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1. INTRODUCTION

Popular accounts suggest that research and development (R&D) facilities are highly spatially
concentrated into comparatively few geographic locations such as Silicon Valley and the Route
128corridor outside BostorThat R&D labs are geographically concentrated is immediately
evident from examining a national map of the locations of private R&D establishments (Figure
1). What is not immediately clear from the map is whether the spatial concentration daB&D

is significantly greater thaeconomicactivity in generalAre the clustering of R&D labs ithe

Silicon Valley and in Cambridge, MArominent example®r are they simply exceptions to the
rule?The primary purpose of the research addressed in this papeataseminewhether the

spatial pattern dR&D laboratoriesobserved in Figure s somehow unusualhatis, is it

different from what we would expect based on the spatial concentratemowdmic activity

We answerhis questiorby usinga new locatiorbaseddata set of private R&D lalisgether

with pointpattern method® document and analyze patterns in the geographic concentration of

U.S. R&D labs

A key issue addressed in this paper is how to measure the spatial concentration of R&D labs.
number of pevious papers have used a spatial Gini coefficient to measure the geographical
concentration of economic activity. Audretsch and Feldman (1996) were among the first to use a
spatial Gini approach to show that innovative activity at the state level tebhdstmsiderably

more concentrated than is manufacturing employnigigon and Glaesgd997) & hereafter

EGJ extended the spatial Gini coefficient to condition not only on the location of

manufacturing employment but also oniam d u s t r y OteucturetAcwmbdr of reeeht s
studies have used the EG index to measurgebgraphiclustering of manufacturing

employment at the zip code, countyetropolitan statistical areMEA), and state levels (see,
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for example, Ellison and Glaeser, 1997; Rosahand Strange, 2001; and Ellison, Glaeser, and
Kerr, 2010).While theEG indexaccounts for the general tendency for economic activity to
concentrate spatially, it nonethelessfers from a number of important aggregation issues that
result from using &ixed spatial scaléAs has been pointed out Byranton and Overman (2005)

0 hereafterDO & EG indices transform points on a map (establishments) into units in boxes
(such agzip codes, countie$/SAs, and states)Vhile this aggregation of the data ifaates
computation, this approach leads to a number of aggregation i$hedwst is known as the
modifiable arebunit problem (MAUP).These metrics depend upon the boundaries used to
demarcate regions, and conclusions may differ if counties veledes,Sor example, are used as
boundaries. The MAUP grows in severity as the level of aggregation increases. A related issue is
referred t o aeachredionisdoasideredfarf exctusive pone, and the closeness of
activity in neighboringegions is not factored iWhile Philadelphia and Montgomecgpunies

border each other and have activity spilling across tieogunty level analysdabey are treated

as being as distant from each other as they are fraAhgelesCounty. These partitiornsften

lead to underestimations of concentration.

Rather than usindiscrete offixed geographic units, such as countieSI&As, we use

continuous measures to identify the spatial structure of the concentrations of R&D labs.
Specifically, we use point parn methods to analyze locational patterns over a range of selected
spatial scalese(g.,within a half mile,onemile, five miles, etc.). This approach allows us to
consider the spatial extent of the agglomeration of R&D labs and to measure any attavfuati

clustering with distance more accuratély.

! Other studies that have used continuous measures of concentration thokelbyMarcon and Puech (2003) for
French manufacturing firms; Arbia, Espa, and Quah (2008)dtents in kly; and Murata, et al. (2015) for patent
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Following DO, we look for geographic clusters of labs that represent statistically significant
departures from spatial randomness using simulation techniques. We do not assume that
Arandomne s siormidistipblutioneoBR&B activity. Rather, we focus on statistically
significant departures of R&D ldbcatiors at each spatial scale from the distributioarof
appropriatelydefined measure of econonactivity (such as manufacturing employmeatjhat
scale. This is important becaustedies have shown that manufacturing activity is agglomerated
at various spatial scales (e Bllison and Glaesef997; Rosenthal and Strange, 2001; and
Ellison, Glaeser, and Kerr, 201@ydthe large majority of R&D @ivity is performed by
manufacturing firmsOur main results take manufacturing employment as the benchmark, but
our findings are robust to alternative benchmarks such as manufacturing establishm#rms and

total employment ofcience, technology, engereng, and math (STEM) workers.

While this multiscale approach is similar in spirit to that of DO, our test statistics are based on
Ri pl(@y&Kksf uncti on r &dkaesitlgan apWhdedhz D@ apprdachD O.
canrevealthe spatial scale athich concentration occurs, it does not tell us where in space the
concentration occur&-functions can easily be disaggregated to yield information about the
spatial location=of clusters of R&D labs at variospatialscalesWe take advantage of this

feature ofK-functions to perform the local cluster analysis in Section 4.

We begin the analysis by usigtpbal K-function statistics to test for the presence of significant
clustering over a range of spatial scaf@ar data set consists alimost1,700R&D labs in
California and in a 1@tate area in the Northeasirridor of the United State®Ve find strong

evidence of spatial clustering at even very small spatial sgaldistances as small as ehalf

citations.Kerr and Kominers (20J51se continuous measuriesa more general model, one application of which
uses data on patent citatio®ee Carlino and Kerr (2015) for a recent review of thésdture.
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mile & and this clustering tends é&xhibit rapidattenuation as scales increase. This pattern is

consistent with empirical research on human capital spillovers and agglomeration economies

Next, wefocuson the question oirhereclustering occurs using a more refined procedure based
on localK-functions Weintroduce a novel procedure calliggt multiscale coreluster approach

to identify the location of clusters and the number of laltkeseclusters Core clusters at each

scale are identified in terms of those points with the most significantdlusaéring at that scale.

By construction, core clusters at smaller scales tend to be nested in those at larger scales. Such
core clusters generate a hierarchy that reveals the relative concentrations of R&D labs over a
range of spatial scales. In partiaylat scales dfve and 10 miles, these core clusters reveal the
presence of the major agglomerations visible on any @apanalysis identifieBour major

clustersin the Northeastorridor (one each in Boston, New YdrkorthernNew Jersey,

Philadelphai Wilmington, and Washington, D.§.and three major clusters in California (one

each in the Bay Ared.os Angeles, and San Diego).

Our work differs from past studies in a number of w&ather than looking at the geographic
concentration of firms engagé@dthe production of goods (such as manufacturing), we use a
new locationbased data set that allows us to consider the spatial concentration of private R&D
establishmentfRather than focusing on the overall concentration of R&D employment, we
analyze tle clustering of individual R&D labs. Our analytical approach also permits such
clustering to be identified at a range of scales in continuous space rather than at a single
predefined scaldmportantly, the ge of the R&D lab data allows us to more acalyatssign

labs to locations since we have their complete addrems@smprovement on using patent data to
measure the location of innovative activithis allows us tamplement testor geographic

concentratiorwith very high precision at even the dhast of spatial scale&\n important
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limitation associateavith patentdataused in most past studies to analyze the spatial

concentration of innovative activitg that only the zip codes of the invenforsr esi dent i al
addressearelisted on the patenWith patent data, one can only consider the geographic

clustering of innovative activity at the average size of zip gatesthis is subject to

measurement error if inventors live and work in different zip cofleshown in Table 1, the

typical size ofa zip code in the Northeasirridor is about 3@quare mileswhile the average

sizein Californiais almost 10Gquaremiles.Use of the patent information is further

complicated in that many patents have multiple inventors who often reside in difbe@ians.

