a region increases, but it does not seem to be 
affected by the size of the different industries in a region. 
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Table 9 
Other agglomeration effects 
 Technology adoption 

of a plant 
Technology adoption 

in a region Agglomeration effects 
Coefficient Elasticity Coefficient Elasticity  

Employment effects      
Regional employment 
 Standard deviation 

0.0656* 
(0.0087) 

0.020 
… 

… 
… 

… 
… 

Employment in similar industries 
 Standard deviation 

… 
… 

… 
… 

-0.0714* 
(0.0079) 

-0.0022 
… 

Employment in moderately similar industries 
 Standard deviation 

… 
… 

… 
… 

0.0563* 
(0.0039) 

0.0017 
… 

Employment in different industries 
 Standard deviation 

… 
… 

… 0.0065 
(0.0073) 

0.00020 
… … 

     
Other agglomeration effects      
Input 
 Standard deviation 

0.0760* 
(0.0079) 

0.014 
… 

0.0760* 
(0.0079) 

0.014 
… 

Output 
 Standard deviation 

-0.139* 
(0.0088) 

-0.013 
… 

-0.139* 
(0.0088) 

-0.013 
… 

Engineer 
 Standard deviation 

4.39* 
(0.97) 

1.07 4.39* 
(0.97) 

1.07 
… … 

     
Observations 106,188 106,188 
Log likelihood 67,937 68,172 
… not applicable 
* χ2 statistically significant at p < 0.05 
Notes: Dependent variable: p irtADOPTION τ . Also included are plant characteristics, other agglomeration effects, 

control variables and fixed effects. Variables are defined in Table 3. This table shows results of the author’s calculations. 
Sources: Statistics Canada, 1993 Survey of Innovation and Advanced Technology and Annual Survey of Manufactures. 

 
This suggests that the agglomeration of moderately similar industries in a region, not the 
agglomeration of similar or different industries, is what facilitates technology adoption. This 
supports Jacobs’ (1970) claim of diversification economies: plants benefit more from having a 
diverse set of industries that brings new ideas and practices to one place. The result, however, 
points to a more interesting implication: learning is maximized when plants are different enough 
to learn from, yet they are similar enough that the knowledge learned is relevant. This provides 
an added insight in terms of how diverse should the diversified economies be in order to 
optimize inter-organizational learning and to facilitate technology adoption in a region. An 
alternative interpretation on the negative effect of the agglomeration of the similar industries is 
that fierce competition for market share may bring down profits and, consequently, decrease the 
likelihood of technology adoption. Both hypotheses consistently emphasize that not only does 
the size of the regional agglomeration matter but, more importantly, which agglomeration of 
industries may be more relevant. 
 
This result is comparable to that obtained on the effect of prior adopters. In the case of 
technology users, the effects are greatest when prior adopters are in the similar-industry group, 
yet they should not be in the same industry. However, for employment, the scope is broader in 
that the effects are greater when regional employment is high in moderately similar industries.  
 
The lower panel of Table 9 presents the effects of the presence of scientists and engineers, input 
suppliers and output consumers. The coefficient on , 1r tENGINEER −  is estimated to be highly 
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significant, with an elasticity of 1.07. This implies that a 1-percentage-point change in the share 
of scientists and engineers in the population in a census division, say from 4.1% to 5.1% (or, 
24% change in the share), increases the probability of a plant adopting a given technology by 
26%.18 The significant effect of a regional specialized, skilled labour force is consistent with the 
claim that having an abundance of people who have technological knowledge and know-how 
increases the absorptive capacity, and hence increases the likelihood of the technology adoption 
in the region.19 The effects of the ‘local presence of input suppliers in a region’ are estimated to 
be positive and significant, supporting the theory that technology adoption is enhanced by the 
presence of input suppliers in the region.20 Quantitatively, the elasticity of 0.014 indicates that 
the magnitude of the effect of the local suppliers is about two thirds of the effect of the regional 
employment. 
 
