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Abstract 

 
In order to design strategies to foster environmental improvements by firms and to be able to 
focus policies, policy makers need to understand the obstacles and influences that firms face in 
trying to improve their environmental performance. They need to identify the actions that are 
taken by firms to cope with more difficult environmental regulations. This paper intends to 
identify such actions by analysing some specific questions of an environmental management 
survey carried out in the manufacturing industry in Chile.  
 
A large number of variables from the survey are involved, and they are hard to handle in such 
disaggregated terms. Factor Analysis (FA) methodology is applied to reduce the information to a 
manageable number of variables. The results of the FA give the regulator fewer dimensions 
when designing strategies, while at the same time, providing an insight into each general area of 
concern. Moreover, some indices of environmental performance were developed, which 
contribute to the targeting of policy recommendations, as they permit comparisons of the levels 
of environmental performance between different sorts of plants. Besides, they allow us to check 
for the level of interdependency between the indices and to determine certain patterns of 
environmental performance. 
 

1.1   Introduction 

One particular goal for the environmental regulator should be to foster and to promote the 
improvement of the environmental performance of firms and to force them to comply with 
environmental regulation targets. Nonetheless, policy makers need to know about the sorts of 
problems or obstacles, and the kinds of influences that different industrial plants face when 
trying to improve their environmental performance, and which actions are being implemented by 
plants to cope with more demanding environmental regulations. Once the regulator knows about 
those issues, among others, it could be in a better position to assist certain groups of firms that 
are particularly affected. For instance, it might try to reduce obstacles that hinder environmental 
improvements, or to encourage environmental training, among other policies. 
 
It has been shown that firms have various reasons for improving their environmental 
performance (Dasgupta 2000; Arora et al. 1995, 1996; Henriques 1996). Examples of these are 
national and international environmental standard requirements, pressure from communities and 
neighbours and the requirements of clients and suppliers. Likewise, there are various factors that 
inhibit plants from improving their environmental performance, or that simply impede them 
from complying with environmental regulations. In general terms, it is possible to recognise two 
different kinds of obstacles that affect the environmental performance of firms. Some are 
obstacles external to the plants and the others are internal obstacles. External obstacles 
correspond to barriers that are in the external environment that firms face, those that plants 
cannot control or affect directly, and that can determine their capacity to cope with 
environmental demands. Thus, imperfect capital markets (e.g. high interest rates for financing 
environmentally friendly technologies), excess of government bureaucracy and lack of 
environmental information, among others, are factors that could determine the plants’ ability to 
improve their environmental performance. Internal obstacles instead, correspond to the internal 
limitations that firms have to overcome in order to improve their environmental performance. 
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Lack of economic and/or human resources, or environmental training programmes, or a low 
priority given to training by firms, or simply lack of time, are some examples.1 
 
Firms also try to implement internal environmental management policies in order to control and 
improve their environmental performance. Examples of these commitments are the existence of 
a written environmental policy, plans and procedures to cope with environmental problems 
faced by plants, and so forth. Plants also try to train their personnel in environmental issues in 
order to cope with more demanding environmental requirements. However, plants sometimes 
face impediments when they try to invest in environmental training. 
 
It is interesting to attempt to identify the relative importance or influence of each of these 
elements for different groups of manufacturing plants (e.g. by plant size, industrial sector and/or 
plant location), to give some background for policy recommendations. A large number of 
elements with several variables have been mentioned, and they are hard to handle in such 
disaggregated terms. Therefore, a procedure that allows us to define the general areas of the 
different problems or issues is still required. 
 
An important issue in policy design is the possibility of supplying tools that might facilitate 
targeting of usually scarce governmental resources. Hence, tools that allow us to differentiate 
groups of plants with similar characteristics are necessary. Indeed, some of the previous elements 
(for instance, the level of environmental management) depend on the specific characteristics of 
firms, such as the type of industry, plant size or location. 
 

In order to be able to reduce information into a more manageable and meaningful form (from 
several variables into a few dimensions), Factor Analysis (FA) methodology is applied to a 
number of questions of an environmental performance survey carried out in Chile.2 FA is a 
method that reduces multiple information or dimensions into a single or lower level (reduction 
technique), disentangles the latent structure and characteristics of the data matrix, develops 
empirical typologies of variables, allows index-construction or scaling and the orthogonalisation 
of predictors. This technique can achieve this by analysing the structure of the interrelationships 
(correlations) between a large number of variables. The use of FA is helpful for identifying the 
obstacle-dimensions that impede the capacity of plants to improve their environmental 
performance, and to invest in environmental training programmes, among other issues.  
 
Next, it is also interesting to develop some indices in order to have even fewer dimensions 
relating to the previous issues, and then to be able to compare the environmental performance 
of firms and the obstacles faced by firms in improving their environmental performance, etc. 
between different types of plants. For this purpose, after the generation of the indices, a 
heterogeneity analysis is performed, which considers different categories of plants (i.e. plant size, 
location and industrial sector). Besides, some interdependency analysis of these indices is also 
carried out, in order to see if there is any kind of pattern among their levels. 
 
Finally, cluster analysis is performed on some of the previous aspects (e.g. in the levels of 
environmental management, technical assistance and environmental training implemented by 
manufacturing plants), with the purpose of distinguishing different groups of plants with similar 
characteristics. This will again assist in the focalisation and recommendation of environmental 
policies. 
 

                                                 
1  Sometimes it would be difficult to determine which constitute internal or external obstacles, and indeed there 
may be some overlapping. 

2 The survey was carried out in January 2000 in Chile, in 700 hundred manufacturing plants along the country and 
across all manufacturing industrial sectors. The sample represents 15% of the total manufacturing plants, and 
has statistical significance across industrial sectors, location and plant’s size. 
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This paper contributes to the understanding of the influences that foster environmental 
improvements by plants, the types of obstacles that plants face, as well as the environmental 
measures implemented by plants to improve their performance. This structure will allow the 
regulator to tailor his environmental policy towards those areas that are more relevant for 
specific groups of plants; therefore, it is meant to collaborate in the construction of policy 
recommendations. 
 
This paper continues by introducing the methodology of FA in section 1.2 and presenting the 
actual results of the analysis, identification of internal and external factors, in section 1.3. Section 
1.4 presents the indices of environmental performance and section 1.5 the indices of internal and 
external obstacles faced by manufacturing plants. Section 1.6 shows the results of cluster 
analysis. Finally, conclusions are presented in section 1.7. 
 

1.2  Factor Analysis Methodology:3 

“Factor analysis has often been used in empirical researches in social sciences (Harman 1976, Kim and 
Mueller 1990, Hatcher 1994, Rencher 1995). Political scientists, when comparing the attributes of 
nations in terms of a variety of political and socio-economic variables, have applied factor analysis in an 
attempt to determine characteristics that are the most important in classifying nations (Rummel 1979). 
Alternatively, sociologists have determined ‘friendship groups’ by examining which people associate most 
frequently with each other (Asher 1976). In addition, psychologists have used this statistical technique as 
to study individual’s intelligence dimensions (Thomson 1951), to assess how people perceived different 
stimuli and categorize them into different response sets (Stukat 1958). Finally, economists have used 
factor analysis in the study of consumer behaviour, namely in assessing the individual consumer living 
standards (Schokkaert and Ootegem 1990), studying individual consumer charity behaviour (Ootegem 
1994), and valuing use and non-use benefits of natural protected areas (Nunes 2000)” (Nunes 2001, 
pp. 25). 