Patents do contain information on the assignee (usually the company that first owned the patent)
butresearchergypically do not use the assignee address because this may not reflect the location
where the research was conducted (e.qg., itlneatyre address of the corporate headquarters and

not the R&D facility).Finally, unlike theK-density approach, our lockunction method can

be used to identify where in space clustering is occyrsimgething that is new to the

agglomeration literatux.

We also use the globKEHunction technique to examine the concentration of R&D labs in

specific twadigit StandardindustrialClassification (SIC)ndustries relative to the concentration

of labs across all industrieBhis setsa higher bam our tess of spatial concentraticas well as
avoids a potential measurement issue at very small spatial scales that may occur whem we use
benchmarkhat is not poinpattern dataWe find at small spatial scales (such as within a tao
threeblock area) thaB7 percent of the industri@s the Northeastorridor are significantly more
concentrated compared with overall R&D labs #ratnone are significantly more disperséd.
California, 50percentare significantly more localized than R&D labs in genérhak rapid
attenuation of significant clustering of labs for many individual industries is consistent with the
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view that at least one important componerag@glomeration economiesust be highly

localized
2. THEORY AND DATA
2.1 Data

We introduce a novelata set in this paper based on the 1&$i8onof theDirectory of

American Research and Technolpgiich profiles thdR&D activities of public and private

enterprises in the United States. The directory includes virtually all nongovernment facilities

engaged in any commercially applicable basic and applied research. For this paper, our data set
contains the R&D establishments (Al abso) asso
ranked in terms dR&D expenditure in CompustaiThese firms represitslightly less thar®5

percent of all R&D expenditures reported in the 16@8@ionof Compustat for 1998Thus, each

lab in our data set is associated with its Compustat parent firm and information on its street

address and a text description of @search specialization(s) to which we have assigned the
corresponding foudigit SIC codes. Using thaddressnformation for each private R&D

establishment, we geocoded the locations of more tl@® 3abs (shown in Figure 1).

2We referenced several additional sources both to-otessk the information provided by this directory and to
supplement it when we could not locate an entry for a Compustat listing. Dalton and Serapio (1995) provide a list of
locations of U.Slabs of foreigrheadquartered firms. In some cases, we found information about the location of a

firmds | aboratories in the @Res e-Kfiliogswith thelJ.SCBecurgidssop ment 0
and Exchange Commission. The following ca@np databases were also used to supplement or confirm our main
sources: Hoover 6s Company Records dat adtahase andtMer gent On|

American Businesand Servicéirectory.

SAlthough we cannot know for sure the impanttbe analysis of including smaller labs, if these labs tend to cluster
near larger labs as is widely believed, then we will underestimate the significaslustefing of R&D labsSome
clusters that fail our tests of significance may indeed be significelustered in that case as well, and some cluster
boundaries may be slightly diffent than what we identify.

7



In this paper, we analyze/d major regions of the U.S.: the Northeemtridor and the state of
California. There ar@,035 R&D labs in 10 states comprising the Northeastdor

(Connecticut, Delaware, Maryland, Massachusetts, New Hampshire, New Jersey, New York,
Pennsylvania, Ride Island, and Virginia, including the District of Colum&iathe Washington,

D.C,, cluster). There are 645 R&D labs in California.

Even at the most aggregate level, it is easy to establish that R&D activity is relatively
concentrated in these two regsoifror example, in 1998, otleird of private R&Dlabs and 29

percent of private R&D expenditures were located within the Nortleeesior compared with

22 percent of total employment (21 percent of manufacturing employment) and 23 percent of the
populaton. California accounted for almost 22 percent of all private R&D labs and 22 percent of
private R&D expenditures in 1998 compared with 12 percent of total employment (11 percent of
manufacturing employment) and 12 percent of the population. Togeths tithe regions

accounted for the majority of all U.S. private R&D labs (and private R&D expenditures) in

1998% This concentration is consistent with Audretsch and Feldman (1996), who report that the
top four states in terms of innovation in their dataCalifornia, Massachusetts, New Jersey, and

New York.

In our formal analysithat follows we assess the concentration of R&D establishments relative
to a baseline of economic activity as reflected by the amount of manufacturing employment in
the zip codeThese data were obtained from the 198Rimeof Zip Code Business Patterns.

Given that the vast majority of our R&D labs are owned by manufacturing firms, manufacturing

4 Data for private R&D expenditures are from Table A.39 of National Science Foundation (2000).
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employment represents a good benchmdirks possible that owners of R&D labs loedhese
facilities using different factors than they use for locating manufacturing establishments. We
address this conceby usang total employment data at the census block level for 2002 from the
Longitudinal EmployeHousehold Dynamics (LEHD) survey igentify feasible lab locations

within each zip code.

Table 1 presents summary statistics for zip codes in the Nortloeedbr and in California for

1998. The average zip code in the Northeastidorin 1998had about 29 square miles of land

area wih a radius of aboutvo and a halmiles in 1998. Since there were approximately 6,044

zip codes in the Northeasrridor in 1998, thergvas, on average, one R&D facility for every

six zip codes in this part of the country. The average zip code in ttieddstcorridor had about

4,300 jobs in 1998, 13 percent of which were in manufacturing. In California, the average zip
code consisted of about 96 square miles of land area with an average ratigiglgfiess than

four miles. The average zip code imlornia had almost 6,000 jobs in 1998, 14 peroént
whichwere in manufacturing. Table 1 also provides descriptive statistics for those zip codes
containing one or more R&D labs. These zip codes are physically smaller (with a radius of about

two miles n each region) and contain three to four times more employment.

2.2 Theory

How do we account for the geographic concentratidR&ID activity observed in this paper
Much of the theoretical literature on urban agglomeration economies has focused ofiteegerna

in the production of goods and services rather than on invention itself. Nevertheless, the three

51n Section5.1, we develop aalternative bechmark(or backcloth) fomnalyzing R&D clustering with respect to
STEMworkers In Appendix A, we report results of our analyssgg manufacturing establishmentsaas
alternative benchmark. As we will see, our main findings are highly robust toetof akernative backcloths.
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formal mechanisms primarily explored in the literatérenowledge spilloverssharing,and

matchingd are also relevant for innovative activity.
2.2.1 Knowledge Spillovers

Spatial concentration of economic activity facilitates the spread of tacit knowMdge than

most types of economic activity, R&D depends on knowledge spillovers. A high geographic
concentration of R&D labs creates an environmenthich ideas move quickly from person to
person and from lab to lab. Locations that are dense in R&D activity encourage knowledge
spillovers, thus facilitating the exchange of ideas that underlies the creation of new goods and

new ways of producing exiag goods.
2.2.2 Sharing and Matching

Thick factor markets can arise when innovative activity clusters lotathyghthe development

of pools of specialized workefs.g, STEM worker$ andagreater variety of specialized

business servicge.g, paten attorneys, commercial labs for product testing, and access to
venture capitdl As Helsley and Strange (2002) have shown, dense networks of input suppliers
facilitate innovation by lowering the cost needed to bring new idefasiton. Thick labor

markets also can improve the quality of matches in local labor mgii&etbant, Reedand

Wang 2006; Hunt 2007Also, specialized workers can readily find new positions without

having tochange locations.€.,job hopping).

