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Abstract

This paper intends to analyze the relationship between productive efficiency and innovation activity in Spain’s wood-based
industry. The methodology includes two levels of analysis. First, a non-parametric technique (data envelopment analysis, DEA)
is applied with several inputs and outputs associated to economic and financial data. In a second stage, a logistic regression
model explores the relationship between the property of efficiency and innovation activity indicators. This approach is used to
analyze a set of firms in the following sectors: lumber and wood products, pulp and paper and wood furniture. Results do not
show the existence of significant links between firm’s efficiency and innovation activities. This outcome is consistent with a low
firm priority toward R&D as a means to achieve competitiveness and an innovation strategy followed by many Spanish firms

based on the acquisition of embodied technology available in international markets. In order to improve competitiveness in the
long run, efforts should be made by Spanish wood-based firms to increase their production of in-house technologies.
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1. Introduction

The Spanish forest sector science and technology

(S&T) system has been transformed substantially in

recent years. The funding, the organization and the

institutional structure of research are substantially dif-

ferent today from those existing two decades ago.

Drastic changes have also occurred in the amount of

resources dedicated to research and development
lysis of productive efficiency and innovation ac
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(R&D), as well as in the performance of the forest

sector S&T system.

Since the mid nineties, Spanish S&T policy dis-

course has been leaning toward a more innovation-

centered approach with an increasing emphasis on the

development of technologies and the application of

knowledge at the expense of the creation of know-

ledge. A resulting outcome has been the introduction

of modifications in the program composition and

budgetary distribution of the National R&D Plan in

order to enhance the promotion of innovation activity

in the enterprise sector. In addition, new public–pri-

vate partnerships initiatives have emerged in recent

years (CICYT, 1999; Sanz-Menendez, 2003).

Budgetary increases alongwith institutional reforms

have produced a positive impact on the scientific

results of the forest sector S&T system. In the period

1987–1999, the annual average rate of growth of the

number of forestry items in the Science Citation Index

(SCI) published by Spanish authors was 20.69%,

higher than in most developed countries (SCI search,

2004). The evolution of these items is shown in Table 1.

However, the technological results of the Spanish for-

est sector S&T system are still far behind its scientific

achievements. During the period 1987–1999, Spain

accounted for only 3.17% of the number of forestry

and wood product patent applications submitted to the

Spanish Patent Office (Oficina Española de Patentes y
Table 1

Forest Science items in SCI published by authors of Spain and

patent applications submitted to the Spanish Patent Office (OEPM),

1987–1999

Spanish SCI items Patent applications

Foreign Spanish

1987 11 429 34

1988 11 508 44

1989 23 583 45

1990 20 899 44

1991 37 869 38

1992 69 948 32

1993 56 878 34

1994 64 1013 33

1995 94 1036 30

1996 100 1113 32

1997 121 1479 26

1998 117 1759 18

1999 127 1697 9

Source: OEPM and SCI search (SCI, 2004).
Marcas, OEPM), lagging behind main European

countries. Moreover, the proportion of Spanish patents

has decreased throughout the same period (see Table 1).

The weak technological results of the Spanish forest

sector S&T system can be partially attributed to some

unintended effects of R&D funding and evaluation

policies (Jiménez-Contreras et al., 2002; MCYT,

2003). Possibly, a more important factor is the persis-

tent barriers to technology innovation characterizing

the Spanish industrial sector. After more than two

decades of Government innovations policies and tech-

nology transfer programs (see Sanz-Menendez, 2003),

recent studies indicate a low entrepreneurial priority

toward R&D and other innovation activities as a means

to achieve competitiveness (COTEC, 2004). This situ-

ation is particularly severe in the wood-based industry.

According to the National Institute of Statistics

(INE), in 2001 the gross value added (GVA) of Spanish

wood-based industry was 10,600milliono amounting

to more than 10.6% of Spain industrial sector GVA

(INE, 2002). However, in terms of R&D the relative

importance of the wood-based industry within the in-

dustrial sector was lower than its economic proportion.

In 2001 R&D expenditures in the wood-based industry

were only 1.3% of total industrial R&D expenditures in

Spain. In the same year the number of researchers in the

wood-based industry represented only 1.7% of the total

number of researchers working in the industrial sector

(INE, 2002). In 2002, the share of total expenditures in

innovation activity in the wood-based industry, exclud-

ing R&D, with respect to the whole industrial sector

was 3.89%. This figure is slightly more favorable than

that of R&D expenditures, but still relatively low (INE,

2002). Spanish wood-based industries R&D intensity

(percentage of R&D expenditures on sales) during

1998–2001 was only 0.003% (ESEE, 1998–2000).