5.6 Organizational characteristics 
 
In analysing the effects of knowledge spillovers and other regional agglomeration aspects, it is of 
great importance to control for plant heterogeneity and not come to false conclusions on the 
effects of externalities for each plant. Table 10 presents the estimated effects of plant 
characteristics that are controlled throughout the various specifications presented in this paper. 
Because estimates of plant characteristics remain very stable and robust throughout 
specifications, estimates from the main specification are presented and discussed here. 
 
The estimated effect of employment indicates that a plant’s probability of technology adoption 
increases by 0.22% with a 1% increase in plant employment size. This is consistent with the 
theory that organizational capabilities and resources are one of the most important factors in 
technology adoption. The negative effect of the number of commodities produced in a plant 
suggests that the internal economies of scale—which are inversely correlated with the number of 
commodities—are positively related with technology adoption, even after controlling for plant 
capacity. This may be due to the spread of the costs of technology over the greater volume of 
output that is produced when the scale of production becomes larger. Diversity in information 
channels, as measured by the number of 4-digit SIC industries in which a plant operates, is 
positively correlated with technology adoption. Furthermore, technology adoption is less likely 
in single-plant firms or domestically (Canadian) owned plants compared with plants in multi-
plant firms or foreign-owned plants, even after controlling for plant size. This suggests that the 
benefits of being a part of a multi-plant or foreign-owned firm not only come from plant size, but 
also from the information and resources available from elsewhere.21

 

                                                 
18. The average share of scientists and engineers in a region is 4.1%, and the variation in a region is fairly small. 

Since elasticity in the logit model captures the change in probability due to a percentage change of an 
independent variable at a local point, the interpretation of elasticities in the logit should be done with care. With 
the S-shaped cumulative distribution function, an increase in the probability diminishes when moving to the 
higher value of a variable. 

19. This finding is consistent with that of Dumais, Ellison and Glaeser (1997) that labour pooling is one of the most 
significant externalities of agglomeration.  

20. The importance of local suppliers is also documented in Kelley and Helper (1996).  
21. The higher technology uptake rates among foreign-owned firms are documented in Baldwin and Gu (2004).  
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Table 10 
Organizational characteristics 
Variable Main regression 
 Coefficient Elasticity 
Size 
 Standard deviation 

0.557* 
(0.0076) 

0.017 
… 

Age 
 Standard deviation 

-0.0752* 
(0.009) 

-0.0023 
… 

Diversity 
 Standard deviation  

0.100* 
(0.0085) 

0.003 
… 

Commodity  
  Standard deviation 

-0.115* 
(0.0091) 

-0.0035 
… 

Small 
 Standard deviation 

-0.0407* 
(0.020) 

… 
… 

Foreign 
 Standard deviation 

0.0860* 
(0.015) 

… 
… 

Single -0.182* 
(0.016) 

… 
 Standard deviation … 
   
Observations 106,188 … 
Log likelihood   67,936 … 
… not applicable 
* χ2 statistically significant at p < 0.05 
Notes: Dependent variable: p irtADOPTION τ . Also included are prior adopters, other agglomeration effects, control 

variables and fixed effects; plants are small if employment is less than 20. This table shows results of the author’s calculations. 
Size is equal to total employment; age is plant age; diversity is the number of Standard Industrial Classification 4-digit industries 
in which a plant operates; commodity is the number of commodities a plant produces; small: plants are small if employment is 
less than 20; foreign is a dummy variable for a foreign-owned plant; single is a dummy variable for single-plant firms. Small, 
foreign and single are all equal to 1.  
Sources: Statistics Canada, 1993 Survey of Innovation and Advanced Technology and Annual Survey of Manufactures,. 
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  6. Conclusion 
 
 

n this paper we began by documenting the higher degree of geographic concentration among 
technology adopters than in plants overall. Motivated by this observation, along with 

frequently mentioned benefits of knowledge spillovers in agglomerated regions, this paper has 
investigated the presence of knowledge spillovers in technology adoption by analysing the 
pattern of technology adoption across plants and, if it exists, the scope of the knowledge 
spillovers. We used various rich sources of information and surveys to carefully identify 
knowledge spillovers from prior adopters of technology to potential adopters of technology, 
looking separately at the effects of various other agglomeration externalities—exogenous effects, 
local amenities and plant heterogeneity. We did this by analysing the scope of knowledge 
spillovers along the various dimensions of sectoral, geographical and technological proximities. 