2.2.3 ConnectionBetweenTheory and Evidence

6 See Duranton and Puga (2003) for a more thorough discussion of the microfoundations of urban agglomeration
economies.
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In this paper, we do not attempt to identify the mechanism(s) underlying the geographic
concentrations of labs we obserWe abstract from theoretical considerations sintply
imposea statistical requiremeran our tests for localizatioio determine whether R&D labs are
clusteredThis approachs based om test ofasimple location model (i.eR&D locations are
more clustered than would be expected from random draws from the distribution of overall

manufacturing employment
3. GLOBAL CLUSTER ANALYSIS

A key question is whether the overall patterns of R&D locations in the two regions we examine
exhibit more clustering than would be expected from the spatial concentration of manufacturing
in those regionslo address this question statiatly, we start with the null hypothesis that R&D
locations are mainly determined by the distribution of manufacturing employmtént azip

code Since the data are at the zip code lgivet necessary to assume that manufacturing
employment is unifonly distributed within a zip cod&his assumption is reasonable if zip

codes are sufficiently smakince we know the street addressethefabs, then, at spatial scales
smaller than the typical zip code size, these locations will tend to exhibitcegree of

spurious clustering of labs relative to random locatfdnsour sample, e radius of a typical zip
code is aboutwo miles forzip codes containing at least diad (Table 1) Sincewe are

interested in possible clustering of R&D labs atessdlelow the average sizes of zip codes, it is
necessary to refineur null hypothesisTo do this, ve obtained total employment data at the

census block level for 2002 from the LEHD suvagd use thse datao identify feasible lab

7We thank Gilles Duranton for this observation.

8 More specifically, the LEHD offerpublicly availableWorkplace Area Characterisi¢WAC) data at the census
block level as part of the largekEHD Origin-Destination Employment Statistics dagase.
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locations within eachip code are@Blocks with zero employment are clearly infeasible (such as
public areas and residential zones), and blocks with higher levels of total employment are
hypothesized to offer more location opportunities. It is also implicitly hypothesiaed th
accessibility to manufacturing within a given zip code area is essentially the same at all locations
within that zip code. S@ven in blocks where there is no manufacturing, locations are regarded

as feasible as long as there is some type of employpnesegnt.°

Our basic null hypothesis the following
Hypothesis 1

Lab locations are no more concentrated than manufacturing employment at the zip code
level and themo more concentrated thaatal employment within each zip code.

In order to test whber the observed R&D lab locatioase agglomerated relative to the
benchmark identifieth Hypothesis 1, we generate counterfactaahtions consistent with
Hypothesis lusinga threestage Monte Carlo proceduta this procedurd(j) zip code locatioa

are randomly selected in proportion to manufacturing employment levels, (ii) census block
locations within these zip codes are selected in proportion to total employment levels, and (iii)
point locations within blocks are selected randomly. It shoulthdetioned that actual locations

are almost always along streets andhcairof course, be random within blocks. But, as

discussed in Sectidh2, blocks themselves are sufficiently small to allow such random effects to

be safely ignored at the scales ofshielevance for our purposes.

® There are two exceptions that need to be mentioned. First, the state of Massachusetts currently protédes no da
LEHD. So, here we substituted 2011 ArcGIS Business Analyst Data for Massachusetts, which provides both
geocoded locations and employment levels for more than 260,000 establishments in Massachusetts. These samples
were aggregated to the census bl@slel and used to approximate the LEHD data. While the time lag between 1998
and 2011 is considerable, we believe that the zoning of commercial activities is reasonably stable over time. Similar
problems arose with the District of Columbia, where only 20M4C data were available.

10 An additional advantage of using total employment levels at scales as small as census blocks is that they are less
subject to censoring than finer employment classifications.

12



By repeating this procedure separately for the Nortleeasgtior (with n =1, 035location

choices) and for California (with= 645 location choices), one generates a pattern,

X=(x #r,s):i X..,n), of potential R&D locations that is consistent whtjipothesis 1

where (r.,s ) represents the latitude and longitude coordinates (in decimal degrees) at point
This process is repeated many times for each R&D location in the data set. In this way, we can
test whether thebserved point patterx® =(x° £r%s%:i X..,n), of R&D locationsis

Amore clusteredo than would be eaocgdngtothed i f t h

distribution ofmanufacturing employment.
3.1 K-Functions

The most popul ar measure of cl| usKfunctioniK¢d),f or po
which (for any given mean density of points) is essentially the expected number of additional
points within distancd of any given point?! In particular, if K(d) is higher than would be

expected undddypothesis 1then this may be taken to impiusteringof R&D locations

relative to manufacturing at a spatial scdld-or testing purposes, it is sufficient to consider

sample estimates &f(d). If for any given poini in patternX =(x :i 4,..,n), we denote the
number (count) of additional points ¥within distanced of i by C,(d); then the desiredample

estimate IE(d), is given simply by the average of these point cotfts

=4 G(d). )

i=1

"The term fAfunctiond e ofKi(ddependeosdistaicé, f act t hat values

2These average counts are usually normalized by the estimated mean density of points. But since this estimate is
constant for all point patterns considered, it has no effect on testing results.
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As described irbection3, we drav a set olN point patterns X°* =(x°*:i 4,..,n),s %.,,N, and
for a selection of radial distance®,=(d,,..,d, ), we calculate the resulting samp{efunctions,

{IES(d): di O, s4,.., N.Foreach spatial scald,i D, these values yield an approximate

sampling distribution oK (d) underHypothesis 1.

Hence, if the corregmding vaIue,IEO(d), for the observed point patteri,’, of R&D locations
is sufficiently large relative to this distribution, then this can be taken to imply significant
clustering relative to manufacturing. More precisely, if the va@(ad) Is treated as one

additional sample undet,,**and if the number of thes +1 sample values at least as large as

I (d) is denoted b°(d), then the fraction

N°(d)

p(d) =~

2

is a (maximm likelihood) estimate of thp-valuefor a onesided test oHypothesisl.

For example, ifN =999 and N°(d) = 10 so thaP(d) =0.01, then undeHypothesis 1there is

estimatedo be only a onén-a-hundred chance of observing a value as Iarg@(zds). Thus, at

spatial scal@l, there is significant clustering of R&D locations at the 0.01 level of statistical

significance.