This is an extremely low figure when compared with

other countries. For example, Globerman et al. (1999)

indicate a R&D intensity in the range of 0.4–1.0% for a

variety of countries.

The Spanish wood-based sector is made of mostly

small (less than 20 workers) and medium firms (be-

tween 20 and 50 workers). In 2003, a commercial

survey taken at 5517 wood-based enterprises showed

that 88.86% of the firms surveyed were small and

medium enterprises with less than 50 workers. At

least a minimum level of financial effort is required

to set up R&D and innovation activities and this thresh-
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old is often difficult to reach by many small firms.

Furthermore, many small and medium size firms still

consider the development of endogenous innovations

as an additional and costly activity difficult to manage,

and with long term intangible and doubtful results.

These factors may explain the relative low budget

appropriations to innovation activity that is typical for

Spanish wood based firms. Following EUROSTAT, in

this paper enterprises with innovation activity (propen-

sity to innovate) covers all type of innovator, namely

product innovators, process innovators, as well as

enterprises with only ongoing and/or abandoned inno-

vation activities to develop or introduce new or signif-

icantly improve products (goods or services) or

implementing new processes, including R&D activity

(Eurostat, 2004).

The natural outcome of this situation is that the most

frequent source of technological innovation (product

and process) in the Spanish wood-based industry is the

acquisition of embodied technology available in inter-

national markets (COTEC, 2004). Although this may

have been a good strategy in the past, as a result of the

new international environment, and in particular the

recent enlargement of the EU, Spain wood-based in-

dustry may gradually lose its traditional competitive

advantage brought about by lower labor costs within

the European market. In 2001, the export–import ratio

of Spanish wood-based industry was approximately

80%. To maintain its current position in foreign and

domestic markets, Spanish wood-based firms will have

to look for new sources of competitiveness, such as the

development of new industrial outputs and the reduc-

tion of production costs by implementing new and

more efficient production processes. This may require

an increase emphasis in the development of endoge-

nous technologies.

Since the pioneering studies of Griliches (1980),

Griliches and Mairesse (1984), the existence of a sig-

nificant relationship between R&D at the firm level and

productivity was pointed out. Similar studies carried

out at the industrial level using aggregate data have also

confirmed the above relationship (Mansfield, 1984).

Wood-based industry examples are scarce. For exam-

ple, Bullard and Straka (1986) found a significant pos-

itive relationship between R&D expenditures and sales

in five major US pulp and paper firms. In a more recent

study Munn et al. (1998) analyzing 303 firms, over a

wide range of forest products industries, also found a
positive relationship between R&D expenditures and

profitability in the long term, although R&D expendi-

tures were negatively related to growth in the short

term. A positive relationship is usually assumed be-

tween other aspects of innovation activity and produc-

tivity in the forest sector (Das and Alavalapati, 2003).

In this study we investigated the relationship be-

tween R&D and other innovation activities and pro-

duction efficiency of Spanish wood-based industry,

using a methodology which includes both a non-para-

metric technique, data envelopment analysis (DEA),

and a logistic regression. Economic, financial, and

innovation activity data variables are considered in

our methodology.

The first data envelopment analysis (DEA) appli-

cation to the forest sector was published by Rhodes

(1986). However, the number of efficiency measure-

ments in the forest literature based on non-parametric

methods is still limited. These studies have focused on

measuring efficiency in the private forest industry

sector as well as on measuring forest management

efficiency. Within the first group of studies, Yin

(1998) applied DEA to analyze the efficiency of 44

paper firms in the United States considering seven

inputs and one output (annual production). The

same author (Yin, 1999), using the same procedure,

also studied production efficiency and cost competi-

tiveness of 70 pulp firms located in 10 countries of the

Pacific Rim. This work was expanded in Yin (2000) to

study technical and allocative efficiency measures for

102 mills in the world using DEA and stochastic

frontier analysis (SFA). Fotiou (2000) estimated the

efficiency of the Greek sawmills industry using a

DEA model with 2 inputs (capital, workers) and 1

output (total product). More recently, Nyrud and Berg-

seng (2002) employed data envelopment analysis to

measure productive efficiency in approximately 200

Norwegian sawmill firms. Hseu and Shang (2005)

have applied DEA models in order to solve several

distance functions used to construct Malmquist index

in the pulp and paper industry. A recent overview of

DEA and SFA application to timber production effi-

ciency can be found in Carter and Siry (2003).