 
This paper explores a new area of application of FA.  In this case, the objective is to determine 
the different factors that resolve the environmental performance of firms.  
 
There are different methods of extracting the components when using FA. The most widely 
used are Principal Component Analysis (PCA) and Common Factor Analysis or Principal Axis Factoring 
(PAF). The selection of the method to be implemented will depend on the researcher’s objective. 
 
PCA works on the total variance (common, specific and error variance) and derives components 
that contain small proportions of unique variance and, in some instances, error variance. 
Therefore, PCA is appropriate when the primary concern is prediction or where the objective is 
to identify the minimum number of components required to account for the maximum portion 
of the variance represented in the original set of variables. It is also more suitable when prior 
knowledge suggests that the specific (or unique) and error variance represent a relatively small 
proportion of the total variance (Hair et al. 1998, Tacq 1997). 
 
PAF is a method that is based on a reduced correlation matrix. That is, communalities4 are 
inserted in the diagonal of the correlation matrix, and the extracted factors are based only on the 
common variance, with specific and error variance excluded. PAF is a more appropriate method 
when the objective is to identify the latent dimensions or constructs represented in the original 
variables, and the researcher has little knowledge of the amount of specific and error variances 
and, therefore, wishes to eliminate them.  Nonetheless, the PAF method faces problems of 
factor indeterminacy, which means that for any individual respondent, several different factor 

                                                 
3  For a detailed explanation of the Factor Analysis methodology see Kline 1994, Tacq 1997 and Hair et al. 1998.  
4  It corresponds to the total amount of variance an original variable shares with all other variables included in the 
analysis. 

CRRC 2008: Call for Papers open!
         7-9 September 2008
     Queen's University Belfast
  http://www.crrconference.org

http://www.crrconference.org


 

 4

scores can be calculated from the factor model results. This means that they are not unique 
(Mulaik et al. 1978). Moreover, this method may have problems in estimating the communalities; 
they cannot always be estimated, or estimates may be invalid, requiring the deletion of the 
variable from the analysis (Hair et al. 1998). Thus, the complications of PAF have contributed to 
the widespread use of PCA.  
 
Therefore, given that the following analysis seeks the minimum number of components to 
account for the maximum portion of the variance, and due to the problems of the PAF 
methodology, the PCA method is the one implemented for the analysis of responses in the 
Questionnaire used in the Chilean environmental survey, and is described next. 
 

1.2.1 Principal Component Analysis 
 
PCA is an attempt to find a linear combination of variables, in such a way that a maximum of 
variance is extracted from the variables. Thus, in PCA the researcher attempts to search for as 
many linear combinations as there are variables, subject to two restricting conditions: 
 

1. The components have to be perpendicular (orthogonality condition) 
2. The first component has to extract as much variance as possible from the original 

variables, the second component as much as possible from the remaining variance, etc., 
until all the variance is used up. 

 
In matrix notation the model is described as follows (see Tacq 1997): 
 

C = XU (1) 
Where: 

- “C” corresponds to the matrix of component scores representing the position of the 
sample respondents on the retained components; 
- “X” captures the matrix of variables representing the answers of the sample of respondents 
to the different items as they are presented in the instrument survey, though in standardised 
scores; and 
- “U” is the matrix of factor score coefficients. 

 
The PCA model can also be presented the other way round. Each original variable can be 
considered a linear combination of the components. In a matrix notation and for all industrial 
plants, the model is: 
 

X = CA’ (2) 
Where: 

- “A” captures the matrix of factor loadings showing the correlations between the 
answers on the different items (variables) and the respondents’ component scores. It 
corresponds to the beta weights of a multiple regression of a (standardised) variable as a 
function of the components.5 Indeed, PCA is expected to assess the empirical validity of 
such a regression model. 

 
PCA is a maximisation process because the first component extracts the maximum variance 
from the set of variables and the next component for the maximum of the remaining variance, 
under the restriction of orthogonality. This is a typical problem of eigenstructure. In order to 
find the eigenstructure of “X” the method of Singular Value Decomposition can be used. This 

method allows decomposing a matrix into three matrices (e.g.: X = P∆M´, where “P” is equal to 
the matrix of eigenvectors of XX´; Matrix “∆” contains the square roots of the eigenvalues of 
XX´ as well as X´X; 6 and X´X/(n-1) is equal to the correlation matrix “R” (n-1 is the number of 
cases reduced by 1)). The eigenstructure of “R” can then be analysed, as the eigenvalues of “R” 

                                                 
5  Matrix “A” of regression coefficients is called a factor pattern. 
6  Eigenvalues of X´X are equal to those of XX´. 
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are simply the eigenvalues of X´X/(n-1).  And as “R” is a square, symmetric matrix which means 

that in the product P∆M´, it holds for symmetric matrices that P = M, it follows that: 
 

R = P∆M´ = MDM´ (3) 
Where, 
M = matrix of eigenvectors of R 

D = matrix7 of eigenvalues of R [R = the matrix of eigenvalues of X´X/(n-1) = ∆2/(n-1)] 
D = matrix of squares of eigenvalues of X divided by (n-1). 
It is assumed that the structure of the latent factor scores is characterized by: 
 

E (C) = 0 (a1) 
Cov (C) = I  (a2) 

 
Assumptions (a1) and (a2) state that the underlying component scores are normalized or 
standardized variables; therefore they have a zero mean and variances equal to one. Moreover, 
(a2) states that the component scores are not correlated with each other. 
 
In order to determine the eigenvectors of the “R” matrix, the following equation has to be 

solved: (R-λI)*m = 0. The characteristic equation is |R-λI| = 0. The solutions for “λ” in the 
characteristic equation correspond to the eigenvalues of “R”. The eigenvectors are found by 

substituting each of these “λ” in the matrix equation (R-λI)*m = 0. After solving the system and 
normalising (division by the square root of the sum of square of the m’s), the eigenvectors are 
obtained. All eigenvectors are brought together into one matrix, obtaining the matrix “M”8. 
Moreover, the matrix “D” of eigenvalues is written as a diagonal matrix. 
 
To obtain the matrix “C” of component scores, the data matrix “X” (in standardised scores) is 
multiplied by the transformation matrix M: 
 

C = XM (4) 
 
The component scores of matrix “C” can also be standardised. As their means are already equal 
to “0”, it is only necessary to divide them by each of the standard deviation of the different 
components, i.e., by the square root of the eigenvalues. In matrix notation: 
 

C = XMD-1/2  (5) 
 
The matrix “MD-1/2” is named the factor score coefficient matrix “U”, in statistical packages: 
 

C = XU  (5’) 

 

1.2.2 Exploratory Factor Analysis 

Before using FA, some preliminary analysis is necessary in order to check whether it is possible 
to use such a tool with the available data. The researcher must ensure that the data matrix has 
sufficiently high correlations to justify the application of FA. Thus, the Bartlett test of sphericity, 
which is a statistical test for the presence of correlations among the variables, needs to be carried 
out. This test provides the statistical probability that the correlation matrix displays significant 
correlations among at least some of the variables, and would then indicate whether or not the 
factor model is appropriate. Nonetheless, increasing the sample size causes the Bartlett test to 
become more sensitive in detecting correlations among the variables. An alternative test is the 
Measure of Sampling Adequacy (MSA) or KMO (Kaiser-Meyer-Olkin measure of sampling 
adequacy). The test measures whether the partial correlations among variables are small, and so 
the index ranges from 0 to 1, reaching “1” when each variable is perfectly predicted without 

