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Abstract

This article empirically investigates the relationship between innovation activities of firms, their use of appropriation instruments
and their absorptive capacity. We study a wide range of manufacturing and service industries, not just high-tech, and a wide range of
innovation activities, not just R&D. We use multilevel logit models for complex samples to disentangle industry from firm-specific
effects. We find that within an industry, firms that invest in appropriation instruments to reduce outgoing spillovers tend to conduct
more R&D and downstream activities than firms that do not. Acquisition of technology is not related to the use of appropriation
instruments. The effects of incoming spillovers (measured through absorptive capacity) on innovation activities of firms are industry
specific and stronger for firms that invest in appropriation instruments. For this type of firm, both the capability to scan the external
environment for technology and the capability to integrate new technology are related to the innovation activities. For firms that do
not invest in appropriation instruments, only scanning capabilities are related.
© 2007 Elsevier B.V. All rights reserved.
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1. Introduction

Nowadays, with the growing flows of information
facilitated by technological developments, the challenge
for firms may not always be to produce new information
but to recognise and use relevant innovative information
(De Bondt, 1996).

As first pointed out by Arrow (1962), the involuntary
leakage of knowledge from the organization producing it
could endanger the appropriation of the rents from inno-
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vation. To reduce outgoing spillovers1 firms may invest
in appropriation instruments. The effectiveness of these
instruments varies across industries and this affects the
type of innovation activity that firms choose to undertake
(Katz and Shapiro, 1987; Teece, 1986). At the same time,
to benefit from spillovers produced by others, firms may
need absorptive capacity, which is typically generated
through conducting own innovation activities (Cohen
and Levinthal, 1989) but can, to some extent, also be built
through direct investment (Hammerschmidt, 1999). Ide-
ally, a firm would like to minimize outgoing spillovers to

1 Throughout the paper, unless we indicate the opposite, spillovers
refer to the involuntary leakage of useful technological information.
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other firms while maximizing the absorption of incom-
ing spillovers from innovation activities undertaken by
others (Cassiman and Veugelers, 2002).

Two considerations are in order as regards the adap-
tation of this view in our paper. First, we do not measure
outgoing spillovers but instead look at firms that invest in
appropriation instruments. Similarly, we do not measure
incoming spillovers directly but use proxies for absorp-
tive capacity of firms. Specifically, we end up with a
model that looks at the relationship between innova-
tion activities of firms and their use of appropriation
instruments, and our proxies for absorptive capacity. The
relationship between innovation activities and absorptive
capacity is assumed to be different for firms that use or
fail to use appropriation instruments. We hypothesize
absorptive capacity to be more relevant when it results
from having produced own innovations, which can be
measured by the use of appropriation instruments in the
recent past.

Second, following Rosenberg (2000, p. 78) when he
states that the study of the innovation process should
account for “the innumerable and subtle ways in which
technology is sorted, matched, and modified to suit
a huge diversity of ultimate user needs”, we extend
the range of a firm’s innovation activities to include
acquisition of technology and downstream activities,
besides R&D.

We add to the empirical literature that looks at
the relationship between the innovation activities
of firms and the firms’ or industries’ characteristics
(see for instance, Cassiman and Veugelers, 2002;
Brouwer and Kleinknecht, 1997; Lim, 2004; Sirilli and
Evangelista, 1998; Veugelers and Cassiman, 1999) by
simultaneously:

(a) Considering a wide range of innovation activities
that go beyond pure R&D.

(b) Linking these activities to the use of appropriation
instruments. Even if this variable has been some-
times used previously, we add its interaction effects
with all other variables in the model, including prox-
ies for absorptive capacity.

(c) Covering a wide range of industries, not just manu-
facturing or high technology.

(d) Accounting for the complex sampling design of the
Community Innovation Survey (CIS) study.

(e) Using multilevel statistical models that make it
possible to find differences across industries and
describe them from variables that are measured at
industry level.

Section 2 defines the variables involved and the rela-
tionships established in the literature. Section 3 deals

with the sample, the choice of indicators, the preliminary
analyses, the clustering of innovation activities to form
meaningful components of innovation strategies and the
formulation of multilevel logit models for complex sam-
ples. Section 4 presents the results of models predicting
the different components of innovation strategies from
the dimensions of absorptive capacity and other vari-
ables, testing for the existence of differences between
firms that use appropriation instruments and firms that
do not. Section 5 concludes.

2. Theory and hypotheses

2.1. Innovation activities of firms

Innovation activities can be broadly clustered as R&D
(internal or external) and non-R&D activities, which
include acquisition of technology in the market and
downstream activities such as tooling-up or marketing
research, though the line dividing R&D activities from
downstream activities can in some industries be quite a
fine one (OECD, Oslo Manual, pp. 65–66). We include a
wide range of innovation activities in our analyses and try
to cluster them into complementary sets when possible.

2.2. Innovation activities and appropriation
instruments

To protect the results of their creative activities, firms
can invest in appropriation instruments. Appropriation
instruments fall within two categories: legal and strate-
gic. Among the group of legal instruments are patents,
trademarks, and copyrights. Among the strategic instru-
ments are investments in complementary assets, such
as marketing, sales effort and customer service, secrecy
and lead time, and the relative complexity of products.
Appropriability conditions vary across industries (mak-
ing it necessary to take industry effects into account) and
so does the efficiency of the appropriation instruments:
in some instances legal protection is effective, while in
other instances strategic measures are more useful (see
for instance, Levin et al., 1987; Mansfield, 1986). We
distinguish between firms that invest in appropriation
instruments and firms that do not. For obvious reasons we
hypothesize that firms that use appropriation instruments
are more likely to conduct R&D activities (Hypothesis
1, see Table 1 for a complete list of all hypotheses that
are tested in Section 4).