No previous applications of DEA to analyze inno-

vation policies within forest products industry have

been found. Logistic regression models have been

applied to numerous fields including forestry. How-

ever, joint applications of DEA and logistic regres-
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sion are rare. The present paper is one of the first

studies analyzing firms’ innovation activity using

both methodologies.

This article is organized as follows. We begin with

a brief discussion of our methodology: DEA and

logistic regression techniques. In the next section the

data description is given. Then the empirical results

are presented. The concluding section summarizes the

main findings.
2. Methodology

2.1. DEA technique

Efficiency measurement studies of firms are carried

out in order to assess firm’s performance according to

basic microeconomic principles, such as profit maxi-

mization (assumption considered in this study). Given

that firms convert multiple inputs into multiple out-

puts, we need techniques to jointly analyze both

inputs and outputs. Central to the firm’s goal of profit

maximizing is not only the minimal application of

factors but also the correct allocation of input-factors

in a way that an optimal output is achievable.

Three measures of efficiency can be applied: tech-

nical efficiency, scale efficiency and allocative effi-

ciency. In this paper only technical and scale efficiency

are considered, because measurement of allocative

efficiency requires data on production costs not avail-

able in our database. Thus, we will analyze whether

firms’ inefficiencies are due to an excessive use of

certain inputs (technical inefficiency), or to a subopti-

mal size (scale inefficiency).

The concept of technical efficiency can include an

input orientation or an output orientation. In an input-

oriented model a DMU [Decision Making Unit] will

gain efficiency by maintaining its current levels of

outputs and decreasing its inputs. In an output-oriented

model a DMU will gain efficiency maintaining the

inputs and increasing its outputs. DEA also provides

information about scale efficiencies in production.

Scale inefficiencies emerge when technology provides

increasing returns to scale or decreasing return to scale.

Techniques developed to measure efficiency re-

quire the estimation of a production frontier to which

firm’s performance may be evaluated. Two set of

techniques, parametric and non-parametric, are avail-
able for empirical computation of stochastic or deter-

ministic production frontiers. Parametric techniques

specify a functional form for the production frontier

using statistical techniques or a mathematical program-

ming approach. Non-parametric techniques do not

specify the functional form of the frontier. Instead

these techniques establish a set of segments linking

efficient units (firms) which is used to compare the rest

of the units. This is the foundation of data envelopment

analysis (DEA), the main non-parametric technique

which uses linear programming to measure the relative

efficiency of firms. Compared to regression or stochas-

tic frontier analysis methods, DEA shows several

advantages. First, DEA allows handling multiple

inputs and outputs (with different units) in a non-

complex way. Second, DEA does not require any

initial assumption about a specific functional form

linking inputs and outputs. In contrast, DEA results

may be affected by the well known limitations of this

methodology, such as the influence of external data,

the deterministic environment and the sensitiveness to

measurement error.

In this study, we have chosen DEA for its simpli-

city to agglomerate different inputs and outputs and in

order to avoid possible mistakes caused by erroneous

specifications of the functional form. This is particu-

larly relevant in our example that focuses on three

sectors (lumber and wood products, pulp and paper,

and wood furniture) in which empirical studies pro-

viding estimations of production frontiers functional

forms are not available. In this study it is assumed that

the DMUs fulfill the three necessary conditions for

homogeneity (Haas and Murphy, 2003): the DMUs

are engaged in the same process; the same measures

of efficiency are applied to all DMUs; and all DMUs

are operating under the same conditions.