                                                 
7  This is a diagonal matrix with eigenvalues on the main diagonal and “0” everywhere else. 
8  M’M = I, it means that “M” is an orthogonal matrix (M-1 =M’). 
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error by the other variables.9 Nevertheless the MSA also increases when the sample size 
increases, the average correlations increase, the number of variables increase, or the number of 
factors decreases. Individual MSA values and communalities for each of the variables, as well as 
loadings10 in the factor matrix are subsequently analysed in order to test whether some variables 
need to be deleted.11 
 
After the previous tests have been successful, the use of FA involves the extraction (or 
identification) of the components. At this stage it is not possible to specify the number of 
components to be retained and rotated. Therefore, FA proceeds by testing whether the model is 
an adequate representation of these data. The second step in the empirical analysis consists in the 
selection of the components. Several criteria will be used in order to define the number of 
components to extract (latent root criterion,12 a priori criterion,13 percentage of variance 
criterion14 and scree test criterion15). After identifying the component solution, it is 
recommended that you rotate the components in order to get an even “simpler structure” 
(Thurstone 1947), and a better interpretation in terms of content. An orthogonal rotation 
method, such as Varimax, meaning that the factors remain uncorrelated throughout the rotation 
process, is used. Nonetheless, in some situations, components need not to be uncorrelated, 
because they are conceptually linked among themselves, which is translated into correlation 
among the components. In those cases, an oblique rotation method, such as Oblimin, is 
required. 
 
The Varimax method is used16,17 and is presented in this report. Finally, re-applying the 
instrument to a subset of the original data completes a validation of each of the results of FA. 
The latter helps us to ensure that the results are stable within the sample. 
 

                                                 
9  According to Kaiser (1970, 1974), this measure can be interpreted with the following guidelines: 0.80 or above 
“meritorious”; 0.70 or above “middling”; 0.60 or above “mediocre”; 0.50 or above “miserable”; and below 0.50 
“unacceptable”. 

10  The criteria for the significance of factor loading are as follows: 1) the larger the sample size, the smaller the 
loading to be considered significant, 2) the larger the number of variables being analysed, the smaller the loading 
to be considered significant; 3) the larger the number of factors, the larger the size of the loading on later factors 
to be considered significant for interpretation. 

 
GUIDELINES FOR IDENTIFYING SIGNIFICANT FACTOR LOADINGS BASED ON SAMPLE SIZE. 

Factor Loading Factor Size Needed for Significance 
0.30 350 

0.35 250 
0.40 200 

0.45 150 
0.50 120 

0.55 100 
0.60 85 
0.65 70 

0.70 60 
0.75 50 

 
11  If the MSA falls in the unacceptable range, a single communality is too small and/or the loading of the same 
variable is not clearly allocated to one component, the variable is a candidate for deletion from the model. 

12  Only the factors having a latent root or eigenvalues greater than “1” are considered significant (Kaiser 1959). 
13  A Priori criterion under certain circumstances (the researcher defines a priori the number of factors under a 
specific hypothesis, for example). 

14  This is an approach based on achieving a specified cumulative percentage of the total variance extracted by 
successive factors. 

15  The scree plot is a plot of the variance associated with each factor. It is used to determine how many factors 
should be kept (Cattell 1966). 

16  This method is chosen because the objective is to reduce a large number of variables to a smaller set of 
uncorrelated variables, and will allow the possibility to include these variables in a subsequent regression model 
or prediction technique. 

17 The results are fairly similar to those obtained when using Oblimin. 
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“It hardly                    
inhibits” 

“It inhibits 

very much” 

1.3 Application of Factor Analysis 

This research takes a two-step approach to the application of FA. The first step involves the 
extraction of the initial components. The second seeks to confirm the analysis. The latter tests 
whether or not the component factor structure is supported by the data. The first part is 
presented in detail in this section, while the second part is performed but not reported here. 
 
list of 55 variables (items) is initially considered from the environmental survey. These are 
associated with external and internal obstacles (13 and 9 variables, respectively) that firms may 
face when improving their environmental performance. Other items (12) represent a series of 
factors that influence the environmental performance of firms and 10 more variables represent 
the obstacles to environmental training. Moreover, there are 11 elements in which a firm can 
implement environmental management. Each variable represents the score that each firm assigns 
to one statement that acts as an answer to each specific question of the questionnaire. The 
respondents express their opinions by classifying each statement using a seven point semantic 
differential or Likert scale (Likert 1967), as follows: 
 
      
 
 

1 2 3 4 5 6 7 

 
FA is applied in order to investigate the nature of the different areas under research. It is likely 
that the perceptions of firms in relation to obstacles, for instance, vary with plant size and/or 
different industrial sectors. It is thus thought that grouping a priori all the firms in the FA will 
have little meaning. However, it is first necessary to establish a broader structure for each of the 
issues involved and, subsequently, to develop a more specific analysis using the score values for 
different industrial classifications. Moreover, specific indices will then be built in order to 
appreciate the differentials resulting from scale and sector heterogeneity, among others factors. 
 

1.3.1 External Obstacles to Environmental Performance 
 
The first question to be analysed is N°18. This requests information concerning the factors 
external to the plant, which inhibit the improvement of their environmental performance. 
 
Question N°18: 
 
“For each of the following external factors to your plant, indicate the degree to which they can 
inhibit the improvement of your environmental performance”: 

A High interest rates for financing environmental equipment 1 2 3 4 5 6 7

B Low demand for clean products 1 2 3 4 5 6 7

C Price structure does not reflect environmental costs 1 2 3 4 5 6 7

D Governmental bureaucracy 1 2 3 4 5 6 7

E Lack of available information regarding environmental standards 1 2 3 4 5 6 7

F Lack of available information about appropriate technologies 1 2 3 4 5 6 7

G Lack of available information about implementation
methodologies for Clean Production

1 2 3 4 5 6 7

H Lack of access to environmental consultancy 1 2 3 4 5 6 7

I Lack of governmental resources for training 1 2 3 4 5 6 7

J Lack of “environmental culture” in Chile 1 2 3 4 5 6 7

K Inappropriate environmental standards for Chile 1 2 3 4 5 6 7

L Inefficient environmental standards for Chile 1 2 3 4 5 6 7

M Inconsistency amongst the different governmental agencies
(central, local)

1 2 3 4 5 6 7

It hardly

inhibits

It inhibits 

very much
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The results from the application of FA are the following: 
 
Both Bartlett’s test and KMO measure of sampling adequacy support the application of FA on 
the available data. The KMO result (0.86 in Table N°1) is “meritorious” (see footnote 9), the 
Bartlett’s test is statistically significant, while the communalities are sufficiently high for the 
variables (see third column in Table N°1.2), which are kept in the last structure. In fact, the 
communalities for variables “B” and “C” were particularly low (lower than 0.50) in the first 
results. Therefore, variable “B” (the lowest communality) was deleted from the structure. This 
resulted in an increase in all the communalities as well as an increase in the total variance 
explained by this latent structure (it was then not necessary to delete variable “C”). Variable “D” 
was also a candidate for deletion because it shows very similar loadings for two components. 
However, it is kept within the analysis as it represents an interesting variable because of its 
meaning. In addition, its communality was also pretty high (see Table N°2), which means that 
the structure explains its variance. 
 
                          TABLE N°1                                            TABLE N°1 

KMO and Bartlett's Test

.863

35387.303

66

.000

Kaiser-Meyer-Olkin Measure of Sampling
Adequacy.