Since acquisition of technology refers to voluntary
transmission of knowledge or voluntary spillovers pro-
duced by other firms, we expect that this activity is not
related to own production of spillovers and hence to
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Table 1
Hypotheses

Appropriation instruments
Hypothesis 1: Firms that use appropriation instruments have a higher probability of investing in R&D than firms that do not
Hypothesis 2: Firms are equally likely to do acquisition of technology regardless of whether they use appropriation instruments or not
Hypothesis 3: Firms that use appropriation instruments are more likely to conduct downstream activities

Absorptive capacity
Hypothesis 4: The capability to scan the external environment is related to performing R&D, acquiring technology in the market and conducting

downstream activities
Hypothesis 5: The capability to scan the external environment is related to innovation activities both for firms that use and do not use

appropriation instruments
Hypothesis 6: The capability to integrate external knowledge is only related to performing R&D
Hypothesis 7: The relationship between the capability to integrate external knowledge and performing R&D is stronger for firms that use

appropriation instruments

Firms’ organizational characteristics: size and group
Hypothesis 8: The effect of size on R&D activities is industry specific
Hypothesis 9: Firms belonging to a conglomerate are more likely to perform R&D activities

Industry level characteristics
Hypothesis 10: Firms in manufacturing industries tend more to perform R&D activities while firms in service industries tend more to acquire

technology
Hypothesis 11: Firms in industries with a high technology/knowledge content tend more to conduct R&D activities

the use of appropriation instruments (Hypothesis 2 in
Table 1). We hypothesize that there is a positive correla-
tion (complementarity) between R&D and downstream
activities. This suggests that investments in complemen-
tary assets are an important means for appropriating the
results from innovation (Teece, 1986), or that innova-
tion is to some extent produced in downstream activities
(Kline and Rosenberg, 1986). We hence hypothesize that
firms using appropriation instruments are more likely to
invest in downstream activities (Hypothesis 3 in Table 1).

2.3. Innovation activities and absorptive capacity

In their seminal paper, Cohen and Levinthal (1989)
first introduced the term absorptive capacity by point-
ing out the dual role of R&D as a producer of new
information as well as an enhancer of a firm’s ability to
learn from already existing information. More recently,
Arora and Gambardella (1994) suggest two dimensions
of absorptive capacity; the ability to evaluate informa-
tion (or scientific capabilities) and the ability to utilize
information (or technological capabilities), and find sup-
port for both in the biotechnology sector. Cassiman and
Veugelers (2000) also find evidence of two dimensions of
absorptive capacity in Belgian manufacturing firms; the
ability to scan the market for technology and the ability
to absorb the technology acquired.

Following this literature, we assume that there are
two types of absorptive capacity that are relevant to the
firm by allowing it to benefit from incoming spillovers:

the capability to scan the external environment for new
technology and the capability to integrate new external
knowledge into its innovation process.

The capability to scan the external environment does
not involve complex scientific or technological knowl-
edge, but knowledge about technology at user level
and knowledge of business trends. We hypothesize that
this capacity is related to all innovation activities of
firms (R&D, acquisition of technology and downstream
activities; Hypothesis 4). With regard to R&D and acqui-
sition of technology, knowing the range of technologies
available in the market and understanding technologi-
cal trends are necessary to decide appropriately between
developing R&D and/or acquiring the technology in
the market. With regard to downstream activities, Teece
(1998) points out that to commercialize knowledge suc-
cessfully it is necessary to understand the nature of
knowledge and the manner in which it can be bought
or sold.

Since this first type of absorptive capacity does not
necessarily involve production of innovations, which
we link to outgoing spillovers and use of appropriation
instruments, we hypothesize that it is related to the con-
sidered innovation activities regardless of whether the
firms use appropriation instruments or not (Hypothesis
5).

The second type of absorptive capacity allows a firm
not only to find out about technological developments or
business trends, but to integrate external, complex, dis-
embodied knowledge into its own activities. We expect
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this type of absorptive capacity to be related to R&D
activities (Hypothesis 6) since the more complex type of
knowledge that corresponds to these activities requires
pre-existing expertise in the area to integrate it success-
fully. We expect that absorptive capacity of this sort
will be a more effective predictor of R&D activities for
firms that have been producing relevant innovations in
the past and thus for those that have used appropriation
instruments (Hypothesis 7).

2.4. Firms’ organizational characteristics: size and
group

The existing literature is not conclusive on the sign of
the relationship between size and innovation activities.
Levinthal and March (1993) note that small firms tend
to invest more in R&D activities than larger, more rigid
organizations. On the other hand, in industries where
appropriability is low, small firms may lack the finan-
cial resources to invest in the complementary activities
necessary to exploit R&D outputs in-house (Nelson,
1959). The model of Katz and Shapiro (1987) suggests
that major innovations will be developed by large firms
only in those industries where imitation is difficult, that
is, where appropriation is high. This is in accordance
with findings in the empirical literature (for instance,
Mansfield, 1981). We thus hypothesize that the effect
of size on R&D will change depending on the industry
(Hypothesis 8).

One way to reconcile the too rigid structure of
large organizations for R&D activities, and the lack of
resources of small firms to appropriate the results from
R&D activities, is the spin-off of new R&D ventures
from big corporations. As a consequence of this, firms
belonging to a conglomerate (or group) should be more
likely to perform R&D (Hypothesis 9).

2.5. Industry level characteristics

2.5.1. Manufacturing/services
The innovation activities of firms in manufacturing

and in services industries differ notably. For instance,
innovation activities such as design, industrial engi-
neering and trial production, may not be relevant for
the service sector (see OECD, 1994, p. 30, for more
details). As in the work of Kaiser (2002a), Brouwer and
Kleinknecht (1997) and Sirilli and Evangelista (1998),
we distinguish between firms in manufacturing and in
service industries and hypothesize that R&D activities
will be more frequent for firms in manufacturing indus-
tries and acquisition of technology will be more frequent
for firms in service industries (Hypothesis 10).

2.6. Technology/knowledge content

Additionally, we classify the industries according to
their production and use of technology and/or knowl-
edge. Since technology/knowledge effort is not spread
evenly across the economy, introducing this variable
may help understand the differences in the effects of the
explanatory variables across industries. We hypothesize
that firms in industries in the high-technology group will
tend more to undertake R&D activities (Hypothesis 11).

3. Data and methods

3.1. Sample and exploratory analyses

We work with innovation data from the Technolog-
ical Innovation Survey of Spanish firms. This survey
is part of the European Community Innovation Survey
(CIS) program and contains information on the inno-
vation activities (R&D and other) of firms, the factors
that influence their capability to innovate and innovation
outputs.

The data in the survey refer to the period 1998–2000
and include firms in both manufacturing and services.
The representative sample includes 11,778 firms. As in
Veugelers (1997) and Cassiman and Veugelers (2000,
2002), we select innovative firms only: those that have
reported a positive amount spent on at least one inno-
vation activity during the year 2000, leaving 3767
observations of which 3486 were complete. After remov-
ing six extreme outliers, the final usable sample size is
3480. All analyses in this article are based on this sample
size. Sample weights are used throughout because firms
were selected with unequal probabilities in the sample.