Since DEA was introduced by Charner, Cooper

and Rhodes (Charnes et al., 1978) several analytical

models have been developed depending on the

assumptions underlying the approach. For instance,

the orientation of the analysis toward inputs or out-

puts, the existence of constant or variable (increasing

or decreasing) returns to scale and the possibility of

controlling inputs. Given the diversity of units char-

acterizing our example, we first applied the CCR

model proposed in Charnes et al. (1978). This

model assumes constant returns to scale and it is

input-oriented. Following Cooper et al. (2000), we
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begin by the commonly used measure of efficiency

(output / input ratio) and we try to find out the corres-

ponding weights by using linear programming in

order to maximize the ratio. To determine the effi-

ciency of n units (wood-based firms) n linear pro-

gramming problems must be solved to obtain the
Max h ¼ u1y1;0 þ . . . þ usys;0

subject to : v1x1;0 þ . . . þ vmxm;0 ¼ 1

u1y1; j þ . . . þ usys; j � v1x1; j � . . . � v

v1; v2; . . . vmz0

u1; u2; . . . usz0:

Max h ¼ u1y1;0 þ . . . þ usys;0 � u0

subject to : v1x1;0 þ . . . þ vmxm;0 ¼ 1

u1y1; jþ . . . þ usys; j�v1x1; j� . . . �vmx

v1; v2; . . . vm0
u1; u2; . . . us0:
value of the weights (vi) associated with inputs (xi),

as well as the value of weights (ur) associated with

outputs ( yr). Assuming m inputs and s outputs and

transforming the fractional programming model into a

lineal programming model, the CCR model can be

formulated as follows (Cooper et al., 2000):
(1)

mxm; jV0 j ¼ 1 . . . nð Þ
Due to the lack of information concerning the

form of the production frontier, an extension of

the CCR model described in (1), the BCC (Bank-

er–Charnes–Cooper) model was also used (Banker
et al., 1984). This model incorporates the property

of variable returns to scale. Oriented toward min-

imizing inputs, the BCC model has the following

form:
(2)

m; j�u0V0 j¼ 1 . . . nð Þ
Where u0 is the variable allowing identification of

the nature of the returns to scale. This model does

not predetermine if the value of this variable is pos-

itive (increasing returns) or is negative (decreasing

returns).

As available data doesn’t include accurate mea-

sures about the outputs’ prices, we have chosen a

DEA input-oriented model. This means that one unit

would be technically efficient if it produces the

maximum amount of outputs with the least possible

inputs. In this study, both the CCR model and the

BBC model are applied. The assumption of constant

return to scale adopted in the CCR model is a

convenient hypothesis only when all firms are oper-

ating at an optimum scale. However, the BCC model

avoids the scale biased problems when measuring

technical efficiency. In addition, the use of both

models allows the measurement of scale efficiency:

for each unit scale efficiency is the ratio between

CCR and BCC efficiencies. Identical CCR and BCC

results would imply that the unit considered is oper-

ating at an optimal scale.
One of the main problems with DEA techniques

is the correct selection of inputs and outputs. Other

difficulties are the homogeneity assumptions and the

flexibility of restrictions regarding the weights

(Dyson et al., 2001). Following these authors, the

greater the number of factors included in the analy-

sis, the lower the level of discrimination. To avoid

this problem several approximations can be found in

the literature. Authors like Sun (2002) compute cor-

relations between inputs and outputs and examine

input-output relations through multiple linear regres-

sion models. Additional statistical techniques can

also be used to justify the selection of inputs and

outputs. For instance, Zhu (1998), Nasierowski and

Arcelus (2003) and Serrano Cinca and Mar Molinero

(2004) have employed principal components analysis

to reduce the number of variables used. Other

authors have used cluster analysis (Serrano Cinca

and Mar Molinero, 2004) or alternative methodolo-

gies based on multivariate analysis (Jenkins and

Anderson, 2003). In this study we follow the method

proposed by Pastor et al. (2002) based on analyzing
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the behavior of the model when an additional vari-

able is included. The decision whether to include an

additional variable (input or output) depends on its

impact on either the average efficiency of the deci-

sion making units (DMUs) or on the number of

efficient DMUs. Finally, reductions in the number

of inputs and outputs can be made as long that the

results of the model are not affected.

In order to determine the influence of additional

variables on DEA technical efficiency results, sever-

al statistical tools, parametric and non-parametric

have been proposed. Regression analysis and analy-

sis of variance are frequently applied to investigate

the relationship between the efficiency scores and

other variables. For example, Iráizoz et al. (2003)

examine correlations between efficiency and several

variables (size, factorial returns, economic perfor-

mance) of 46 horticultural farms. Fotiou (2000)

analyzes the relationships between technical efficien-

cy indexes and two logistical operations in Greek

sawmills using single factor ANOVA. Alternatively,

censored regression analysis (Tobit regression mod-

els) has been used by Nyrud and Bergseng (2002) to

evaluate the efficiency of near 200 mills. Among the

non-parametrical methods analyzing the results of

DEA models, Nyrud and Bergseng (2002) have

employed the Kruskal–Wallis k-sample test. A

good review of these applications is provided in

Grosskopf (1996).