3.2 Test Results for Global Clustering

13 At this point it should be noted thatince allsampl&-f unct i ons are subject to the
observed sample, the presence of edge effects should not influence our test results
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Our Monte Carlo test for clustering was carried out itk 999 simulations at radial distances,

di D H0.25,0.5,0.75,1,2,...,99,10 (i.e., at quartemile increments up to a mile and at ene

mile increments frononeto 100 mile$. Before discussing these results, it should be noted that
guartermile distances are approximately the smallest scale at which meaningful clustering can
be detected within our presesgatial framework. Recall that since locations consistent with the
null hypothesis are distributed randomly within each census block, they cannot reflect any
locational constraints inside such blocks. For example, if all observed lab locations are street
addresses, theat scalesmallerthan typical block sizes, these locations will tend to exhibit

some degree of spurious clustering relative to random locations. If relevant block sizes are taken
to be approximated by their associated (ciad@ivalentyadii, then since the average radius of

the LEHD blocks with positive employment is 0.15 miles in the Northemstor (ignoring
Massachusetts) and 0.13 miles in California, this suggests that 0.25 miles is a reasonable lower
bound for tests of clustery. In fact, the smallest radius used in most of our subsequent analyses

is 0.5 milest*

Given this range of possible spatial scales, our results show that clustering in the Northeast
corridor is so strong (relative to manufacturing employment) that tireagstip-values are

0.001 for all scales considered. The results are the same for California up to about 60 miles, and
they remain below 0.05 up to about 90 miles. Thus, our conjecture that private R&D activities

exhibit significant agglomeration is wellijgported bythesedatal®

4 Since mean values can sometimes be misleading, it is alsio matimg that only 6.2 percent of all the LEHD
block radii exceed 0.5 miles in the Northeewtridor. This percentage is about 4 percent for California.

15 1n addition, it should be noted thatnce 0.001 is the smallest possiplealue obtainable in owimulations (i.e.,
]/ (N +1) withN = 999), these results actually underestimate statistical significance in many casesNWibilk,

of coursebe increased, this sample size apptabe sufficiently large to obtaireliable estimates of sampling
distributions undeHypothesis 1.
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3.3 Variations in Global Clustering by Spatial Scale

Further analysis of these sampling distributions (both in terms of Sraapiilk (1965) tests
and normal quintile plots (not shown)) showed that they are well approximatexrogl

distributions for all the spatial scales tested.t8m@btain a sharper discrimination between
results at different spatial scales, we calculated-Bores for each observed estimﬁ%(,d) :

as given by

2(d) = B)- K, , d %0.25,0.5,0.75,1,2,...,99,10, 3)

d

where K, and s, are the corresponding sample means and standard deviations for-the

sampleK-values.

Thez-scores for the Northeastrridor are depicted in Figure 2a and thogeQGalifornia are

shown in Figure 2ISignificance levels decrease nearly monotonically for California, while in
the Northeastorridor, we see a humphaped pattern. Thegh z-scores are consistent with the
significance of the Monte Carlo resuftsted peviouslybut add more detailed information about
the patterns of significand Observe thatin both figures, clustering is most significant at
smaller scales but exhibits rapid attenuation as scales increase. This pattern is consistent with
empirical regarch on human capital spillovers and agglomeration economies mentioned in

Section 22.Y

3.4 Relative Clugering of R&D Labs by Industry

1 The benchmark value af =1.65, shown as a dashed line in both Figlzasnd2b, corresponds to@value of
0.05 for the onesided tests oflypothesis I expressionZ).

17 See Carlino and Kerr (2015) for a review of the literature on the localization of knowledge spillovers.
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We believe that the distribution of manufacturing employment provides a reasonably objective
basis for assessing patte of clustering by private R&D facilities. Nevertheless, the reasons for
establishing an R&D lab in a particular location may differ from those that determine the
location of manufacturing establishments. For example, R&D labs may be drawn to areas with
more highly educated labor force than would be typical for most manufacturing establishments.
Some R&D labs may etocate not because of the presence of spillovers but rather because of
subsidies provided by state and local governmengs,(wvhen technlmgy parks are partially

subsidized).

To explore such differences, we begin by grouping all labs in terms of their primary industrial
research areas at the tdiit SIC level'® With respect to this grouping, our null hypothesis is
simply that there arearelevant differences between the spatial patterns of labs in each group
(i.e., the spatial distribution of labs in any given industry is statistically indistinguishable from
the distribution of all labs The simplest formalization of this hypothesisodreat each group of
labs as a typical random sample from the distribution of all labs. More precisely tife total

number of labs (where =103¢ for the Northeastorridorand n =645 for California) and ifn,

denotes the number of these labs associatedndttstryj , our null hypothesidor industryj is:

Hypothesis2

The spatial distribution oR&D labs in industryj is not statistically distinguishable
from that of a random sample of sizgfrom all n labs.

8 We assign labs to an industry based on information contained Dirdetory of American Research and
TechnologyIn the Northeastorridor, there are 19 industrial groupings corresponding to@i@s 10, 13, 2023,
26i 30, 3239, and 73. In California, there are 16 industrial groupings corresponding to&€13, 16, 20, 26,
28i 30, 32 39, and 73The industry names of these St@des are indlided in Tables 2a and 2b.

17



Such random samples are easily constructedrmoraly permuting (reordering) the lab indices

1,..,n and choosing the first; of these (as is also done in DO). With respect to clustering, one

can then comparbe IE(d) values for the observed pattern of labs in indugtryith those fora

set ofN randomly samled patterns and derive bothvplues, P, (d) andzscores,z (d)

comparablavith those in expressions (2) and (3), respectively, (€) is sufficiently low(or
z,(d) is sufficiently high), then it can be concluded that there is significantly more clustering at

scaled for labs in industryj than would be expected undbenull hypothesis thatie

probability of finding a randomly selected R&D lab associated with a particular industry is

proportional to the total number of R&D labs in that area.

This approacthas two lenefits. First, it sets a much higher bar in our tests of spatial
concentration. Second, we can implement these tests with very high precision at even the
smallest of spatial scales. Using tbainterfactuaimethod we find thestrongest evidence for
thespatial concentration of R&D labs occurring at very small spatial scales (such as within a
two- to threeblock area)Before reporting the results of these (random permutation) tests, it
must be stressed that such results are only meannegdtiveto the population of all R&D labs
and in particular, allow us to say nothing abol clustering of R&D labs in general. But the
benefits of this approach are tfad. First, since the pattern of all R&D labs has already been
shown to exhibit significant chtering relative to manufacturing employment (at all scales
tested), the present results help to sharpen these general findings. Moreover, while this
sharpening could in principle be accomplished by simply repeating the global tests above for

each industrythe present approach avoids all issues of location feasibility at small scales. In
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particular, since the exact locations of all labs are known, we can use this information to compare

relative clustering among industries at all scales.