3.2. Variable construction

3.2.1. Dependent variables: innovation activities of
firms

The CIS data on innovation activities of Spanish firms
have been collected in conformity with the OECD’s
Oslo manual. The questionnaire included a battery of
“yes–no” questions asking about whether the firm had
carried out a list of innovative activities during year 2000:

(a) internal R&D (IntRD);
(b) R&D contracted externally (ExtRD), including con-

tracts to firms in the conglomerate;
(c) acquisition of machinery and hardware (Machi);
(d) acquisition of technology such as patents, licences,

software and other (Techno);
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A. Arbussà, G. Coenders / Research Policy 36 (2007) 1545–1558 1549

Table 2
Percentages of yes answers to different types of innovation expenditure

IntRD ExtRD Machi Techno Trial Market

Overall sample 37.2 17.4 73.4 29.2 19.9 28.3
Using appropriation instruments 25.7 14.7 76.2 27.3 15.0 20.6
Not using them 55.9 21.7 69.0 32.3 27.7 40.8
Using legal appropriation instruments 57.3 23.5 68.6 36.1 30.0 45.7
Using strategic appropriation instruments 63.7 24.1 71.0 29.4 29.0 40.3

Manufacturing 42.4 18.4 73.4 23.5 21.6 27.3
Services 26.6 15.2 73.4 41.0 16.2 30.4

Low-technology/knowledge content 29.3 16.5 76.8 29.7 18.6 26.6
High-technology/knowledge content 59.9 19.8 64.0 27.9 23.3 33.0

IntRD: internal R&D; ExtRD: R&D contracted externally, including contracts to firms in the conglomerate; Machi: acquisition of machinery and
hardware; Techno: acquisition of technology such as patents, licenses, software and other; Trial: design, trial production and tooling-up; Market:
marketing research.

(e) design, trial production and tooling-up (Trial);
(f) marketing research (Market).

The first line of Table 2 shows the proportion of firms
that had some expenditure on the different types of inno-
vation activity.

Clustering innovation activities will help us simplify
our models that aim to predict their occurrence. In order
to find groups of activities which are conceptually com-
plementary and actually done together by a substantial
number of firms, we estimate the relationships between
all possible pairs of binary variables indicating if the firm
carried out the different innovation activities. The Pear-
son’s φ statistic was used. For 2 × 2 tables, it is bounded
between −1 and +1 and thus interpreted like a correlation
(Table 3).

Taking into account the conceptual similarity of activ-
ities, the type of knowledge that they involve and the
largest positive φ coefficients, we classify these activities
into three groups:

Table 3
Association between the different types of expenditure (Pearson’s φ)

IntRD ExtRD Machi Techno Trial Market

IntRD 1.000 0.179 −0.225 −0.012 0.119 0.129
ExtRD 0.179 1.000 −0.036 0.050 0.020 0.109
Machi −0.225 −0.036 1.000 0.142 −0.101 −0.004
Techno −0.012 0.050 0.142 1.000 0.072 0.149
Trial 0.119 0.020 −0.101 0.072 1.000 0.255
Market 0.129 0.109 −0.004 0.149 0.255 1.000

IntRD: internal R&D; ExtRD: R&D contracted externally, including
contracts to firms in the conglomerate; Machi: acquisition of machin-
ery and hardware; Techno: acquisition of technology such as patents,
licences, software and other; Trial: design, trial production and tooling-
up; Market: marketing research.

(a) Activities in the first group include internal (IntRD)
and external (ExtRD) R&D; that is, activities con-
ducted in or outside the firm that are undertaken in
a systematic manner with the aim of acquiring the
knowledge necessary to conceive new or improved
products and/or processes. 44.9% of firms perform
at least one of these activities. This aggregation is
also in agreement with the fact that external R&D
includes research done within the conglomerate the
firm belongs to.

(b) Activities in the second group (acquisition of
technology) include the acquisition of embod-
ied technology such as machinery and equipment
(Machi) for the development of new or improved
products and/or processes; and the acquisition of
disembodied technology or knowledge (Techno)
comprising rights to use patented and not patented
innovations, licences, know-how, trademarks and
software. 78.3% of firms perform at least one of these
activities.

(c) Activities in the third group include downstream
activities, namely investments in design and other
technical procedures for the deployment of prod-
uct and process innovations not included in other
sections (Trial), and internal and external marketing
activities to introduce new or improved products in
the market (Market). 38.0% of firms perform at least
one of these activities.

Three binary variables (coded as “1” for firms per-
forming at least one of the activities in the group and
“0” otherwise) were constructed to act as dependent
variables in our models.

Table 4 shows the percentages of firms conduct-
ing these activities within each industry, together with
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Table 4
Industry heterogeneity according to the grouping and dependent variables

Number of firms
in the sample

Use appropriation
instruments (%)

R&D activities
(%)

Acquisition of
technology (%)

Downstream
activities (%)

Food and drinks 271 41 47 74 43
Miscellaneous textiles 127 42 39 85 30
Clothing (textiles and furs) 50 35 46 79 48
Wood and cork products 83 22 47 76 20
Pulp, paper and paperboard 64 46 53 80 30
Publishing and printing services 117 33 28 91 31
Chemicals 156 56 74 58 39
Pharmaceutical products 74 76 90 64 35
Rubber and plastic products 112 55 59 69 33
Non-metallic mineral products 140 38 45 82 35
Metallurgic ferrous products 57 58 58 61 38
Metal products (except machinery and equipment) 193 43 39 80 34
Mechanical machinery and equipment 173 59 67 64 39
Electrical machinery and equipment 91 54 57 71 51
Optical instruments and surgical equipment 56 65 76 84 66
Motor vehicles 99 70 80 64 55
Furniture 114 54 33 82 56
Other manufactures 70 66 75 68 61
Building 80 24 45 86 29

Manufacturing total 2477 44 49 77 38

Wholesale 92 28 24 84 39
Transportation 50 29 26 86 53
Other transportation and travel agencies 56 07 48 79 26
Financial intermediation 91 31 45 62 52
Software 92 62 92 71 58
Other computer related activities 51 37 74 73 48
Research and development 66 74 97 60 44
Architecture and engineering services 66 35 60 74 34
Other activities 73 27 29 93 25
Other collective health services 86 17 33 85 36

Services total 1003 26 36 82 37

Overall total 3480 38 45 78 38

Industries with fewer than 50 cases are not presented as their results are too sample dependent.

the percentage of firms using appropriation instruments.
Industries with fewer than 50 firms are not presented in
this table. The results show an enormous heterogeneity
across industries, rendering it necessary to take industry
effects into account in the analysis.