2.2. Logistic regression model

In this section a logistic regression analysis is

developed in order to set up links between DMUs

efficiency and several innovation activity variables.

Our objective is to model the relationship between a

binary response variable (one=efficiency; zero=no

efficiency) and a selected explanatory variable. Spe-

cifically, an univariate logistic regression uses the

binomial distribution to model the variation in a bi-

nary response (Agresti, 1996; Ryan, 1997).

The probability to be efficient may be expressed by

a parameter p in a binomial distribution. If we denote

by Z the efficiency response variable and by xi the

selected explanatory variable, the relationship be-

tween Z and p is the following:

p ¼ P Z ¼ 1jx½ �: ð3Þ
i
Thus the probability to be efficient, p, may be

modeled as the follows:

ln
p

1� p

�
¼ b0 þ b1x1:

�
ð4Þ

This model is fit using maximum likelihood. The

Goodness-of-Fit is analyzed from the percentage of

deviance the model accounts for. This value is similar

to the R-square statistic. Thus, if the p-value is less

than 0.05, there is a statistically significant relation-

ship between efficiency (variable Z) and xi.
3. Data

The data used in this study comes from two differ-

ent sources. Firstly, the Survey of Business Strategies

(Encuesta sobre Estrategias Empresariales) is an an-

nual survey carried out by a Spanish public organiza-

tion (SEPI Foundation) over a large sample of Spanish

industrial firms. During the period 1998–2001 this

survey collected annual data from a set of wood-

based firms ranging from 143 firms in 1998 to 171

firms in 2001. For a large set of these firms this

information was matched with additional economic

and financial data (number of workers, shareholder’s

funds, loans, sales, and profit before taxes) from a

commercial database. In order to homogenize the in-

formation, only those firms for which a complete set of

data was available during the four years period were

considered in the study. Therefore, firms that entered

or left the sample surveyed during the period were not

included reducing to 61 the number of firms studied.

Five input and five output variables were selected.

Table 2 shows the information concerning these vari-

ables for the total of wood-based firms and for each

wood-based firm group: lumber and wood products,

pulp and paper and wood furniture. In each case and for

each variable, mean values, standard deviation, and

maximum and minimum values are presented. In the

input side, one variable relates to labor factor (total

number of employees, x1) and two variables refer to the

liabilities’ structure of the firms (shareholder’s funds,

x2, and loans, x3). The other two input variables have to

do with the firm’s innovation activity: R&D expendi-

tures (x4) and R&D partnerships (x5). The later is a

qualitative variable which adopt an integer value be-



Table 2

Main features of the variables included in the DEA model (x1, x2, x3, y1, y2) and in the logistic regression model (x4, x5, y3, y4, y5)

x1
employees

x2
shareholder’s

funds

(�1000o)

x3
loans

(�1000o)

x4
R&D

expenditures

(�1000o)

x5*

R&D

partnerships

y1
sales

(�1000o)

y2
profits

before taxes

(�1000o)