Approx. Chi-Square

df

Sig.

Bartlett's Test of
Sphericity

Communalities

1.000 .704

1.000 .452

1.000 .645

1.000 .759

1.000 .802

1.000 .862

1.000 .748

1.000 .702

1.000 .637

1.000 .846

1.000 .827

1.000 .692

P18_A

P18_C

P18_D

P18_E

P18_F

P18_G

P18_H

P18_I

P18_J

P18_K

P18_L

P18_M

Initial Extraction

Extraction Method: Principal Component Analysis.  
 

                          TABLE N°3                                                  TABLE N°4 
Total Variance Explained

6.173 51.439 51.439 6.173 51.439 51.439 3.545 29.539 29.539

1.504 12.536 63.975 1.504 12.536 63.975 3.136 26.130 55.669

.998 8.318 72.293 .998 8.318 72.293 1.995 16.623 72.293

.869 7.238 79.530

.577 4.811 84.341

.499 4.161 88.502

.360 2.998 91.499

.287 2.388 93.887

.241 2.004 95.892

.230 1.914 97.806

.146 1.218 99.024

.117 .976 100.000

Component
1

2

3

4

5

6

7

8

9

10

11

12

Total % of VarianceCumulative % Total % of VarianceCumulative % Total % of VarianceCumulative %

Initial Eigenvalues Extraction Sums of Squared LoadingsRotation Sums of Squared Loadings

Extraction Method: Principal Component Analysis.

Rotated Component Matrix a

.01 .32 .77

.26 .55 .29

.50 .57 .25

.83 .20 .19

.85 .18 .24

.87 .22 .25

.54 .03 .67

.34 .22 .73

.69 .41 .03

.10 .90 .16

.18 .89 .10

.39 .68 .27

P18_A

P18_C

P18_D

P18_E

P18_F

P18_G

P18_H

P18_I

P18_J

P18_K

P18_L

P18_M

1 2 3

Component

Extraction Method: Principal Component Analysis.  
Rotation Method: Varimax with Kaiser Normalization.

Rotation converged in 6 iterations.a. 

 
Three components were extracted as suggested by the scree test criteria, despite the fact that the 
latent root criteria suggested only two. Nonetheless, the eigenvalue of the third component is 
almost one, and thus three components were finally extracted. The total explained variance by 
this latent structure of 3 components is 72% (see Table N°3). As a result, the pattern of loadings 
arising from the retained three-factor structure shows a common conceptual meaning, which is: 
 
Component N°1 represents a number of variables related to the lack of information about 
environmental standards, appropriate technologies and environmental culture (high loadings in 
variables E, F, G and J for component one in Table N°4). The name of the components is 
driven by those high loadings in each component. Therefore, this latent construct was labelled 
‘Lack of information’. A high score value on this component indicates that lack of information 
is an important obstacle to improving environmental performance; 
 
Component N°2 embodies a number of items related to the general feeling about environmental 
regulation. This latent component was labelled ‘Regulation problems’. A high score value on 
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this component reveals that the plants consider regulation problems an important obstacle for 
improving environmental performance. 
 
Component N°3 personifies a number of variables which are associated with the costs of 
environmental improvements, labelled ‘Costs of financing environmental improvements’. 
Respondents who score highly in this component are particularly influenced by the costs in 
deciding whether or not to invest in environmental improvements. 
 
The next step is to compute the component scores through the regression method. This will 
then allow the carrying out of a scale, industrial sector and location of plants heterogeneity 
analysis. High score values indicate that the plant considers highly that component. 
 
Tables N°5 and N°6 show the mean and ANOVA test for the score values of the components 
extracted according to plant size.18 For small plants, “Lack of information” and “Costs of 
financing environmental improvements” seem more important external obstacles to improving 
environmental performance (positive score value of 0.06 in Table N°5) than “Regulation 
problems” (negative score value of -0.13 in Table N°5). While in the case of medium and large 
size plants, “Regulation problems” is clearly the most important factor (score value of 0.19 and 
0.44, respectively in Table N°5). For the three components there is scale heterogeneity 
(Significant ANOVA tests in Table N°6), indicating a significant influence of plant size 
(Bonferroni test19 also supports this finding). 

 
   TABLE N°5      TABLE N°6 

Report

Mean

.06 -.04 -.32 .00

-.13 .19 .44 .00

.06 -.20 .02 .00

Lack of information

Regulation problems

Costs of financing environmental improvements

Small Medium Large Total

Plant size

ANOVA

Between Groups

56.927 2 28.464 28.835 .000

168.685 2 84.342 87.799 .000

47.000 2 23.500 23.750 .000

Lack of information

Regulation problems

Costs of financing environmental improvements

Sum of
Squares df Mean Square F Sig.

 
When analysing the responses by industrial sector, it is apparent that the first component (“Lack 
of information”) is a particularly important obstacle for the Wood (33)20, Chemical (35) and 
Metal products (38) industries (higher score values; 0.38, 0.14 and 0.17, respectively, in Table 
N°7). The second component, “Regulation problems”, is especially relevant for the Basic Metals 
(37) industry, and to a lesser extent for the Wood (33) and Metal Products (38) industries (higher 
score values; 0.38, 0.14 and 0.17, respectively). The third component, “Costs of financing 
environmental improvements”, is a particular problem for the Food (31) and Non-metallic 
mineral products (36) industries (0.1 and 0.12, respectively) and, in a lower degree, for the Metal 
products (38) industry (score: 0.09), which represent the majority of the most polluting industries 
in Chile. The Paper (34) industry, which is also highly polluting, seems to have fewer external 
obstacles than the previous ones, although its most important factor is “Lack of information”. 
The ANOVA test in Table N°8 supports sector heterogeneity for each of the components. 
 
                       TABLE N°7                TABLE N°8 

Report

Mean

-.13 -.29 .38 -.01 .14 -.35 -.21 .17 .00

-.15 -.04 .18 -.10 -.06 -.05 .87 .21 .00

.10 .01 -.04 -.40 -.27 .12 -.18 .09 .00

Lack of information

Regulation problems

Costs of financing environmental improvements

31 32 33 34 35 36 37 38 Total

CIIU Rev. 2

ANOVA

Between Groups

206.515 7 29.502 30.964 .000

113.156 7 16.165 16.580 .000

95.121 7 13.589 13.877 .000

Lack of information

Regulation problems

Costs of financing environmental improvements

Sum of
Squares df Mean Square F Sig.

 
 

                                                 
18  By construction scores values have mean “0” and standard deviation “1”. Positive values indicate a high score 
and negative values a low score. 

19  The Bonferroni test uses t tests to perform pairwise comparisons between group means, but controls the overall 
error rate by setting the error rate for each test to the experimentwise error rate divided by the total number of 
tests. Hence, the observed significance level is adjusted for the fact that multiple comparisons are being made. 

20 SIC (International Standardised Industrial Classification), 2nd Revision. 
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For those plants that are located in the Metropolitan region (RM), “Lack of information” and 
“Regulation problems” seem to be the more important external obstacles to improving 
environmental performance (score of 0.11 and 0.8, respectively, Table N°1.9). Instead, firms 
located outside the RM are more susceptible to the “Costs of financing environmental 
improvements” (score of 0.10). Despite the fact that the means differ less between the location 
groups, as compared with the size groups or industrial sectors, the ANOVA test in Table N°1.10 
supports the hypothesis that the means are different between locations. 
 