3.2.2. Grouping variable: use of appropriation
instruments

We distinguish between firms that use (or belong to
a conglomerate that uses) appropriation instruments to
protect innovations and firms that do not. The ques-
tionnaire included the question “During the period
1998–2000, did your firm, or any other firm belong-
ing to your group, use any of the following methods
to protect inventions or innovations developed by your

firm/group?” and a list of legal (patents, design, copy-
rights and trademarks) and strategic (secrecy, complexity
of the product design and lead time) instruments of
protection. We construct the binary variable PRO-
TECT that assigns a value of “1” to those firms
that have used (or their conglomerate has used) at
least one of the appropriation instruments in the
questionnaire and “0” otherwise. As the question on
innovation activities refers to the year 2000 only,
this variable is partly lagged, which can help prevent
endogeneity.

The percentage of firms that use appropriation instru-
ments in the sample is 38.2% and that of firms that do
not is 61.8%. Table 2 shows the distribution of each
innovation activity separately for firms that use appro-
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priation instruments and firms that do not, and within
the first group distinguishing between those using legal
or strategic protection instruments. As suggested in Sec-
tion 2.2, firms using appropriation instruments tend more
to conduct R&D and downstream activities. However,
the differences between those using legal and strategic
protection instruments are rather minor, thus suggest-
ing that the choice of appropriation instrument may
reveal industry-specific characteristics rather than dif-
ferent innovation strategy profiles.

3.2.3. Summated scales: absorptive capacity, size
and confounding variables

We use two groups of variables to measure the two
types of absorptive capacity hypothesized in the previous
section: the first type of absorptive capacity allows a
firm to scan or monitor the external environment and
the second type allows a firm to integrate into its own
activities general knowledge developed elsewhere. We
label these AC-I and AC-II, respectively.

The literature on absorptive capacity does not satis-
factorily deal with how much innovation activity and
of what kind is needed to absorb external knowledge.
The fact that knowledge spillovers cannot be mea-
sured directly,2 added to the various characterizations of
absorptive capacity that we have sketched in the previous
section, makes the choice of indicators a delicate issue.
From the range of data available, we used the variables
that best fitted the definitions of the two types of absorp-
tive capacity explained above. Once the dimensions
underlying these variables were established by means
of a confirmatory factor analysis model (e.g. Bollen,
1989, pp. 226–318), we computed the sums of the vari-
ables measuring the same dimension (i.e. summated
scales). The goodness-of-fit of the confirmatory factor
analysis model was excellent (Bollen’s comparative fit
index 0.974, Tucker and Lewis index 0.962, Steiger’s
root mean square error of approximation 0.022), thus
supporting unidimensionality of the scales. Corrections
to fit indices for non-normal complex samples avail-
able in Mplus4.1 (Muthén and Muthén, 2006) were
used.

To proxy for the first type of absorptive capacity
(AC-I), we use the answers to the questions about
the importance to innovation of external sources of
information; from market information sources (sum-
mated scale MARKINF) including (a) customers and (b)
competitors; from public institutions (summated scale

2 See Griliches (1992) and Kaiser (2002a) for a review of the ways
in which spillovers can be proxied.

PUBLINF) including (a) universities and (b) technolog-
ical centres and other public research institutions; from
other sources (summated scale CONFINF) including (a)
congresses, meetings and professional magazines and (b)
fairs and exhibitions. Since the answers to these ques-
tions already involve judgment on the firms’ part, we
feel that they reflect not so much the extent to which
knowledge is available in a sector but its actual use and
absorption by the firm. This construction follows partly
from those of Cassiman and Veugelers (2000, 2002) and
Kaiser (2002a).

To proxy for the second type of absorptive capacity
(AC-II) we use the answers to the following questions
about internal factors that hamper a firm’s innovation
activity (summated scale INTHAMP): (a) lack of qual-
ified personnel, (b) lack of information on technology,
and (c) lack of information on markets. Since the com-
plex knowledge that corresponds to this type of AC
requires pre-existing expertise in the area to integrate
it successfully, we relate a firm’s awareness of the diffi-
culties involved in integrating complex knowledge as a
proxy for absorptive capacity of this sort.3

The next summated scale used in the analysis (sum-
mated scale SIZE) is constructed from the number of
employees and sales volume quartiles within the indus-
try. This means that a firm with a high summated score
is a large one when compared to the industry median.

Other factors that hamper a firm’s innovation activ-
ity, even if not of direct relevance to the hypotheses that
we want to test, must also be included in the analysis
as confounding variables because they have been found
significant in the literature (Kaiser, 2002b; Veugelers and
Cassiman, 1999) and, if omitted, could bias the effects
of the relevant variables. These other factors include
economic issues hampering innovation (summated scale
ECOHAMP): (a) excessive economic risk, (b) innova-
tion costs too high, and (c) lack of appropriate financing
sources; and other issues hampering innovation (sum-
mated scale OTHHAMP), (a) insufficient flexibility of
norms and regulations and (b) lack of demand for new
products or services.

3 Data on internal factors that hamper innovation are also used in
Veugelers and Cassiman (1999) to study a firm’s decision to innovate
and to acquire technology externally. Kaiser (2002b) uses proxy vari-
ables that summarise factors hampering innovative activity to measure
spillover knowledge flows. R&D personnel, existence of own R&D
department and expenditures on R&D activities are other proxies used
in the literature to measure this type of absorptive capacity (Veugelers,
1997; Cassiman and Veugelers, 2000, 2002). These data are not avail-
able for the Spanish case. Other proxies for absorptive capacity, like the
number of patents or publications, only make sense for some industries
(see for instance Lim, 2004).
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3.2.4. Binary explanatory variable: belonging to a
conglomerate

The variable CONGLOM is a binary variable dis-
tinguishing between independent firms (78.2% of the
sample, coded as 0) and those belonging to a conglom-
erate (21.8% of the sample, coded as 1).

3.2.5. Industry-level variables: belonging to a
manufacturing or a service industry, belonging to a
high or low technology/knowledge content industry

The variable SERVICE is a binary variable distin-
guishing between manufacturing industries (32 out of
the 52 industries considered, coded as 0) and service
industries (the remaining 20 industries, coded as 1).
Tables 2 and 4 show the distribution of each innova-
tion activity separately for manufacturing and services
industries. As suggested in Section 2.5, service indus-
tries tend more to acquire technology and manufacturing
industries tend more to conduct R&D.