y3
patents

y4
product

innovations

y5**

process

innovations

Mean

All DMUs 211 15,275.20 17,972.19 109.81 1.08 37,029.92 2332.05 1.68 2.39 0.74

Lumber

and wood

products

152 3490.87 7531.59 30.83 0.72 15,075.33 573.09 0.11 0.50 1.03

Pulp and

paper

industry

294 27,242.29 30,760.28 159.68 1.27 62,334.94 3989.29 0.43 0.73 0.74

Wood

furniture

129 4797.52 5933.54 77.84 0.98 13,714.53 930.77 3.86 5.20 0.63

Standard deviation

All DMUs 354 48,373.64 48,104.19 245.85 1.35 87,394.95 7481.65 10.47 11.11 0.81

Lumber

and wood

products

183 4924.55 9920.91 60.41 0.88 18,716.08 982.97 0.52 1.18 0.77

Pulp and

paper

industry

462 67,412.03 66,509.26 306.23 1.57 119,039.37 10,349.76 3.14 2.57 0.82

Wood

furniture

186 12,160.84 12,373.36 186.58 1.16 28,227.34 2649.87 16.51 17.52 0.78

Minimum

All DMUs 15 �1009.75 13.01 0.00 0.00 3.87 �10,073.74 0.00 0.00 0.00

Lumber

and wood

products

15 105.10 201.00 0.00 0.00 1656.92 �208.86 0.00 0.00 0.00

Pulp and

paper

industry

17 49.12 318.98 0.00 0.00 2246.56 �10,073.74 0.00 0.00 0.00

Wood

furniture

15 �1009.75 13.01 0.00 0.00 3.87 �1603.04 0.00 0.00 0.00

Maximum

All DMUs 2499 469,442.57 382,300.93 1772.99 5.00 673,190.03 84,622.54 150.00 125.00 2.00

Lumber

and wood

products

600 18,872.83 33,618.82 213.12 3.00 58,610.50 3955.98 3.00 5.00 2.00

Pulp and

paper

industry

2499 469,442.57 382,300.93 1772.99 5.00 673,190.03 84,622.54 33.00 20.00 2.00

Wood

furniture

851 72,841.96 88,759.09 1067.94 4.00 167,432.04 17,620.33 150.00 125.00 2.00

* Variable x5 indicates mean values of observations adopting values between 0 and 2.

** Variable y5 indicates mean values of observations adopting values between 0 and 5.
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tween 0 and 5 depending on the number of R&D

partnerships with public research organizations and/or

with other firms. A 0 value means that R&D partner-
ships are non-existent. Ordinal variables are introduced

in the model one by one, to see what effect each has on

the results. Unfortunately, the Survey of Business Strat-
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egies used in this study does not include any resource

variable, such as, timber, pulp, energy consumption

and others.

Five output variables were considered. Two related

to the firm’s objectives (sales, y1) and profits before

taxes, ( y2) and three related to the firm’s R&D and

other innovation activities: number of patents ( y3),

number of product innovations ( y4), and process inno-

vations, ( y5). Product innovations involve the intro-

duction of new and significantly improved goods and/

or services with respect to their fundamental character-

istics, technical specifications, incorporated software

or other immaterial components, intended uses, or user

friendliness (Eurostat, 2004). Process innovation was

treated as a qualitative variable taking value 1 if the

firm adopted one of the two types of process innovation

considered (the introduction of new and significantly

improved production technologies or new and signifi-

cantly improved organizational and managerial chan-

ges); value 2 if the firm adopted both types of process

innovation, and value 0 if the firm did not adopt any

process innovation.

Our base case DEA model includes 3 inputs, num-

ber of employees (x1), shareholder’s funds (x2), loans

(x3); and 2 outputs, sales ( y1) and profit before taxes

( y2). In the logistic regression model, 2 inputs (x4, x5)

and 3 outputs were chosen ( y3, y4, y5).

Finally, to deal with the degrees of freedom problem

in our DEA application, in any of the 4 years studied

(1998 to 2001), the input–output values of each firm

were regarded as a single DMU. Hence, each firm was

considered again as a different DMU for each of the 4

successive years of the period. The resulting analysis

was 244 (=61�4) DMUs. This approach has been
Table 3

Results obtained with the base case DEA model

CCR model B

Efficient

DMUs

% total E

D

All DMUs 15 6.15 26

Lumber and wood products 3 8.33 3

Pulp and paper industry 7 6.03 14

Wood furniture 5 5.43 9

Average efficiency 69.57

Standard deviation 17.72

Minimum 34.80

Maximum 100.00
previously used by Charnes et al. (1985) and Sun

(2002). With this procedure the number of DMUs is

greater than twice the product of the number of inputs

and the number of outputs. This guideline is suggested

in many DEA studies (e.g., Dyson et al., 2001).
4. Results

Our base case DEA model shows a high global

efficiency value and a high level of discrimination

among DMUs. It was not possible to obtain another

model with these characteristics by incorporating any

of the innovation activity variables. Firstly, the increase

in average efficiency shown by the CCR model was

non-significant. Secondly, when applying the BCC

model, a much larger number of DMUs becomes effi-

cient indicating that the model did not correctly dis-

criminate among efficient and inefficient units. For

instance, when introducing R&D expenditures (x4) or

R&D partnerships (x5), the number of efficient units in

the BCCmodel rose from 10.66% of DMUs in the base

case to 57–61%.