Turning now to theest results, thp-values for each of the 19 twdigit SIC industries in the
Northeastorridor are reported in Tabl2a for selected distances. As stapeeviously we are

able to analyze relative clustering at all scales, regardless of how smaittitmlar, at the

guartermile scalewe find that seven of these 19 industries (37 percent) are significantly more
localized (at the 0.05 percent level) than are R&D labs in gelfavlireover, none are

significantly more dispersed.Table2b reports the-values for each of the 16 twabigit SIC

industries in California for selected distances. We find Hia distance of a quartmiile, eight

of these 16 industries (50 percent) are significantly more localized (at the 0.05 percent level) than

are R&D lds in generat! Again, none are significantly more dispersed.

A graphical representation of these results is presented in Bigwieere the-scores for each of
the seven industries withemost significant clusterinogp the Northeastorridorareshown in
Figure3a, and those for seven thie eight most significant California industries are shown in
Figure3b.?? Because we are especially interested in the attenuatiescofres at small scales,
thesez-scores are calculated in increments of 0.25 nuifetofive miles. For all but one of these

industries in the Northeasorridor, the clustering of R&D labs is by far most significant at very

9 The seven industrieare Textile Mill Products; Stone, Claylass and Concret®roducts Fabricate Metal
Producs; Chemicals and Allied Products (this category includes drivgsgsuring, Analyzingand Controlling
Instrumens; Miscellaneous Manufacturing Industries; and Business Services

20\With respect to dispersion, two of the 19 industries are found to be significantly npeeseisstartig at a
distance of five miles, and a third induséyhibits some degree of relaée dispersion at 50 miles

21 The eight industries are Chemicalsd Allied ProductsRubberand Miscellaneous Plasti®soducts; Primary
Metal Industries; Industrial and Commercial Machinery; Electroaiml Other Electrical Equipmentransportation
Equipment; Measuring, Analyzing, and Controllihgstrumentsand Business Services.

22To conserve space, the graph of zrezoredor RubberProductss not shown in Figure 3b since the labs doing
R&D in this industry accounted for less than 1 percent déb# in California.
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small spatial scale® a quarter mile or less. The lone exceptiolliscellaneous Manufacturing
Industries (SIC39), where the highegtscore occurs at a distancejudt undertwo miles. In
California, the clustering of R&D labs is most significant at very small spatial scales for four of
the seven industries shown in TaBke Two of the other industries, Eleatro and Other

Electrical Equipmenand Business Servicdsave local peaks at ofmalf mile and at one mile,

respectively.

In addition, Figure8a shows rapid attenuation »&cores at small scales for all seven industries

in the Northeastorridor. Moreover, for most of these industridbere is essentially a monotonic
decline inz-scores at all scales shown. While degrees of significance at larger scales vary among
industries, the relative clustering of labs in both the ChemaralsAllied ProductandBusiness
Services industries continues to be significant at all scales shown. (For Business Services in
particular, all but onef these labs are associated with firms engagéueioomputer

programming or data processisigbcategorie} Turning to Califonia, Figure3b shows rapid
attenuation of-scores at small scales for four of these seven industries. The other three
industries, Industrial and Commercial Machinery, Electranid Other Electrical Equipment

and Business Services (mostly in toenpute programminganddataprocessingubcategory

exhibit an opposite trend in which relative clusters become more significant at larger scales.

Finally, it is of interest to note that three industries are among the most significantly clustered
industries inboth the Northeastorridorand California, namely Chemicasid Allied Products
Business Services, amieasuring Analyzing, and ControllingnstrumentsThe Chemicaand

Allied Productandustry (SIC 28)merits some special attention, if for no otheaigon than this
category includes labs engaged in pharmaceutical R&D, a very important segment of the U.S.

economy. In our data, this category of labs accounts for about 40 percent of all labs in the
20



Northeastorridor, a share more than twice as largamag other twedigit SIC industry. In
California, the Chemicaland Allied Productindustry accounts for about 16 percent of the labs
we study. Thus, at least within the geographic areterstudy, this industry is seen to be a
major contributor to the @rall clustering pattern of R&D shown in Figa@Zaand2b. But it
should be equally clear from Figur&s and3b that significant clustering occurs in many other

industries as well. Selustering of R&D labs is by no means specific to drugs and chemicals
4. LOCAL CLUSTER ANALYSIS

While theabove global analysis can identify spatiealesat which clustering is most
significant, it does not tell ushereclustering occurs. In this sectione use a variation of our
techniques to identify clustering iha neighborhood of specific R&D labs. The main tool for
accomplishing this is thiecal version of sampl&-functions for individual pattern points (first
introduced by Geti§1984).2° This local version at each pointn the observed pattern is simply

the count of all additional pattern points within distada#i . In terms of the notation in

expression (1), thimcal K-function I~5, at pointi is given for each distancd, by

K(d) = G(d). @
Hence, the globa{-function,IE, in expression (1) is simply the average of these local functions.

It should be noted that the original form pro

correct i oipkey (D@63 andla normalization based on stationarity assumptions for the

Z The interpretation of the populatitwcal K-function K, (d) , for any given point is simply the expected number
of additional pattern points within distandef pointi. Hence IEi(d) is bastally asinglesample(maximum

likelihood) estimate ofK, (d) . For a range of alternative measures of local spatial assocsg®inselin (1995).
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underlying point process. However, in the present Monte Carlo framework, these refinements
have little effect on tests for clustering. Hence, we choose to focus on the simplesrand m

easily interpreted Apoint counto version in E
4.1 Local Testing Procedure

For thelocal testing proceduyave useHypothesis 1 fronsection3: R&D labs are distributed in
a manner proportional to manufacturing employment at the zip codeateyg@roportional to

total employment at the block levélThe only substantive difference from the procedure used in

that section is that the locatioq, of pointi is held fixed. The appropriate simulated values,
IEf(d), s=1..,N, underH, are obtained by generating pbpatterns,
X*=(x:j 4,..,n 3),s 1=.N,representing alh- 1 points other tham. The resulting-

values for a onsided test oHypothesis With respect to point then take the form

i 4,.n, 5)

where N°(d) is again the number of thed¢+1 draws that produce values at least as large as

K (d).

An attractive feature of these local tests is that the resydtiradgues for each pointin the
observed pattern can beappedas in Figues 4a and 46T his allows one to check visually for
regionsof significant clustering. In particular, groupings of very lpwalues serve to indicate

not only the location but also tla@proximate sizef possible clusters. Such groupings based on

24 We replace manufacturing employment with STEM workerSection 5.1 and with manufiauring
establishments in Appendix @s robustness checks.
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pvalles necessarily suffer from fAmultiple test.i

and more systematically iAppendix B.
4.2 Test Results for Local Clustering

For our local cluster analyses, simulations were again performed Ns#899 test patternsf

size n- 1 for each of then (=1,035 in the Northeasbrridor and 645 in CaliforniagR&D

locations in the observed pattend?. The set of radial distances (in miles) used for the local

tests wa® ={0.25,0.5,0.75,1,2,5,10,11,12..,1(. But, unlike the global analysgseviouslyin

which clusteing was significant at all scales, there is considerable variation in significance levels
across labs located at different points in space. For example, it is not surprising to find that many
isolated R&D locations exhibit no local clustering whatsoeveredver, there is also

considerable variation in significance at different spatial scales. At very large pealesps50

miles), one tends to find a few large clusters associated with those mega regions containing most
of the labs (within the WashingibBoston corridor or the San Francisco Bay Area). At very

small scales (saf.25 miles), one tends to find a wide scattering of small clusters, mostly
associated with locations containing multiple ladagch asndustrial parks). In our present

setting, he most meaningful patterns of clustering appear to be associated with intermediate

scales between these two extemm

A visual inspection of thp-value maps generated by our test results showed that the clearest
patterns of distinct clustering can be taipd by the three representative distan&es{l,5,10}.