The variable HIGHTECH is a binary variable that
classifies industries according to their production and
use of technology and/or knowledge. For manufactur-
ing industries we distinguish between industries with
low and medium-low technological content and indus-
tries with medium-high and high technological content,
using the 2003 OECD classification. For service indus-
tries, we use the same year’s OECD classification of the
‘knowledge-intensive’ services (see Hatzichronoglou,
1997 for details). Industries that are intensive produc-
ers or users of high technology (22 out of 52) are coded
as 1, the remainder as 0.

Table 2 shows the distribution of each innovation
activity separately for industries with high and low tech-
nology/knowledge content. As suggested in Section 2.5,
firms in industries where this content is high tend more
to conduct R&D.

3.3. Model specification and estimation

A logit model with random effects (also known as
mixed logit model or multilevel logit model) for com-
plex samples was used to predict each of the three
binary dependent variables indicating innovation strate-
gic profile (R&D activities, technology acquisition and
downstream activities). The probability that firm i in
industry j will perform a particular type of innovative
action (πij) undergoes the logistic transformation and
is linearly related to the set of explanatory variables xij

measured for firm i in industry j:

ln

(
πij

1 − πij

)
= β0 + β1x1ij + β2x2ij + · · · + βkxkij

(1)

As our data are multilevel by nature (firms are nested
within industries), a multilevel or mixed logit model is
required (e.g. Goldstein, 1995, pp. 77–111). In such a
model, random intercepts account for industry hetero-
geneity. Eq. (2) is identical to Eq. (1) except by the fact
that the β0j intercept has an industry sub-index and is thus
assumed to vary across industries around an expected
value β0. A random intercept plays an analogous role to
a complete set of industry-specific binary variables:

ln

(
πij

1 − πij

)
= β0j + β1x1ij + β2x2ij + · · · + βkxkij,

β0j → N(β0, Var(β0j)) (2)

The model can be extended to include random slopes
as well, thus showing different effects of some or all
the predictors in different industries. A random slope
plays an analogous role to a complete set of interaction
terms between the predictor and industry specific binary
variables. Eq. (3) shows such a model when only x1 has
a random slope. The random intercept and the random
slope may also covary:

ln

(
πij

1 − πij

)
= β0j + β1jx1ij + β2x2ij + · · · + βkxkij,

β0j → N(β0, Var(β0j)), β1j → N(β1, Var(β1j)) (3)

A first advantage of using random intercepts and
slopes compared to using industry dummies is greater
parsimony, as only variances and covariances of the ran-
dom intercept and slopes have to be estimated, no matter
how large the number of industries is. In a model of
our size, 918 dummy variables and their products would
have been needed. A second advantage is that they are
suitable for hierarchical samples, in which interdepen-
dence of firms within an industry is a major concern. A
third advantage is that variables that are measured only at
the industry level may be included in the model. Exam-
ples of such variables are the classification of industries
between service and manufacturing and according to
technology/knowledge content. A model with a dummy
industry-level variable z affecting the random intercepts
and slopes is formulated as follows:

ln

(
πij

1 − πij

)
= β0j + β1jx1ij + β2x2ij + · · · + βkxkij,

β0j = β0 + γ0zj + υ0j, β1j = β1 + γ1zj + υ1j,

υ0j → N(0, Var(υ0j)), υ1j → N(0, Var(υ1j)) (4)

where z only has the industry sub-index.
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The interpretation of the results is not far from that
of separate logit models fitted to each industry. Sepa-
rate industry-specific estimates for each random slope
(in the example β1j) can also be obtained, although they
will of course be unreliable for industries with a small
number of firms in the sample. If the slope is not ran-
dom, then the average effect (in the example β2) applies
to all industries. As in a standard logit model eβ can be
interpreted in terms of odds ratios. If γ0 is positive, then
the particular type of industry indicated by z has a higher
probability of performing the innovative action. If γ1 is
positive, then x1 has a higher effect (if the mean effect
is positive, lower otherwise) on the probability of per-
forming the innovative action within the particular type
of industry indicated by z.

As has been argued, sampling weights must also be
taken into account. Most statistical programs use weights
only to correct point estimates. What is less widely
understood is that standard formulae for computing stan-
dard errors fail to work in this situation. Adjustments
to standard errors are performed by Mplus4.1, which
is the program we use throughout with the maximum
likelihood option.

All explanatory variables described in the previous
section were used. As argued before, we assume that
the effects on innovation profile may change between
firms that use appropriation instruments (or belong to
a conglomerate that does use them) and firms that do
not. Therefore, an interaction term was included between
PROTECT and all other variables. The summated rating
scales were mean centred in order to prevent collinearity
with the iteration terms (Irwin and McClelland, 2001)
and to make the main effect of the PROTECT variable
interpretable as the effect for a firm with the mean level
of the summated scales which does not belong to a con-
glomerate. The main effects of all other variables refer to
a firm that does not use appropriation instruments. The
effects for firms that do use appropriation instruments
result from the sum of the main and interaction effects.

A model with all random coefficients would imply
too heavy a computational burden. Thus, a model
was fitted with only a random intercept, and slope
variances were introduced one by one to check their
significance.

4. Results

4.1. R&D activities

Table 5 shows the estimates for the first depen-
dent variable described in Section 3.2, R + D activities.
Standard errors and t-values are included to assess the

Table 5
Results for predicting the probability of carrying out R&D activities

β̂ S.E. ta Stand.β̂

Mean effects
CONGLOM 0.625 0.163 3.841 0.128
SIZE 0.460 0.089 5.147 0.211
INTHAMP 0.000 0.105 0.005 0.000
MARKINF −0.065 0.104 −0.621 −0.030
PUBLINF 0.434 0.156 2.779 0.149
CONFINF 0.136 0.084 1.615 0.064
ECOHAMP 0.217 0.129 1.676 0.107
OTHHAMP 0.074 0.093 0.794 0.033
PROTECT 0.971 0.139 6.991 0.235
PROTECT × CONGLOM −0.693 0.263 −2.640 −0.099
PROTECT × SIZE 0.125 0.141 0.888 0.041
PROTECT × INTHAMP 0.185 0.131 1.409 0.049
PROTECT × MARKINF 0.329 0.186 1.772 0.091
PROTECT × PUBLINF −0.041 0.203 −0.203 −0.010
PROTECT × CONFINF −0.076 0.154 −0.495 −0.021
PROTECT × ECOHAMP −0.258 0.139 −1.860 −0.076
PROTECT × OTHHAMP −0.177 0.143 −1.240 −0.050

Significant effect variances
INTERCEPT 0.270 0.109 2.467
SIZE 0.121 0.054 2.242
PROTECT × INTHAMP 0.324 0.141 2.307

Slopes of effects on the SERVICE dummy variable
INTERCEPT −0.657 0.175 −3.756
SIZE −0.194 0.179 −1.088
PROTECT × INTHAMP 0.621 0.304 2.039

Slopes of effects on the HIGHTECH dummy variable
INTERCEPT 1.202 0.213 5.632
SIZE −0.195 0.161 −1.212
PROTECT × INTHAMP −0.009 0.271 −0.033

a Boldfaced if significant (α = 5%).

statistical significance and the standardized estimate to
assess predictor importance.