Efficiency measurement results of our base case

DEA model are shown in Table 3. Average technical

efficiency is around 70% regardless of the model used

(CCR or BCC). Scale efficiency reaches a higher

value. When all the units are considered, the percent-

age of efficient firms ranges from 6.15% to 10.66%

depending on whether the model employed is CCR or

BCC, respectively. In the case of the lumber and wood

product industry, scale efficiency is higher than tech-

nical efficiency, this means that global inefficiencies

are mainly attributed to inefficient operations or man-
CC model Scale efficiency

fficient

MUs

% total Efficient

DMUs

% total

10.66 18 7.38

8.33 4 11.11

12.07 7 6.03

9.78 7 7.61

73.92 94.34

17.92 8.29

34.82 55.09

100.00 100.00
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agement. On the other hand, in most cases, paper and

wood furniture industries could improve their efficien-

cy by scaling up their activities.

Our DEA model results do not establish a signifi-

cant relationship between the innovation activity vari-

ables and the level of technical and/or scale efficiency.

Table 4 relate the set of efficient firms with firm’s

innovation activity variables. In Table 4, except in

the BCC model, efficient firms tend to be associated

with no R&D activities. With the CCR model average

efficiency values are slightly higher in firms with no

R&D expenditures and with no R&D partnerships.

However, differences are found among the three in-

dustrial sectors. In the pulp and paper industry, tech-

nical and scale efficiency tend to be associated with the

existence of R&D partnerships. The opposite situation
Table 4

Efficient firms and average efficiency values associated with innovation a

DMUs without

R&D expenditure

Efficient DMUs

Technical efficiency

(CCR model)

All DMUs 12

Lumber and wood products 3

Pulp and paper industry 5

Wood furniture 4

Technical efficiency

(BCC model)

All DMUs 15

Lumber and wood products 3

Pulp and paper industry 7

Wood furniture 5

Scale efficiency All DMUs 13

Lumber and wood products 4

Pulp and paper industry 5

Wood furniture 4

DMUs

without

patents

DMUs

with

patents

Efficient DMUs

Technical efficiency

(CCR model)

All DMUs 15 0

Lumber and wood products 3 0

Pulp and paper industry 7 0

Wood furniture 5 0

Technical efficiency

(BCC Model)

All DMUs 26 0

Lumber and wood products 3 0

Pulp and paper industry 14 0

Wood furniture 9 0

Scale efficiency All DMUs 17 1

Lumber and wood products 4 0

Pulp and paper industry 7 0

Wood furniture 6 1
is found in the lumber and wood product industry

where efficient firms are found without R&D expen-

ditures and without R&D partnerships. In Table 4

efficient DMUs tend to be associated with the inexis-

tence of patents. However, DEA (and also logistic

regression) results obtained with the variable patents

must be look with caution because only 34 DMUs

stated that they have developed patents. In addition,

no positive relationship is found between product and

process innovations with efficiency.

Two inputs (R&D expenditures, x4, and R&D

partnerships, x5) and three outputs (number of

patents, y3, product innovations, y4, and process

innovations, y5) were examined as possible explana-

tory (independent) variable in each of the univariate

logistic regression models. A binary variable Z de-
ctivity

s

DMUs with

R&D expenditures

DMUs without

R&D partnerships

DMUs with

R&D partnerships

3 10 5

0 3 0

2 3 4

1 4 1

11 13 13

0 3 0

7 5 9

4 5 4

5 11 7

0 4 0

2 3 4

3 4 3

DMUs

without products

innovations

DMUs

with products

innovations

DMUs

without process

innovations

DMUs

with process

innovations

11 4 10 5

3 0 1 2

5 2 6 1

3 2 3 2

15 11 16 10

3 0 1 2

9 5 9 5

3 6 6 3

12 6 11 7

4 0 1 3

5 2 6 1

3 4 4 3



Table 5

Results obtained with the logistic regression: p-value from the

analysis of deviance

Efficiency score

from CCR model

Efficiency score

from BCC model

p-value p-value

x4 (R&D expenditures) 0.0018 0.5143

x5 (R&D partnerships) 0.1947 0.4513

y3 (patents) 0.3137 0.0477

y4 (product innovations) 0.7949 0.7412

y5 (process innovations) 0.1569 0.1636
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fined as Z =1 for efficient firms and Z =0 for no

efficient firms describes the dependent variable in all

models. We focus on a Goodness-of-Fit statistic

based on the deviance explained by the model. The

results of the logistic regression models recorded as

p-values from the analysis of deviance are shown in

Table 5.