                      TABLE N°9         TABLE N°10 

Report

Mean

-.13 .11 .00

-.09 .08 .00

.10 -.09 .00

Lack of information

Regulation problems

Costs of financing environmental improvements

RP RM Total

Metropolitan Region (RM) vs Rest of
the Country (RP)

ANOVA

Between Groups

58.304 1 58.304 59.097 .000

28.852 1 28.852 29.040 .000

39.108 1 39.108 39.458 .000

Lack of information

Regulation problems

Costs of financing environmental improvements

Sum of
Squares df Mean Square F Sig.

 
 

1.3.2 Internal Obstacles to Environmental Performance 
 
The second question to be analysed is N°19. This requests information concerning the internal 
factors that inhibit plants for improving their environmental performance. 
 
Question N°19: 
 
“For each one of the following internal factors to your plant, indicate the degree to which they 
can inhibit the improvement of your environmental performance”: 

A There are economic needs with higher priority 1 2 3 4 5 6 7

B Lack of internal knowledge about appropriate technologies 1 2 3 4 5 6 7

C
Lack of internal information about implementation
methodologies for Clean Production

1 2 3 4 5 6 7

D Lack of training at management level 1 2 3 4 5 6 7

E Lack of training of operational employees 1 2 3 4 5 6 7

F
Lack of emphasis on the environmental management by the
head of the company

1 2 3 4 5 6 7

G Lack of time 1 2 3 4 5 6 7

H
Perception that clean production solutions have a higher cost
than “end of pipe technologies”

1 2 3 4 5 6 7

I Lack of economic resources in general 1 2 3 4 5 6 7

It hardly 

inhibits

It inhibits 

very much

 
 
Two components were extracted (see Appendix N°1 for the results), defining two dimensions.  
The latent root criterion suggests extracting just one component, while the scree plot suggests 
two components. Communalities increase significantly when considering two, thus, two 
dimensions were taken into account in the analysis: 
 
Component N°1 collects a number of items related to lack of internal knowledge concerning 
appropriate technologies, methodologies of clean production and training within the firm, as well 
as a lack of emphasis provided by environmental managers. This latent construct is therefore 
labelled ‘Lack of internal information and environmental concern’. 
 
Component N°2 represents a number of variables associated with economic factors, such as costs 
and availability of internal resources, and is labelled ‘Economic factors (costs and resources)’. 
 
The first component differs considerably between different plant sizes. The latter component 
(economic factors), while still statistically different for diverse plant sizes, varies less (see Table 
N°11). Both components are relevant for small plants. Medium size plants seem to have fewer 
internal obstacles to improving their environmental performance than plants of other sizes do 
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(negative score values).  In particular, large plants report a particular problem with “Lack of 
internal information and environmental concern”. 
 
The results show conclusive evidence concerning sector heterogeneity for both components, 
which means that problems vary considerably between different industrial sectors (see Table 
N°11). The first component seems to be more relevant for the Wood industry (33), Paper (34) 
and Textile (32) industries. The second component represents a particularly important internal 
obstacle for the Food (31), Wood (33), Basic metals (37) and Metal products (38) industries. 
Finally, there is no strong evidence that there is location heterogeneity regarding the first 
component “Lack of internal information and concern”. The second component is more 
relevant for plants located outside the RM (Metropolitan Region). 
 

TABLE N°11 

Small Medium Large 31 32 33 34 35 36 37 38 RP RM

Lack of Internal Information and Concern 0.02 -0.13 0.18 -0.11 0.15 0.53 0.16 -0.16 -0.35 -0.01 -0.18 0.01 -0.01 0.00

Economic Factors (costs and resources) 0.02 -0.02 -0.10 0.12 -0.12 0.12 -0.67 -0.15 -0.07 0.10 0.18 0.11 -0.09 0.00

COMPONENTS' MEAN: INTERNAL OBSTACLES

Plant Size Industrial Sector Location
Total

 
 
1.3.3 FA applied to Internal and External Obstacles together: 

When FA was applied to both questions N°18 and N°19 together, as an aggregate of internal 
and external obstacles, in order to check for any overlap, four components were extracted. These 
were a combination of the factors extracted in each one of the previous questions. 

 
Using the latent root criteria four components were extracted, which explain 70% of the total 
variance. The extracted components were the following: 
 
Component N°1: ‘Lack of internal information and concern’ 
Component N°2: ‘Lack of external information about environmental issues’ 
Component N°3: ‘Regulation problems’ 
Component N°4: ‘Costs of financing environmental improvements (economic factors)’ 
 
These results suggest that specific dimensions should be handled separately in order to 
encourage firms to improve their environmental performance more effectively. The regulator 
can use these components or dimensions as a guideline to orientate and to define a strategy to 
pursue such improvements. The regulator may, for example, decide to invest in general and 
specific environmental information or try to reduce the costs of financing environmental 
improvements by facilitating special public loans for that purpose. 
 
There are clear differences in the result by plant size, although there is not always a positive 
relationship (see Table N°12 and Appendix N°1).  For small plants, all the obstacles are fairly 
relevant (positive score values), with the sole exception of “Regulation problems”. However, for 
both medium and large size plants, that obstacle is the most important. “Lack of internal 
information and concern” also represents a relevant obstacle to improving environmental 
performance in large plants. 

 
TABLE N°12 

Small Medium Large 31 32 33 34 35 36 37 38 RP RM

Lack of Internal Information and Concern 0.02 -0.10 0.12 -0.03 0.21 0.47 0.02 -0.13 -0.38 -0.09 -0.29 0.05 -0.04 0.00

Lack of Information about Environmental Issues0.08 -0.09 -0.34 -0.09 -0.35 0.22 -0.01 0.10 -0.22 -0.29 0.26 -0.11 0.09 0.00

Regulation Problems -0.13 0.20 0.43 -0.17 -0.08 0.14 -0.04 -0.03 -0.01 0.98 0.25 -0.12 0.10 0.00

Costs of Financing Environmental 

Improvements (economic factors)
0.04 -0.11 -0.01 0.12 -0.01 0.01 -0.60 -0.26 0.11 -0.10 0.08 0.14 -0.12 0.00

Plant Size Industrial Sector

COMPONENTS' MEAN: INTERNAL AND EXTERNAL OBSTACLES

Location
Total
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Sector heterogeneity is also supported by the available data. This suggests that different industrial 
sectors face different obstacles in trying to improve their environmental performance. The first 
obstacle is particularly relevant for the Textile (32) and Wood (33) industries.  The second 
component is relevant for the Wood (33) and Metal products (38) industries, while the third is 
for Basic Metals (37), Metal products (38) and Wood (33) industries. Finally, the fourth 
component is particularly relevant for the Food (31), Non-metallic mineral products (36) and 
Metal products (38) industries. 
 
The data also supports location heterogeneity. Plants located in the RP (Rest of the Country) 
believe that the “Lack of internal information and concern” and “Costs of financing 
environmental improvements” are more important problems for them than in the RM. Instead, 
plants located in the RM consider that the “Lack of information about environmental issues” 
and “Regulatory problems” are more relevant. Two important conclusions can be drawn. First, it 
is interesting to note that plants located in the RM consider “Regulation problems” more 
problematic, as environmental regulation is indeed more exigent in the RM than in the RP, due 
to the high pollution level and the high population density of the area. Second, it is surprising 
that plants situated outside the RM should regard “Costs of financing environmental 
improvements” as more problematic than plants in the RM. That is because the RM is the more 
polluted area, with a more demanding environmental regulation and, therefore, abatement costs 
might be expected to be higher in this area. But it might also suggest that plants from the RP 
face more financial difficulties than those in the RM. 
 