As expected from Hypothesis 1, firms that use appro-
priation instruments are more likely to conduct R&D
activities (significant positive PROTECT main effect).

As regards AC-I, the use of information from public
institutions tends to increase R&D activities to a similar
extent for both firms using and not using appropriation
instruments (significant main effect and non-significant
interaction). These results provide support for Hypothe-
ses 4 and 5.

As regards AC-II, the existence of internal issues
hampering innovation does not seem to affect the
firms’ propensity to conduct R&D activities in the
average industry (non-significant mean main and inter-
action effects of INTHAMP). However, the significant
effect variance of the PROTECT × INTHAMP interac-
tion shows this AC-II to be important for firms using
appropriation instruments in certain industries, espe-
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cially in manufacturing (it must be taken into account
that due to the questionnaire wording, the higher the
value of INTHAMP, the lower AC-II; thus a posi-
tive SERVICE coefficient in fact means a higher effect
for manufacturing industries). This result provides par-
tial support to Hypothesis 7 but not to Hypothesis 6.4

The detailed estimates of the random slopes of PRO-
TECT × INTHAMP for each industry are shown in
Appendix 1 (only for industries with 50 or more sample
members).

The positive significant mean effect of SIZE shows
larger firms in an average industry to be more prone to
perform R&D. The significant variance of the effect of
size may be related to the differences in the sign of the
effect of size reported in the literature. In 12% of the stud-
ied industries (Appendix 1 only shows the large ones)
the effect of size was actually negative, thus supporting
Hypothesis 8. However, as shown by the non-significant
coefficients of SERVICE and HIGHTECH on the effect
of SIZE, this effect of size is not significantly related to
the type of industry (manufacturing versus service, low
versus high technology/knowledge content). More com-
plex variables may underlie why in some industries size
fosters R&D while in other industries hindering it.

Within the group of non-users of appropriation instru-
ments (main effects) CONGLOM has a significant
positive mean coefficient, indicating that firms belonging
to a conglomerate are more likely to conduct R&D activ-
ities (we must recall that external R&D includes R&D by
firms belonging to the same conglomerate). Within the
group of users of appropriation instruments, the CON-
GLOM effect is cancelled out (positive main effect and
negative interaction of about the same size). The results
thus partly support Hypothesis 9.

As regards the intercept variance, its high statistical
significance shows that firms in different industries have
different probabilities of performing R&D activities. A
list of industries with higher and lower propensities to
carry out R&D activities is in Table 4. The intercept
is significantly and negatively related to the SERVICE
dummy variable, showing that service firms have a lower
probability of carrying out R&D activities than manufac-
turing firms. These results coincide with those previously
found in the literature and with Hypothesis 10. The inter-
cept is also positively related to the HIGHTECH dummy
variable, showing that, as expected from Hypothesis 11,
industries with a high technology/knowledge content
tend more to perform R&D activities.

4 We understand that support for a hypothesis is partial when it holds
only for certain industries or types of firms.

Table 6
Results for predicting the probability of carrying out acquisition of
technology

β̂ S.E. ta Stand.β̂

Mean effects
CONGLOM −0.389 0.271 −1.436 −0.086
SIZE −0.134 0.112 −1.196 −0.066
INTHAMP 0.027 0.176 0.154 0.013
MARKINF −0.064 0.134 −0.480 −0.032
PUBLINF −0.199 0.150 −1.326 −0.074
CONFINF 0.109 0.129 0.845 0.055
ECOHAMP 0.073 0.139 0.524 0.039
OTHHAMP −0.415 0.207 −2.006 −0.203
PROTECT −0.164 0.172 −0.950 −0.043
PROTECT × CONGLOM 0.343 0.332 1.034 0.053
PROTECT × SIZE 0.117 0.148 0.789 0.041
PROTECT × INTHAMP 0.236 0.275 0.856 0.068
PROTECT × MARKINF −0.152 0.148 −1.031 −0.045
PROTECT × PUBLINF 0.284 0.160 1.779 0.072
PROTECT × CONFINF 0.208 0.180 1.159 0.061
PROTECT × ECOHAMP 0.001 0.255 0.004 0.000
PROTECT × OTHHAMP 0.339 0.193 1.757 0.103

Significant effect variances
INTERCEPT 0.085 0.053 1.586
MARKINF 0.214 0.086 2.476
PROTECT × INTHAMP 0.278 0.131 2.121

Slopes of effects on the SERVICE dummy variable
INTERCEPT 0.448 0.144 3.115
MARKINF −0.160 0.223 −0.720
PROTECT × INTHAMP −0.168 0.449 −0.375

Slopes of effects on the HIGHTECH dummy variable
INTERCEPT −0.636 0.154 −4.132
MARKINF 0.486 0.181 2.687
PROTECT × INTHAMP 0.069 0.314 0.220

a Boldfaced if significant (α = 5%).

Some of the literature (for instance, Veugelers and
Cassiman, 1999) suggests that internal R&D alone could
better operationalise the concept we are interested in
this section.5 Even if internal and external R&D may be
somewhat confounded (R&D done within other firms in
the conglomerate was considered as external, so that the
distinction between internal and external R&D in some
cases only reflects organizational choices), in Appendix
2 we have replicated Table 5 considering internal R&D
only. The results that we find are very similar.

4.2. Acquisition of technology

With regard to the second-dependent variable, Table 6
shows that there is no significant difference in the like-
lihood of acquiring technology between firms using and

5 We thank an anonymous reviewer for making this point.
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not using appropriation instruments. Hypothesis 2 is thus
supported.