 I

  
The key finding of this paper is that a plant’s probability of adopting a specific technology is 
facilitated by the presence of local prior adopters of the same technology in similar industries. 
By identifying the knowledge spillover effects along the interaction of 
technology × industry × region × time, this investigation has overcome the difficulties of 
identifying unobservable-knowledge spillover that may affect technology-adoption decisions. 
Furthermore, by showing that the greatest spillover effects are from prior adopters in the similar-
process-yet-different-product market, it provides a very convincing story that the effects 
identified are highly unlikely to be a result of spurious correlation at any level. The distinct 
monotonically decaying pattern of knowledge spillovers in all three dimensions of functional, 
geographical and technological distance confirms the result. This paper finds that knowledge 
spillovers from prior adopters are bounded along the three dimensions: geographical proximity, 
production-process proximity and technological proximity.  
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  Appendix A: Construction of variables 
 
 
1. Variables on other agglomeration externalities 
 
The following measures of agglomeration effects are calculated at the level of the census 
division, denoted as r, in which the plant is located, using the information from the Annual 
Survey of Manufactures (ASM).22 Because the ASM comprises almost all manufacturing plants, 
these agglomeration effects can be measured at the higher level of census division without 
worrying whether it is representative of the population.  
 
The scale of manufacturing activities in a region, Regional Employmentrt, is measured as the 
natural log of employment in the manufacturing sector in the census division. Similar to prior 
adopters of technology, Regional Employmentrt can be decomposed into three groups: 
employment in similar, moderately similar and different industries.  
 
Specialized skilled labour in a region, , is calculated as the proportion of people with 
science or engineering degrees in the census division.

rtEngineer
23  

 
& rt

rt
rt

Scientists EngineersEngineer
population

⎛ ⎞
= ⎜ ⎟
⎝ ⎠

 

 
The presence of input suppliers for industry i in census division r at time t is calculated as 
 

ln jrt
irt jit

j i jt

E
Input I

E≠

⎛ ⎞
= ⎜ ⎟⎜ ⎟

⎝ ⎠
∑  

 
where jitI is the value of industry i’s input that comes from industry j at time t, jrtE  is industry 
j’s employment in census division r at time t, and  is total employment in industry j at time t. 
Since the National Input–Output Tables provide the flows of input and output at the national 

jtE

                                                 
22. One could argue that for the labour market measure, it may be more appropriate to use functional urban areas 

(e.g., metropolitan areas) that take account of commuting patterns rather than use census divisions. Despite this, 
census divisions are used for the following reason: because a significant portion of plants in the data are located 
in non-metropolitan areas, the use of functional urban areas would entail the dropping of these observations. 
Given the size of the data set and the valuable information contained in plants that are located in non-
metropolitan areas, it is worthwhile keeping as many observations as possible, even if it means that we have to 
use census divisions rather than more appropriate functional urban areas. 

23. Information on the major field of study is obtained from the Census of Population. This information has been 
collected since 1986. Hence, for observations for Period 1 (1985 to 1987), the 1986 Census of Population is 
used. Using labour information from 1986 for Period 1 would not make much difference, since a change in the 
proportion of people with science or engineering degrees is expected to be very small.  
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level, values at the regional level are calculated using the proportion of employment in the 
census division over national employment. The presence of output purchasers for industry i in 
census division r at time t is calculated similarly as 

ln jrt
irt jit

j i jt

E
Output O

E≠

⎛ ⎞
= ⎜ ⎟⎜ ⎟

⎝ ⎠
∑

 
 