Of these three, the single best distance for revealing the overall clustering pattern in the entire
data set appears to fiee miles, as illustrated for the Northeastridor and California in

Figuresda ard 4b, respectively. As seen in the legend, those R&D locatigrexhibiting
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maximally significant clustering P(5)=0.0010 areshownasblack, and those with-values

not exceeding 0.005 are shown as dark gray. Here, it is evident that essentially all of the most
significant locations occur in four distinct groups in the Northeastdor, which can be roughly
described (from north to south) as the fABostoO
AWashington, D . £In Galifarrdaghere ane againttbie distirsct groups,

roughly described (from north to south)ttei San Fr anci sco Bay Area, 0 f

(mainly Irvine), o and ASan Diego. 0 While thes

to establish such results more formally.

5. IDENTIFYING SPATIAL CLUSTERS: THE MULTISCALE CORE -CLUSTER

APPROACH

The global cluster analysis in Secti®identified thescalesat which clustering is most

significant (relative to manufacturing employment). The local cluster analysis in Séction

provided hformation aboutvhereclustering is most significant at each spatial scale. But neither

of these methods formally identifies or defin
apply some additional techniques to identify clustetsich we call he multiscale corecluster

approach

As discussed in Appendix B, a number of clustientification techniques have been developed
to identify sequences of clusters that are in
sense® The present approachbased more directly on thefunction methods andh

particular, focuses on threultiscalenature of locaK-functions. More specifically, this

25 Two exceptiors are thesmall but significant agglomeratisridentified in the analys onein Pittsburghand
one in Buffalo.

26 This sequential approach is designed specifically to overconethe bl em of fAmul tiple testin
further in Appendix B.
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clustering procedure starts with the local paurse clustering results in Sectidrl and seeks to
identfysubsets of points that can serve as ficoreo

scalesd. Here we again focus on the three scal®s;{1,5,10}, used in Sectiod.1. At each

scaledi D, we define aore pointto be a maximally significant R&D lap.e., witha localK-
functionp-value of 0.001 using the 999 simulationcdt distancel in Sectiord). In order to
exclude fiisolatedo points that simply happen
also require that there be at lefmstr other R&Dlabs within thisd-mile radius. Finally, to

identify distinct clusters of such points, we createnaile-radius buffer around each core point

(in ArcMap). We designate the set of points (labs) in each connected component of these buffer
zones as aore clsterof points at scald. Hence, each such cluster contains a given set of
Aconnectedod core points along with all other

significance at scal@. These concepts are best illustrated by examples.

We begn with the single most striking example of multiscadee clustering in our data set,

namely the San Francisco Bay Area in California shown in Figusgarting at the Xénile

level, wesee ondarge cluster (represented by dashed gray curve) that iefigerdvers the

entire Bay Area. At théve-mile level (represented by solid gray curves), the dominant core

cluster is seen to be perfectly nested in itsril@ counterpart, corresponding almost exactly to

what is typically regarded as Silicon Vall&he smaller secondary cluster of labs is

approximately centered around the Lawrence Livermore National Laboratory complex. Finally,

at theonemile level (represented by black curves), the heaviest concentration of core clusters
essentially definesthetta t i on al Ahearto of Silicon Vall ey,
Research Park area to San Jose. In short, this statistical hierarchy of clusters is in strong

agreement with the most wédhown R&D concentrations in the San Francisco Bay Area.
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A secand example, from the Northeastrridor, is provided by the hierarchical complex of R&D
clusters in the Boston area, shown in FigtaeHere again, the entire Boston area is itself a

single 10mile cluster. Moreover, within this area, there is again ai@mtfive-mile core

cluster containing the five majonemile clusters in the Boston area. The largest of these is
concentrated around the university complex in Cambridge, while the others are centered at points
along Route 128 surrounding Boston. Tlsiséen more clearly in Figuse,2’ which also shows

that most R&D labs in the Boston area are located in close proximity to major transportation

routes, including Interstate Routes 90, 93, 95, and 495.

Note, finally, that while the clusters in both FigsiBeand6a tend to be nested by scale, this is

not always the casé For example, théive-mi | e fALi ver mor e hiadeéntoc| ust e
be mostly outside the major -file cluster. Here, there is a concentration of six R&D labs

within two miles of ech otheralthough Livermore is relatively far from the Bay Area, ®bile

this concentration is picked up at tinee-mile scale, it is too small by itself to be picked up at

the 18mile scale.

These examples illustrate the attractive features of thisoale corecluster approach. First and
foremost, this approach adds a scale dimension not present in other clustering methods. In
essence, it extends the multiscale feature of liidahctions from individual points to clusters

of points. Moreover, tisiapproach helps to overcome the particular limitations of signifieance
maximizing approaches mentioned previously. First, the shapes of individual core clusters are

seen to be more sensitive to the actual configuration of points than those found icesigaif

27 For visual clarity, only core cluster points (and not their associated buffers) are shown in Figure 6b.

28 The area ofive-mile clusters in the Northeastrridoris on average 277 squargles, while the area of i@ile
clusters in the Northeasbrridoris on average,298square milesln California, the corresponding areas fige-
and 10mile clusters are 319 and326 square miles, respectively.
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maximizing method$® In addition, since all core clusters are determined simultaneously, the

path-dependency problem of sequential methods does not arise.

In summary, an overall depiction of core clusters for both the Nortbea&tor and Califonia

(at scalesd =5, 1C) is shown in Figurega and7b, respectivelyFigure7ashows théour major
clusters identified for the Northeasirridor (one each in Boston, New N« Northern New
Jersey, Philadelphi&Vilmington, and Washington, D.C Wwhile Figure7b shows the three major

clusters in California (one each in the Bay Area, Los Angeles, and San .Diego)

It should be stressed that this multiscale approach is not a substitute for more standard
approaches such as significarmaximizing. While it does yield meaningful hierarchy of
statistically significant clusters, it provides no explicit method for rank ordering clusters in terms
of statistical significance. In particular, this approach by itself cannot be used to gauge the
relative statistical significare of clusters (such as determining whether clustering in Boston is
more significant than in New York). Moreover, such representational schemes presently offer no
formal criteria for choosing the key parameter values by which they are defineds(thkego

be represented, thpevalue thresholds and -neighbor thresholds for core points, and even the
connecteebuffer approach to identifying distinct clustef$) hus the primary objective of this

more heuristic procedure is to produce explicit representadf clusters that capture both their

relative shapes and concentrations in a natural way.