1.3.4 Influence of Factors on Environmental Improvements 
 
Question N°25 requests information concerning the influence of different factors on the 
decisions of plants to take actions on environmental improvements. It aims to distinguish the 
elements that most encourage environmental improvements in firms.  This question differs from 
the previous ones since it covers factors that involve a positive influence rather than a hindrance 
to environmental improvements. 
 
Question N°25: 
 
“What influence have the following factors had on your decisions to act regarding environmental 
improvements?”

A Standards requirements and national environmental enforcement 1 2 3 4 5 6 7

B Local neighbours and communities 1 2 3 4 5 6 7

C National clients 1 2 3 4 5 6 7

D Foreign clients 1 2 3 4 5 6 7

E Suppliers 1 2 3 4 5 6 7

F Industrial associations 1 2 3 4 5 6 7

G Following what the competition has done 1 2 3 4 5 6 7

H Free trade agreements 1 2 3 4 5 6 7

I Company’s internal policy 1 2 3 4 5 6 7

J Internal economic issues of the company 1 2 3 4 5 6 7

K Union 1 2 3 4 5 6 7

L Fear of the press 1 2 3 4 5 6 7

It does not 

influence

    It influences 

a lot

 
 
Four components or factors are extracted (see Appendix N°1), which provide information about 
the factors that influence plants’ environmental performance: 
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Component N°1 labelled ‘Responding to External Institutions’, gathers a number of variables 
related to the influence of factors internal to the firm. The most important ones are the impact 
of unions and the fact that the firms try to follow what the competition has done; 
 
Component N°2 brings together a number of items related to the influence of the international 
market on firms’ decisions to improve their environmental performance. In particular, the 
impact of foreign clients and free trade agreements. Hence, this latent construct is labelled 
‘International Market’; 
 
Component N°3 labelled ‘Productive Chain’ groups together a number of variables related to the 
influence of the different actors of the productive chain. The most important one are the 
suppliers; 
 
Component N°4 represents variables related to the influence of formal and informal regulation, in 
the form of standard requirements and local neighbours and communities, on firms’ decisions to 
improve their environmental performance. This component was thus labelled ‘Formal and 
informal regulation’. 
 
When one analyses the forces that foster environmental improvement in different plant sizes, it 
is evident that the most important one for small firms is the “Productive chain” (0.04 in column 
2, Table N°13). For medium and large size plants “International market” and “Formal and 
informal regulation” are the two most relevant factors (0.30 and 0.11, respectively). For large 
plants “Responding to external institutions” is also an important factor (0.25). The ANOVA test 
supports the claim that all the components differ statistically by plant size, although there is no 
positive relationship. Small and medium size plants are not clearly distinguished by the first 
component, not are small plants distinguished from large plants by the results of the third 
component. 
 
The available data support sector heterogeneity for all four components, which means that the 
different sectors respond to different forces. The Food (31) and Basic metal (37) industries are 
more sensitive to “Responding to external institutions”. Basic metals (37), Non-metallic mineral 
products (36), Food (31) and Chemical (35) industries are the most responsive to “International 
markets”. Those who are most receptive to the indications of the different agents of the 
“Productive chain” are the Chemical (35), Paper (34) and Wood (33) industries. And finally, the 
plants most sensitive to “Formal and informal regulation” are the Basic metals (37), Food (31) 
and Metal products (38) industries. It is interesting to note that all the most polluting industries 
are fairly responsive to “Formal and informal regulation”, as a factor that influences their 
decisions to take action on environmental improvements. 
 
Location also affects the influences on plants. Plants in the RM are more sensitive to 
“Responding to external institutions” and to the pressure coming from the “Productive chain”. 
Instead, plants in the RP are more influenced by “International market”. It is also interesting to 
note that, despite the fact that there is not a huge difference in the mean of the “Formal and 
informal regulation” component for RP and RM, this factor is a stronger influence for plants 
situated in the RM rather than in the RP. These results suggest a larger influence of formal 
regulation on the Metropolitan region, as well as a stronger informal regulation. 

 
TABLE N°13 

Small Medium Large 31 32 33 34 35 36 37 38 RP RM

Responding to External Institutions -0.01 -0.09 0.25 0.27 -0.06 -0.03 0.00 -0.02 -0.20 0.21 -0.36 -0.13 0.11 0.00

International Markets -0.29 0.30 1.22 0.11 -0.15 -0.13 -0.01 0.08 0.23 0.19 -0.15 0.08 -0.07 0.00

Productive Chain 0.04 -0.11 -0.03 -0.22 -0.18 0.21 0.27 0.38 -0.12 0.04 0.10 -0.09 0.08 0.00

Formal and Informal Regulation -0.10 0.11 0.42 0.26 -0.61 -0.08 -0.08 -0.19 0.05 0.47 0.12 -0.04 0.03 0.00

Location
Total

COMPONENTS' MEAN: INFLUENCE OF FACTORS ON ENVIRONMENTAL IMPROVEMENTS

Plant Size Industrial Sector
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1.3.5 Obstacles to Environmental Training 
 
Question N°43 gathers information concerning the influence of different factors on plants’ 
decisions to invest in environmental training. 
 
Question N°43: 

 
“What has been the importance of the following factors in inhibiting improvements in 
environmental training?” 

A Lack of programmes of study 1 2 3 4 5 6 7

B Lack of instructors 1 2 3 4 5 6 7

C Lack of priority for training in the company 1 2 3 4 5 6 7

D Lack of employees’ interest 1 2 3 4 5 6 7

E Lack of employees’ environmental culture 1 2 3 4 5 6 7

F
Lack of interest or environmental culture from the company’s
managers

1 2 3 4 5 6 7

G Educational level of the employees 1 2 3 4 5 6 7

H Level of employees’ turnover 1 2 3 4 5 6 7

I Programmes’ costs 1 2 3 4 5 6 7

J Lack of time 1 2 3 4 5 6 7

It is not 

important

It is extremely 

important

 
 

When considering all the variables two components were initially apparent but the second one 
did not produce any interesting results. A one-component solution was therefore forced, which 
resulted in the communality of variable “H” being too small (0.25, see Appendix N°1) and 
therefore it was excluded from the analysis. 
 
One component is extracted and it is defined as follows: 
 
Component N°1 collects a number of items related to the influence of different factors on the 
level of environmental training in firms. The most important are the lack of interest from 
employees as well as the lack of instructors and programmes of studies. This latent construct is 
labelled ‘Lack of environmental training supply as well as lack of interest from workers’. 
 
Observing the data, it is possible to note that there is not only scale heterogeneity, but also a 
positive relation (see Table N°14). Nonetheless, the Bonferroni test suggests that small plants do 
not differ statistically from medium size ones. Large plants find more problems with 
environmental training than do medium and small plants. This might be explained by the fact 
that staff at small plants receive much less environmental training than at large ones; and, when 
they do receive it, they do so in more basic areas. Therefore, different perceptions of these 
obstacles are likely to be reflected in the responses of small and large plants. 

 
There is also sector heterogeneity regarding the obstacles to environmental training. The 
component identified is particularly relevant for the Wood (33) and Basic metal (37) industries 
and has some relevance for the Food (31), Non-metallic mineral products (36) and Chemical (35) 
industries (higher score values in Table N°14). The data also support the claim that this obstacle 
in environmental training is more relevant to plants situated in the RP than to those in the RM. 
 