where  is the value of industry i’s output that goes to industry j.  jitO
 
2. Organizational characteristics 
 

pirtX  is a vector of plant characteristics that includes: Size (plant’s employment) to capture the 
willingness, the ability and the profitability of an organization to adopt new technology;24 Age 
(plant age) to capture the differences in a plant’s adaptability and flexibility in response to the 
newly available technologies; Commodity (number of commodities produced in a plant) to 
capture the extent of technology use and the reduction in the adoption cost arising from the use 
of processes within a single operating unit to produce or distribute more than one product; 
Diversity25 (number of 4-digit SIC industries in which a plant operates) to capture the diversity 
of an organization’s information channel and opportunities to learn about potential knowledge; 
Foreign (dummy variable for a foreign-owned plant) to capture the advantage of an internal 
access to the parent firm elsewhere and an access to certain resources and information that are 
not available to domestically owned plants;26 and Single (a dummy variable for single-plant 
firms) to capture the differences between plants that are a part of a multi-plant firm versus single-
plant firms in terms of the access to non-local resources, knowledge and information. 
 
 

                                                 
24. For more detailed theories on the importance of firm capabilities in technology adoption, see Kelley and Helper 

(1996), Dosi (1988), Cohen and Levin (1989) and March (1981). 
25. For more on this, see Kelley and Helper (1996). 
26. Baldwin and Diverty (1995) show that Canadian plants are less productive than foreign-controlled plants. 
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  Appendix B 
 
 
Table B.1 
Summary statistics of sizes of related industries 

 
 
Industry category 

Average number  
of SIC-3 

industries 
Standard 
deviation Minimum Maximum 

     
Similar industries 6.65 5.61 1 20 
Moderately similar industries 8.89 4.02 0 33 
Different industries 92.46 9.60 69 107 
SIC-2 industry 4.95 2.61 1 9 

Notes: SIC stands for Standard Industrial Classification. This table shows results of the author’s calculations. 
Sources: Statistics Canada, 1993 Survey of Innovation and Advanced Technology and Annual Survey of Manufactures. 
 
 
 
 

Table B.2 
Linear probability models with fixed effects 
 
 

Economic 
region 

Census 
division 

Economic 
region × 

SIC-31

Census 
division × 

SIC-3 

Technology 
× SIC-3 

Technology use linkage      
Prior adopters in similar industries 
 Standard error 

0.0019* 
(7.08) 

0.0018* 
(6.57) 

0.0016* 
(5.85) 

0.0018* 
(6.71) 

0.0015* 
(5.35) 

Prior adopters in moderately similar industries 
 Standard error 

0.0014* 
(5.21) 

0.0015* 
(5.42) 

0.0015* 
(5.63) 

0.0015* 
(5.51) 

0.0014* 
(5.38) 

Prior adopters in different industries 
 Standard error 

0.00002 
(0.07) 

0.00003 
(-0.44) 

0.0002 
(0.55) 

0.00007 
(0.22) 

0.0003 
(0.39) 

     Fixed effects 
Time ( t ) yes yes yes yes yes 

yes yes yes yes yes Technology  (τ ) 
Industry (SIC-3 : i ) yes yes no no no 
Region (economic region: R) yes no no no no 
Region (census division: r ) no yes no no no 
Region-industry 
(SIC-3*economic region : i ×  R ) no no yes no no 
Region-industry 
(SIC-3*cendus division: i  ×  r ) no no no yes no 
Industry-technology 
(SIC-3*Technology : i  × τ ) no no no no yes 
      
Observations 105,902 105,902 105,902 105,902 105,902 
R-square 0.051 0.059 0.061 0.072 0.059 
* χ2 statistically significant at  p < 0.05 
1. 3-digit Standard Industrial Classification code. 
Notes: Dependent variable: p irtADOPTION τ . Also included are plant characteristics and agglomeration effects. Variables 

are defined in Table 3. This table shows results of the author’s calculations. 
Sources: Statistics Canada, 1993 Survey of Innovation and Advanced Technology and Annual Survey of Manufactures. 
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