When we consider the efficiency scores from the

BCC model, a non-significant relationship is found

between the dependent variable (Z) and the indepen-

dent variables x4, x5, y4 and y5 ( p-values less than

0.05 in Table 5). On the other hand, there is a rela-

tionship between Z and the number of patents ( y3).

When looking at the value of the parameter b1 in-

cluded in Eq. (3) a negative sign is found. Therefore,

it could be argued that the property of efficiency in the

DMUs considered (Z) is inversely correlated with the

existence of patents ( y3). However, as we are using a

95% significance level, we observe that the associated

p-value lies very near the limit of the reject region

( p =0.0477c0.05). Finally, a similar interpretation

can be obtained from the efficiency scores of the

CCR model. In this case there is only a significant

relationship between the efficiency and R&D expen-

ditures (x4). The sign of this relationship is negative,

which suggests an inverse relation between R&D

expenditures and the property of efficiency.
5. Discussion and conclusion

Results obtained in our base case DEA model

(without innovation activity variables) show average

technical inefficiency in the range of 26–30%, Hence

firms operating at the correct scale could save up to

26–30% of their inputs to produce the same amount of
output. These figures indicate much lower levels of

technical efficiency than those found in similar wood-

based industry studies carried out in other countries

(Yin, 1998, 1999; Nyrud and Bergseng, 2002). Scale

inefficiency results indicate a lower figure than tech-

nical inefficiency (approximately 6%).

The lack of significant links between firm’s effi-

ciency and firm’s innovation activity was also con-

firmed by both DEA and our logistic regression

analysis. It should be noted that these results could

be biased due to data structure, and the well known

limitations of DEA methodology. However, the above

outcome seems consistent with the low entrepreneur-

ial priority toward innovation activity as a means to

achieve competitiveness detected in many Spanish

firms (COTEC, 2004).

The impact of firm’s R&D and other innovation

activities on the level of efficiency depends heavily

on both the amount and the composition of innova-

tion expenditures. Our results indicate that most

Spanish wood-based firms may have not reached

the minimum level of financial effort required to

set up effective R&D and innovation activities con-

tributing of to the creation of effective endogenous

technologies. On the contrary, as it has been pointed

out (COTEC, 2004), the innovation strategy followed

by many Spanish firms has been essentially focused

on the acquisition of embodied technology available

in international markets instead of on the develop-

ment of in-house technology. Therefore, the conver-

sion of public and private R&D investments into

technological results appears to be the immediate

challenge for the Spanish forest sector S&T innova-

tion system.
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Logistics in the Forest Sector. Proceedings of the First World

Symposium on Logistics in Forest Sector, Timber Logistics

Club, Helsinki, pp. 189–204.

Globerman, S., Nakamura, M., Ruckman, K., Vertinsky, I., William-

son, T., 1999. Technological progress and competitiveness in the

Canadian forest products industry. Canadian Forest Service.

Natural Resources Canada, Ottawa.
Griliches, Z., 1980. Returns to research and development expendi-

tures in the private sector. In: Kendrick, J., Vaccara, B. (Eds.),

New Developments in Productivity Measurement and Analysis,

Conference on Research in Income and Wealth, vol. 44. Chi-

cago University Press for the National Bureau of Economic

Research, Chicago, pp. 419–461.

Griliches, Z., Mairesse, J., 1984. Productivity and R&D at the firm

level. In: Griliches, Z. (Ed.), R&D, Patents and Productivity.

Chicago University Press for the National Bureau of Economic

Research, Chicago, pp. 339–374.

Grosskopf, S., 1996. Statistical inference and nonparametric effi-

ciency: a selective survey. Journal of Productivity Analysis 7,

161–166.

Haas, D.A., Murphy, F.H., 2003. Compensating for non-

homogeneity in decision-making units in data envelop-

ment analysis. European Journal of Operational Research

144, 530–544.

Hseu, J.S., Shang, J.K., 2005. Productivity changes of pulp and

paper industry in OECD countries, 1991–2000: a non-para-

metric Malmquist approach. Forest Policy and Economics 7,

411–422.

INE, 2002. Estadisticas Sobre las Actividades en Investigación

Cientı́fica y Desarrollo Tecnológico (I+D), 2001. Madrid.
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