As hypothesized (Hypotheses 6 and 7), no absorp-
tive capacity to integrate innovations (AC-II) is needed
to acquire technology in the market for an aver-
age industry. However, the significant variance of the
PROTECT × INTHAMP variable shows AC-II to be
important for firms using appropriation instruments in
certain industries (see individual effects in Appendix
1). The strength of this effect is unrelated to whether
the industry is or not a service industry and to
whether it has or has not a strong technology/knowledge
content.

The capability to scan the external environment for
technology (AC-I) does not have a significant effect for
the average industry. However, when it comes to infor-
mation from the market, it is important in industries
with a high technology/knowledge content, as shown
by the MARKINF effect variance (see Appendix 1)
and its significant and positive relation to HIGHTECH.
Hypotheses 4 and 5 are thus partly supported. Size and
belonging to a conglomerate fail to cause significant
differences.

As regards the intercept variance, its relevance can
be inferred from the fact that it is significantly related
to SERVICE and HIGHTECH. This means that firms
in different industries will have different probabilities
of acquiring technology, namely firms in service indus-
tries will have a higher probability and firms in highly
technological industries a lower one (Hypothesis 10 is
thus confirmed). The actual percentage of firms acquir-
ing technology within each industry is displayed in
Table 4. Unlike the case of R&D and downstream activ-
ities, technology acquisition seems to be important for
all industries, as in no industry is the percentage of firms
acquiring technology lower than 58%.

The remaining significant variables are confounders
and thus unrelated to any of our hypotheses.

4.3. Downstream activities

The third-dependent variable corresponds to the
downstream activities (Table 7), such as tooling-up or
marketing research. Firms using appropriation instru-
ments invest significantly more often in downstream
activities. Hypothesis 3 is thus supported.

The presence of internal factors hampering inno-
vation does not affect the probability of performing
downstream activities in the average industry, but it
does so in certain industries (significant effect variance).
Appendix 1 shows the effects for the different industries,
which are not higher or lower depending on the type of

Table 7
Results for predicting the probability of carrying out downstream
activities

β̂ S.E. ta Stand.β̂

Mean effects
CONGLOM 0.341 0.215 1.583 0.071
SIZE −0.085 0.076 −1.127 −0.040
INTHAMP −0.083 0.110 −0.758 −0.038
MARKINF 0.405 0.100 4.043 0.192
PUBLINF 0.058 0.131 0.439 0.020
CONFINF 0.170 0.101 1.679 0.082
ECOHAMP 0.023 0.106 0.219 0.012
OTHHAMP 0.404 0.086 4.671 0.187
PROTECT 1.137 0.112 10.110 0.280
PROTECT × CONGLOM −0.547 0.235 −2.330 −0.079
PROTECT × SIZE 0.213 0.129 1.656 0.071
PROTECT × INTHAMP 0.154 0.151 1.020 0.042
PROTECT × MARKINF −0.142 0.136 −1.038 −0.040
PROTECT × PUBLINF −0.086 0.213 −0.405 −0.021
PROTECT × CONFINF −0.224 0.164 −1.369 −0.062
PROTECT × ECOHAMP 0.034 0.123 0.278 0.010
PROTECT × OTHHAMP −0.313 0.138 −2.274 −0.090

Significant effect variances
INTERCEPT 0.167 0.084 1.982
INTHAMP 0.201 0.078 2.576
CONFINF 0.157 0.058 2.681

Slopes of effects on the SERVICE dummy variable
INTERCEPT 0.085 0.188 0.450
INTHAMP 0.118 0.179 0.657
CONFINF 0.146 0.199 0.734

Slopes of effects on the HIGHTECH dummy variable
INTERCEPT 0.064 0.157 0.407
INTHAMP 0.035 0.187 0.187
CONFINF −0.010 0.183 −0.054

a Boldfaced if significant (α = 5%).

industry as classified by the SERVICE and HIGHTECH
variables. Hypothesis 6 is thus partly supported.

On the other hand, the capability to scan the external
environment for technology is significant. Specifically,
the more the information from markets is used, the higher
the probability of carrying out downstream activities for
firms both using and not using appropriation instruments.
Information from fairs and conferences is important only
in certain industries (significant effect variance and non-
significant main effect). Support is thus provided for
Hypotheses 4 and 5.

Finally, belonging to a conglomerate tends to reduce
the probability of carrying out downstream activities but
does so only for users of appropriation instruments (sig-
nificant PROTECT × CONGLOM interaction).

The results in Table 7 bear more resemblance to those
in Table 5 than to those in Table 6. Actually, the φ coef-
ficients in Table 3 suggest that downstream activities are
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more strongly related to R&D activities than to acquisi-
tion of technology.

As regards the intercept variance, its high statisti-
cal significance shows that firms in different industries
will have different probabilities of performing down-
stream activities. However, this probability is unrelated
to the characteristics of the industry that we are consid-
ering (manufacturing versus service and high versus low
technology/knowledge content). Details can be found in
Table 4.

The remaining significant variables are confounders
and thus unrelated to any of our hypotheses.

5. Conclusions

The range of innovation activities that firms under-
take can be broadly clustered into investment in R&D,
acquisition of technology and downstream activities.
We look at the propensity to perform each of these
activities for the case of Spanish firms and check for
differences between firms that invest in appropriation
instruments and firms that do not. The former tend
to invest more in R&D and downstream activities.
Acquisition of technology is found to be important for
both.

In order to implement their choice of innovation
activities, firms may need capabilities in the form of
absorptive capacity. Absorptive capacity can be of two
types: the capability to scan the environment for new
technologies, and the capability to integrate complex
and disembodied knowledge. Scanning capabilities are
found to be significant for both firms that use appropri-
ation instruments and firms that do not, and for all types
of innovation activities at least in some industries. On
the contrary, mostly firms that use appropriation instru-
ments require absorptive capability of the second type,
though only in certain industries. The need to allow
for industry differences when studying the effects of
absorptive capacity is thus confirmed. The distinction
between firms that use appropriation instruments and
those that do not has also proved to be especially rele-
vant, as many effects change between these two groups of
firms.

Larger firms and firms belonging to a conglomerate
tend to carry out more R&D. However, in certain indus-
tries the effect of firm size was negative and the effect of
belonging to a conglomerate tends to disappear for firms
that use appropriation instruments.

The propensity to carry out any of the innova-
tion activities varied a lot across industries. Firms in
manufacturing industries and in industries with a high
technology/knowledge content tend more to perform

R&D activities while firms in service industries and in
industries with a low technology/knowledge content tend
more to acquire technology.