22 This point is demonstrated Apperdix B.

%'t should be noted that certain, more systematic pr oce¢
r epr es aisdalastcould bedn principle accomplished by versiorksméans procedures in which the within
group versus betweegroup variations in patterns are minimized.
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Finally, in Buzard et al. (2@), we document that patent citations are more highly geographically
localized within theeclusters of R&D labs than outside thevide argue that this demonstrates that

these clusters are associated with economically meaningful outcomes.

5.1 Alternate Cluster Boundaries Employment in STEM Industries as Benchmark

Fi r ms &to thikesadvanwge ohkwledge spillovers is one mechsmi that could explain

spatial clustering of innovative activjtgnd the specific clusters identified in this paper are
consistent with a knowledge spillover explanatioms klso possible that R&D activity is
geographically concentrated to take advaataiglabor market pooling. As we have shown, one
important concentration of R&D labs is found in Cambridge, MA, and another important
clustering is found ithe Silicon Valley. These labs are close to large pobSTEM graduates

and workers, the very wikers R&D activity requires. Manufacturing activity tends to employ a
more general workforce than does innovative activity and may therefore be more geographically

dispersed congred with innovative activity.

To addresshis concernwe first develop a mease of STEM workers by locatiofror our
backcloth, we replace the number of manufacturing employees in each zip code area with an
estimate of the number of STEM workers. This is constructed using the proportion of STEM jobs
in each fowdigit North Ameri@an Industry Classification SysteMIAICS) industry multiplied
by the number of jobs in each industry reported irZipeCodeBusines$atterns data.
Hypothesisl becomes

Hypothesis 3

Lab locations are no more concentrated tI®&FEM workeemployment atie zip code
level and then no more concentrated than total employment within each zip code.
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We report the results of this alternative test for-femed 10mile clusters in the Northeast
corridor (Figure &) and in CaliforniaKigure8b). The clusters idntified using STEM workers

as a referencarein remarkable agreement withe clusters obtained when using manufacturing
employment as the backcloth. The four major clestethe Northeastorridor (Boston, New
Yorki Northern New Jersey, PhiladelphW&ilmington, and Washington, D.Q).previously
identified in Figure 7a resurfagenen usinghe STEM worker backcloth. Similarly, the three
major clustersdentified in Figure 7lfor California one each in the Bay Area, Los Angeles, and

San Diegd reemergeaisingthe STEM workerbackcloth

However, there are certain differences betwtbemesultsusing the different backclothblotice
first that theSTEM workerclusters appear to b@rger than those found when using the
manufacturing employment backclothhi¥ is true for the clusters in the Northeemtridor and
in California. In addition, a number of additional smaller clisstenerge under the STEM
worker backcloth. Five additionaD- mile clustes are found in the Northeasbrridor (one each
in Lancaser, PA HagerstownMD; Binghamton NY; Syracuse, NYandRochester, NYand
alsoin Richmond, VA. Threadditionall0-mile clustes are found inCalifornia (one each in

Santa Rosa, Santa Barbara, and Malibu).

6. CONCLUDING REMARKS

In thispaper we usea new data set on the location of R&D lamglseveral distancbased
point-patterntechniques to analyze the spatial concentration of the locationsreftharl,700
R&D labs in California and in a 1§tate area in the Northeasitrridor of the United ttes.
Rather than using a fixed spatial scale, we describe the spatial concentration of labs more

precisely, by examining spatial structure at different scales using Monte Carlo tests based on
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Ri p | kefynétisn. Geographic clusters at each scale ardiféb in terms of statistically
significant departures from random locations reflecting the underlying distributezonbmic
activity. We present robust evidence that private R&D labs are indeed highly concentrated over a

wide range of spatial scales.

We introduce a novel way to identifiye spatiatlusteing of labscalledthe multiscale core
clusterapproach. The analysis identgi®ur major clustersn the Northeastorridor (one each

in Boston, New YorkNorthernNew Jersey, Philadelphigilmington, and Washington, D.(.

and three major clusters in California (one each in the Bay, AcsaAngeles, and San Diego).
Work byBuzard et al. (2016Jemonstrates that these clusters are associated with economically

meaningful outcomes such as patenting.
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Table 1: Summary Statistics

NortheastCorridor (10-State)

Variable Mean Std Dev. Median Minimum  Maximum
All Zip Codes (6,044)
Land Area mileg 29.10 37.61 16.87 0.01 468.16
Radius* 2.55 1.66 2.32 0.06 12.21
Total Employment 4,307.22 8,994.78 1,001.00 0.00 194,114.00
Manufacturing Employment 55720 1,213.46 76.30 0.00 22,808.31
Total Establishments 250.36 370.76 97.00 1.00 6,962.00
Manufacturing Establishment 11.39 16.65 4.00 0.00 132.00
Labs 0.17 0.74 0.00 0.00 13.00
Zip Codes with 1 oMoreLabs(549)
Land Area miles 20.95 29.46 12.04 0.06 361.79
Radius* 2.21 1.34 1.96 0.14 10.73
Total Employment 15,736.22 17,620.83 11,072.00 39.00 194,114.00
Manufacturing Employment 2,057.08 2,166.38 1,356.30 0.00 22,808.31
Total Establishments 697.51 574.58 568.50 6.00 6,962.00
Manufacturing Estalishments 32.40 23.49 26.00 0.00 132.00
Labs 1.89 1.68 1.00 1.00 13.00
California
Variable Mean Std Dev. Median Minimum Maximum
All Zip Codes (1,646)
Land Area mileg 95.56 256.33 17.34 0.01 3,806.05
Radius* 3.84 3.96 2.35 0.06 34.81
Total Empbyment 5,989.95 9,758.35 1,700.00 0.00 79,766.00
Manufacturing Employment 858.14 2,394.39 64.50 0.00 27,186.00
Total Establishments 467.19 555.17 262.50 0.00 3,527.00
Manufacturing Establishment 30.18 61.83 8.00 0.00 776.00
Labs 0.39 2.01 0.00 0.00 33.00
Zip Codes with 1 oMoreLabs(204)
Land Area mileg 18.78 37.75 8.19 0.07 385.98
Radius* 2.02 1.38 1.61 0.15 11.08
Total Employment 19,482.47 17,300.91 15,088.00 0.00 79,766.00
Manufacturing Employment 3,607.79 5,188.27 1,569.00 0.00 27,186.00
Total Establishments 1,173.13 677.45 1,065.50 0.00 3,527.00
Manufacturing Establishment 94.52 96.32 62.00 0.00 636.00
Labs 3.16 4.90 1.50 1.00 33.00

SourcesAuthords calculations using the 1998 editions of Dieectory of American Research and Teologyand Zip

Code Business Patterns

* Calculated assumingzp code of circular shape with an area as reported in the data
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Table 2a Concentration of Labs by Industirythe Northeast Corrido(P-valueg*