TABLE N°14 

Small Medium Large 31 32 33 34 35 36 37 38 RP RM

Lack of Environmental Training Supply as 

well as Lack if interest from Workers
-0.03 0.03 0.15 0.10 -0.03 0.36 -0.25 0.03 0.06 0.25 -0.38 0.14 -0.12 0.00

Location
Total

COMPONENT'S MEAN: OBSTACLES FOR ENVIRONMENTAL TRAINING

Plant Size Industrial Sector
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1.3.6 Environmental Management of Firms 

 
Following, question N°14 will be analysed. This question gathers information about the internal 
environmental policy of the firm, with particular reference to the ISO 14.001. 
 
Question N°14: 
 
“Has your plant implemented one or more of the following elements?”  

A
Formal management systems, with written procedures, addressing the most important environmental issues that
your plant faces

B
A written environmental policy, signed by the company’s CEO, which describes the company’s commitment to
the environment, environmental regulations, pollution prevention and continuous environmental improvements

C
A specific written environmental plan, with quantifiable goals and objectives, considering local environmental
regulations and potential costs

D Plans and procedures for environmental emergencies

E Procedures for liasing with communities and neighbours regarding environmental issues relating to your plant

F Procedures that include environmental aspects, beyond current legal standards

G A management system to reduce releases/emissions through the use of internal procedures of your company

H Indicators and environmental performance control, and management audits

I An established environmental management system, with defined procedures and responsibilities

J A Clean Production System, based on management steps (of low or negligible cost)

K A Clean Production System, based on technological changes
 

 
Although there are other FA methods that could be more appropriate when dealing with dummy 
variables (such as the Boolean factor analysis - Hair 1997), PCA is used in this case. 
 
After variable “D” was deleted from the first analysis because it presents a low communality and 
a very similar loading in all components, three components were extracted. Under this structure 
the total explained variance is 57%. The components are the following: 
 
Component N°1 collects a number of items related to the strength of the environmental policy in 
terms of indicators, performance, procedures and responsibilities. Therefore, this latent 
construct is labelled ‘Written environmental policy’. 
 
Component N°2 collects a number of variables that are related to a clean production system based 
on management steps or technological changes. As a result, this latent component is labelled 
‘Clean production system’. It is interesting to note that firms reveal that they distinguish a 
system of clean production as a different factor from the written environmental policy. 
 
Component N°3 collects a number of items indicating the plants’ environmental commitment to 
neighbours and local communities, and to procedures that go beyond current legal standards. 
This component is labelled ‘Commitment to informal regulation’. 
 
Analysing the resulting scores values by plant size in Table N°15, it is evident that there is scale 
heterogeneity regarding firms’ environmental management commitments. It is feasible to 
appreciate a positive relation; larger plants implement more elements of environmental 
management than do medium and small plants. Small plants tend to implement more elements 
of “Clean production system” and “Commitment with informal regulation” instead of having a 
“Written environmental policy”. But, medium and large size plants prioritise such a “Written 
environmental policy” (score values of 0.16 and 0.62, respectively). 
 
There is sector heterogeneity regarding the level of implementation of environmental 
management elements within firms. “Written environmental policy” and “Clean production 
systems” are usually implemented in the Basic metal (37) industry (1.86 and 1.24, respectively, 
Table N°15). Similarly, but to a lesser extent, they are implemented in the Chemical (35), Paper 
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(34) and Metal products (38) industries. Finally, a “Commitment to informal regulation” is 
particularly observed in the Basic metal (37) industry (score 2.65), although it is also found in the 
Non-metallic mineral products (36), Wood (33) and Chemical (35) industries. 
 
There is also heterogeneity between plant locations. Plants located in the RP tend to implement 
more “Commitment with informal regulation” than plants situated in the RM (0.10 and -0.09, 
respectively). Perhaps being more isolated allows plants in the RP to sign agreements with local 
communities, or perhaps plants in the RM simply have fewer opportunities. Plants placed in the 
RM tend instead to implement more “Written environmental policy” and “Clean production 
system”, which is consistent with a more demanding environmental regulation in the 
Metropolitan area. 
 

TABLE N°15 

Small Medium Large 31 32 33 34 35 36 37 38 RP RM

Written Environmental Policy -0.15 0.16 0.62 -0.05 0.2 -0.28 0.08 0.18 -0.02 1.86 0.08 -0.08 0.07 0.00

Clean Production System -0.10 0.07 0.51 -0.03 -0.48 -0.06 0.44 0.21 -0.05 1.24 0.17 -0.18 0.16 0.00

Commitment with Informal Regulation -0.11 0.11 0.51 -0.10 -0.19 0.31 -0.24 0.27 0.36 2.65 -0.13 0.10 -0.09 0.00

Location
Total

COMPONENTS' MEAN: FIRMS' ENVIRONMENTAL MANAGEMENT

Plant Size Industrial Sector

 
 

1.4 Aggregated Indices of Environmental Performance 

 
A limitation in the analysis of the original data is the fact that it has too many dimensions; indeed 
the original survey considers hundreds of variables. That is an impediment if the objective is to 
characterise industrial plants by economic sector, plant size or location in a more aggregated 
manner. It is thus interesting to construct a few indices (one dimension variable) in order to be 
able to compare different areas of interest among plants. Some of the most interesting areas, and 
the ones chosen for the following analysis are: 
 

� The level of commitment of the managers of plants to Environmental Management policies; 
� The level of Technical Assistance and Environmental Training received by manufacturing 

firms and;  
� The Adoption of Standards by types of plants. 
� Internal and External Obstacles faced by plants  

 
All these factors are believed to influence the environmental performance of plants. It is thus 
interesting to analyse their interdependency.  
 
An additional hypothesis to consider is that there is a relationship between the level of 
environmental performance of firms and the level of expenditure in environmental 
improvements and/or the amount of money spent on environmental permits and declarations 
by firms. Besides, the educational level of the firms’ employees, as well as the percentage of time 
that the environmental manager assigns to environmental issues is also thought to be related to 
the environmental performance of firms. Likewise, it is of interest to analyse the correlation 
between the environmental performance of plants and their perceived internal and external 
obstacles to investment in environmental improvements. Therefore, in order to address all these 
issues, the construction of some indices is required. In particular the following: 
 
1. Index of Environmental Management (EM) 4. Indices of Adoption of Standards (S1&S2) 
2. Index of Technical Assistance (TA) 5. Index of Internal Obstacles (IO) 
3. Index of Environmental Training (ET) 6. Index of External Obstacles (EO) 
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1.4.1 Methodology 

When trying to develop an environmental analysis of manufacturing plants, the first problem 
that arises is the presence of multi-dimensions. Initially a large number of variables may be 
associated with environmental issues, but they need to be aggregated according to a specific 
criterion with the objective of obtaining some indices of environmental performance.  
 
A similar problem to the one presented here occurs when trying to develop a competitiveness 
analysis among countries, firms and/or regions. The methodology used by the International 
Institute for Management Development (IMD) in the construction of Indices for countries in 
the The World Competitiveness Yearbook, and extended to regions by the United Nations 
Development Programme (UNDP), is the following. Initially, a general index k is constructed. 
 

I IPS
k i

i

nk

=
=
∑
1

 (1) 

 
Where: 
Ik    :  is the general index k (k being a sub-factor that represents a set of characteristics of a 

particular firm/country/region). 
IPSi :   is the partial index, which corresponds to the standardisation of each of the i’s variables. 
 