Overall, the results are in line with those previously
found in the literature, albeit we produce them in more
detail and using a statistical methodology that makes
it possible to distinguish within and between industry
differences and to produce proper inferences in com-
plex sample designs. Another major contribution is the
separated estimated effects for users and non-users of
appropriation instruments.

Due to the difficulties in the measurement of
spillovers in general, and absorptive capacity in partic-
ular, the evidence that we provide is not conclusive, but
provides a starting point for further research in this direc-
tion. Our findings suffer from several limitations that can
develop into lines for further research:

(a) This study was limited to the variables available and
with a reasonable response rate to the CIS for the
case of Spanish firms.

(b) More work is needed to identify firm characteristics
generating absorptive capacity and how to measure
it empirically.

(c) The use of appropriation instruments and absorp-
tive capacity may be endogenous and depend on
the amount of R&D carried out. The fact that the
use of appropriation instruments was measured with
respect to the previous 3 years can help mitigate this
problem though not fully overcome it. The coeffi-
cients in our models should not be interpreted as
causal relationships.

(d) More empirical work is also needed to check the
robustness of the results outside its temporal and
spatial framework. This comparative work is diffi-
cult because the CIS questionnaire has experienced
some changes from phase to phase and from coun-
try to country. The addition of an extra panel phases
would also make it possible to test for dynamic
effects. Unfortunately, micro-data after year 2000
are not made available to academic institutions by
the Spanish National Statistical Institute.

Finally, additional theoretical and empirical work is
needed to understand how managers make decisions
on the combination of innovation activities that firms
undertake, given the wider range of options that have
become available in recent years and the heterogeneity
of industries. Some of this work could be of qualitative
nature, involving in-depth interviews of the managers
themselves or case studies of particularly illustrative
firms.
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Appendix A

Industry-specific effects for the random coefficients.

Dependent variable

R&D activities Acquisition of technology Downstream activities

SIZEa PROTECT ×
INTHAMPa

MARKINFa PROTECT ×
INTHAMPa

INTHAMPa CONFINFa

Food and drinks 0.53 0.47 0.27 0.72 −0.01 0.06
Miscellaneous textiles 0.45 −0.16 −0.33 0.12 −0.15 0.13
Clothing (textiles and furs) 0.54 0.61 −0.49 0.47 0.55 −0.12
Wood and cork products 1.01 −0.08 0.82 0.37 −0.50 0.49
Pulp, paper and paperboard −0.03 −0.01 −0.02 0.09 −0.22 0.23
Publishing and printing services 0.33 1.28 −0.28 0.03 0.01 −0.09
Chemicals 0.16 0.27 0.14 0.19 −0.19 0.08
Pharmaceutical products 0.09 −0.13 0.15 0.11 0.12 0.08
Rubber and plastic products 0.59 −0.11 −0.49 0.16 −0.08 0.08
Non-metallic mineral products 0.48 −0.10 0.14 0.42 0.04 −0.06
Metallurgic ferrous products 0.23 0.16 −0.22 −0.14 0.27 0.09
Metal products (except machinery and equipment) 0.45 0.50 −0.11 −0.36 −0.16 0.47
Mechanical machinery and equipment 0.35 0.29 0.68 1.18 −0.38 0.10
Electrical machinery and equipment 0.70 0.51 −0.28 0.01 0.16 −0.20
Optical instruments and surgical equipment 0.28 −0.34 −0.27 −0.22 0.10 0.22
Motor vehicles 0.12 −0.11 −0.08 −0.10 0.12 −0.04
Furniture 0.68 −0.74 0.03 −0.12 −0.23 −0.06
Other manufactures −0.07 0.15 0.25 0.26 0.05 0.11
Building 2.35 −1.41 −2.72 0.24 −1.84 1.47
Wholesale 0.97 1.24 −1.68 0.82 0.33 1.36
Transportation 0.14 1.17 −0.29 −0.17 0.71 −0.43
Other transportation and travel agencies 0.18 −0.01 −0.52 0.18 0.33 0.37
Financial intermediation 0.33 −0.20 0.25 0.29 −0.63 −0.25
Software −0.11 −0.06 0.12 0.22 0.02 0.41
Other computer related activities 0.02 0.08 0.02 0.05 0.08 −0.22
Research and development 0.04 −0.08 0.02 0.12 0.03 0.12
Architecture and engineering services 0.24 −0.10 0.12 0.27 0.34 0.45
Other activities 0.87 0.31 −0.11 −0.57 −0.21 0.86
Other collective health services 0.65 0.84 0.12 −0.20 −0.80 0.47

Industries with fewer than 50 cases are not presented as their results are too sample dependent.
a Explanatory variable.
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Appendix B

Results for predicting the probability of carrying out
only internal R&D activities.

β̂ S.E. ta Stand.β̂

Mean effects
CONGLOM 0.525 0.241 2.181 0.107
SIZE 0.393 0.078 5.014 0.180
INTHAMP 0.036 0.106 0.339 0.016
MARKINF 0.073 0.121 0.599 0.034
PUBLINF 0.522 0.191 2.731 0.179
CONFINF 0.051 0.112 0.459 0.024
ECOHAMP 0.108 0.132 0.813 0.053
OTHHAMP −0.007 0.086 −0.080 −0.003
PROTECT 1.203 0.119 10.072 0.290
PROTECT × CONGLOM −0.837 0.307 −2.731 −0.119
PROTECT × SIZE 0.186 0.124 1.507 0.061
PROTECT × INTHAMP 0.092 0.143 0.647 0.024
PROTECT × MARKINF 0.291 0.182 1.596 0.080
PROTECT × PUBLINF −0.170 0.227 −0.752 −0.040
PROTECT × CONFINF −0.071 0.120 −0.588 −0.019
PROTECT × ECOHAMP −0.176 0.167 −1.053 −0.051
PROTECT × OTHHAMP −0.031 0.135 −0.231 −0.009

Significant effect variances
INTERCEPT 0.394 0.147 2.691
SIZE 0.112 0.054 2.062

Slopes of effects on the SERVICE dummy variable
INTERCEPT −0.885 0.214 −4.128
SIZE −0.118 0.160 −0.112

Slopes of effects on the HIGHTECH dummy variable
INTERCEPT 1.452 0.259 5.608
SIZE −0.235 0.160 −1.475

a Boldfaced if significant (α = 5%).
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