Miles
INDUSTRY SIC | LABS | 0.25 0.5 0.75 1 5 20 50
Metal Mining 10 4 0.5021 | 0.5029 | 0.5044 | 0.5052 | 0.5227 | 0.1674 | 0.4149
Oil and Gas Extraction 13 3 0.5011 | 0.5019 | 0.5026 | 0.5034 | 0.5137 | 0.0906 | 0.2286
Foodand Kindred Products 20 25 0.5825 | 0.6278 | 0.6750 | 0.7081 | 0.0984 | 0.2097 | 0.0480
Textile Mill Products 22 14 0.0267 | 0.0465 | 0.0690 | 0.0859 | 0.3468 | 0.7839 | 0.6446
Appareland Other Finished Products | 23 5 0.5036 | 0.5063 | 0.5082 | 0.5101 | 0.5399 | 0.7230 | 0.9088
Paperand Allied Products 26 28 0.6029 | 0.6596 | 0.7103 | 0.7460 | 0.4685 | 0.2833 | 0.3058
Printing, Publishing and Allied 27 3 0.5009 | 0.5012 | 0.5019 | 0.5024 | 0.5111| 0.5837 | 0.7040
Industries
Chemicalsand Allied Products 28 420 0.0001 | 0.0001| 0.0001 | 0.0001 | 0.0001 | 0.0020 | 0.0001
Petroleum Refiningind Related 29 24 0.0844 | 0.1380 | 0.1980 | 0.2425 | 0.3012 | 0.0079 | 0.0358
Industries
Rubberand Miscellaneous Plastics 30 38 0.6728 | 0.7493 | 0.8135| 0.8544 | 0.5710 | 0.7974
Products
Stone, Clay, Glassgnd Concrete 32 36 0.0002 | 0.0008 | 0.0032 | 0.0011 | 0.1041 | 0.7385| 0.6886
Products
Primary Metal Industries 33 36 0.6555 | 0.7284 | 0.7921 | 0.8327 | 0.7848 | 0.2592 | 0.4881
Fabricated Metal Products 34 44 0.0004 | 0.0026 | 0.0101 | 0.0200 | 0.0911 | 0.6985 | 0.8571
Industrialand Commercial Machinery | 35 | 140 | 0.6024 | 0.7659 | 0.4192 | 0.4052
and Computer Equipment
Electronicand Other Electrida 36 242 | 0.1958 | 0.5789 | 0.5825| 0.7329 | 0.7058 | 0.8030 | 0.7423
Equipment
Transportation Equipment 37 40 0.2277 | 0.3575| 0.4867 | 0.5711
Measuring, Analyzingand Controlling | 38 243 | 0.0334 | 0.1509 | 0.3838 | 0.3983 | 0.8171 | 0.8937 | 0.8778
Instruments
Miscellaneous Manufacturing Industri¢ 39 18 0.0468 | 0.0789 | 0.1126 | 0.1380 | 0.0378 | 0.1672 | 0.1093
Business Services 73 137 | 0.0004 | 0.0052 | 0.0166 | 0.0055 | 0.0004 | 0.0001 | 0.0022

AConcentration is conditional on the location of overall R&D labs. Bgjd indicakes significantly more

concentrated than overall labs at the 5 percent level of significance drdghypeindicates significantly more
dispersed than overall labs at the 5 percent level of significance.

Source: Author's calculations using the 1998 editf theDirectory of American Research and Technology
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Table 2b: Concentration of Labs by IndustmyCalifornia P-valueg”

Miles
INDUSTRY SIC|LABS | 025 | 05 | 0.75 1 5 20 50
Oil and Gas Extraction 13 |2 0.5015| 0.5025| 0.5040| 0.5060| 0.5455| 0.6275| 0.7010
Heavy Construction 16 |2 0.5010| 0.5015| 0.5035| 0.5055| 0.5330| 0.6210]| 0.1910
Foodand Kindred Products 20 | 3 0.5055| 0.5100| 0.5150| 0.5185| 0.5990| 0.7700| 0.4925
Paperand Allied Products 26 | 2 0.5020| 0.5035| 0.5045| 0.5080| 0.5340| 0.6175| 0.1970
Chemicalsand Allied Products 28 129 0.0025| 0.0100| 0.0170| 0.0705| 0.9670| 0.9920| 0.9480
Petroleum Refiningind Related 29 |2 0.5005| 0.5025| 0.5040| 0.5065| 0.5385| 0.6105| 0.6875
Industries
Rubberand Miscellaneous Plastics | 5 | g 0.0235| 0.0535| 0.0980| 0.1320| 0.4020| 0.3660| 0.1630
Products
Stone, Clay, Glass, and Concrete | 5, | g 0.5125| 0.5290| 0.5515| 0.5695| 0.7950| 0.7075| 0.4215
Products
Primary Metal Industries 33 |11 0.0435| 0.1130] 0.1780| 0.2455| 0.8770| 0.7235| 0.2865
Fabricated Metal Products 34 16 0.5925| 0.6840| 0.7670| 0.8235| 0.9890| 0.4555 | 0.1765
Industrial and Commercial Machinery
and Computer Equipment 35 |99 0.0140| 0.0100| 0.0105| 0.0120| 0.0020| 0.0010| 0.0205
E'ec."on'ca”d Other Electrical 36 | 211 | 0.0450| 0.0030| 0.0075| 0.0030| 0.0010| 0.0030| 0.1040
quipment
Transportation Equipment 37 | 36 0.0010| 0.0030| 0.0030| 0.0030]| 0.4635| 0.2635| 0.1570
Measuring, Analyzing, and Controlling
netrments 38 | 134 | 0.0010| 0.0480| 0.2165| 0.4610| 0.8845| 0.9960 | 1.0000
Miscellaneous Manufacturing Industrig 39 8 0.5285| 0.5620| 0.5980| 0.6280| 0.9000| 0.7310| 0.7205
Business Services 73 147 0.0300| 0.0150| 0.0105| 0.0045| 0.0020| 0.0010| 0.0010

AConcentration is conditional on the location of overall R&D labs. Bgiéindicates significantly more
concentrated than overall labs at the 5 percent level of significance graghypeindicates significantly more
dispersed than overall labs at the 5 percent level of significance.

Source: Author's calculations using the 1998 edition obinectory of American Research and Technology
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Figure 1: Location of R&D Labs

Source:The 1998 edition othe Directory of American Research and Technglagd authoi®
calculations

Eachdashon the map represents the location of a single R&D lab. In areas with a dense cluster
of labs, the dshe tend to sit on top of one another, representing a spatialrabfisis.
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Figure 2a: Z-scores for Northeast Corridor
Dotted lineZ = 1.65

Z-score

Figure 2b: Z-scores for California
Dotted lineZ = 1.65
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Figure 3a: NortRéast Corridor Industry Z-Scores
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Figure 3b: California Industry Z -Scores
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Figure 4a: Northeast Corridor P-values atd = 5 miles
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Figure 4b: California P-values atd = 5 miles