The standardisation can be carried out as follow: 
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where:   
Yi : is the observed value of each of the i’s variables. 
 
Finally, the competitiveness Index is computed like this: 
 

∑
=
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k

kl
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 (3) 

 
where: 
m : Maximum number of sub-factors k (the same for all firms). 
l   : Corresponds to a particular firm, country or region. 
 
This methodology could be applied to the data of the environmental questionnaire, in order to 
compute our Environmental Indices. Nonetheless, the methodology presents some specific 
problems. First, the standardisation of the variables, which is required in order to solve the 
problem that diverse variables are measured in different units, implicitly assumes unknown 
weights, which does not validate the construction of the indices. Second, directly adding the 
principal indicators (Ik) to get the aggregated index of competitiveness (IC) assumes that these 
indicators influence the variable of interest in the same way (same weight), which may not be 
true a priori. Instead, if we do not have arguments to define particular weights exogenously, it 
might be interesting to explore a method that suggests some endogenous weights, rather than 
assuming a priori that all the factors are equally important. Thus, to solve these deficiencies, it is 
proposed to modify the computation of the index and include the use of FA methodology, in 
particular PCA (as an optimisation criterion) to derive endogenous weights for the relevant 
variables.  
 
FA methodology has its starting point in the assumption that there is an optimum weight for 
each variable in the component, which allows the index to gather the largest proportion of 
information (explained variance) contained in the variables of the sample. Hence, assuming that 
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there are i variables, the components (or indices) correspond to linear combinations of these 
variables, of the form: 
 

C = XU (4) 
 

C1 = u1,1X1 + u 1,2X3 + u 1,3X3 + ..........+ u 1,kXk 
C2 = u 2,1X1 + u 2,2X3 + u 2,3X3 + ..........+ u 2,kXk 
…………………………………………… 
…………………………………………… 
Ck = u k,1X1 + u i,2X3 + u i,3X3 + ..........+ u k,kXk 

 
Where: 
Xi  : correspond to each of the variables 
u i,i : correspond to the endogenous weight of each variable in each component 
Ci   : correspond to each of the components 
 
Moreover, the model assumes that the u’s are chosen so that the variance21 of C1 is maximised 
subject to the condition: 
 

1
1

2 =∑
=

K

i
i
u   (5) 

 
The above is the normalisation condition (Maddala 2001), and if it is not satisfied the variance 
explained by C1 can be increased indefinitely. Thus, the process of maximising the variance of the 
linear function C, subject to the condition that the sum of square of the X coefficients is equal to 
1, produces “i” solutions (see equation [4]). Thus, it is possible to build “i” linear functions C1, 
C2, …….., Ci. These functions are known as the principal components of matrix X, and each 
solution corresponds to one index, which can then be used in further analysis. PCA seeks to 
maximise the variance in the first component and the next component maximises the remaining 
variance, under the restriction of orthogonality. Therefore, C1 has the largest variance and is 
known as the first principal component, C2 has the next largest variance and is known as the 
second principal component, and so forth. These components can then be ordered as follows: 
 

Var (C1) > Var (C2) > ............ > Var (Ck) 
 
Moreover, these components have the following properties: 
 

i) Var (C1) + Var (C2) + ........ + Var (Ck) = Var (X1) + Var (X2) + ........ + Var (Xk)
22 

ii) C’s are orthogonal among themselves. There is zero multicollinearity between the C’s.  
 
Therefore, when C1 is selected, the best or most representative of all the components is chosen. 
If the construction of a one-dimensional index is intended, the FA methodology can be used. 
 

1.4.2 Index of Environmental Management 

In order to build the Index of Environmental Management, FA is applied again to the responses 
of question N°14. From Section 1.3.6 we can recall that three components were initially 
extracted when applying FA to all the variables of question N°14. Unfortunately, this is not 
helpful in achieving a one-dimension result. The accounted variance of each of the components 
was rather different. The first component accounted for 35% of the variance, the second for 
12% and the third for 10%, before rotation. It is still necessary to extract only one component 
that represents our index of Environmental Management. Thus, some variables that strongly 
determine the second and third components need to be omitted from the analysis. Just one 
combination of variables suggests extracting one component under the latent root criterion. The 

                                                 
21  The variance of each component corresponds to its eigenvalue. 
22  Variables “X” are standardised and thus have a “0” mean and variance of “1” by definition.  
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subset of included variables is: statements A, B, C, D, F, G, H and I from question N°14. This 
single extracted component explains 44% of the variance of the variables under consideration. 
 

TABLE N°16 
Total Variance Explained

3.513 43.914 43.914 3.513 43.914 43.914

.933 11.668 55.582

.895 11.184 66.766

.791 9.887 76.653

.539 6.741 83.394

.498 6.229 89.623

.422 5.272 94.895

.408 5.105 100.000

Component
1

2

3

4

5

6

7

8

Total % of Variance Cumulative % Total % of Variance Cumulative %

Initial Eigenvalues Extraction Sums of Squared Loadings

Extraction Method: Principal Component Analysis.

 
The component score coefficient matrix in Table N°17, shows the coefficients by which 
variables are multiplied when computing score values. Score values have mean “0” and standard 
deviation equal to “1” by definition. However, we are interested in the specific weight of each 
variable and in comparing the Mean and Standard Deviation (SD) of the different indices. 
Therefore, an index which is equivalent to the score values will be built. This index will consider 
the component score coefficients (Table N°17) in order to internalise the endogenous weight of 
each of the variables included in the index. However, the weights (component scores) will be re-
scaled in order to have them as a proportion of a total of “1”.23 

 
 
    TABLE N°17 

Component Score Coefficient Matrix

.198

.207

.205

.191

.146

.154

.201

.196

P14_A

P14_B

P14_C

P14_D

P14_F

P14_G

P14_H

P14_I

1

Component

Extraction Method: Principal Component Analysis.  
Rotation Method: Varimax with Kaiser Normalization.

  
Following are the weights of the Index of Environmental management “EM”, after the 
component score coefficients were re-scaled: 
 

 EM: Index of Environmental Management Weights 

A 
Formal management systems, with written procedures, addressing the most 
important environmental issues that your plant faces 

0.13 

B 
A written environmental policy, signed by the company’s CEO, which describes 
the company’s commitment to the environment, environmental regulations, 
pollution prevention and continuous environmental improvements 

0.14 

C 
A specific written environmental plan, with quantifiable goals and objectives, 
considering local environmental regulations and potential costs 

0.14 

D Plans and procedures for environmental emergencies 0.13 

F Procedures that include environmental aspects, beyond current legal standards 0.10 

G 
A management system to reduce releases/emissions through the use of internal 
procedures of your company 

0.10 

H Indicators and environmental performance control, and management audits 0.13 

I 
An established environmental management system, with defined procedures and 
responsibilities 

0.13 

 Total 1.00 

 

                                                 
23  E.g. weigh of variable A is: [0.198/(Sum of all component score coefficients = 1,498)] = 0.132). 
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This index shows some different weights for the variables. The highest weight is for variables 
relating to written environmental policy (variables B and C), while the lowest weights are for 
variables regarding aspects that go beyond current legal standards or a management system to 
reduce releases/emissions (variables F and G). This could reflect the complexity of the 
implementation of environmental management elements for plants. The index “EM” shows a 
very low mean of 0.16, which suggests a low level of environmental management 
implementation by Chilean plants (see Table N°18). The standard deviation is 0.24 and indicates 
that the index may permit us to discriminate among plants. The skewness is 1.75, which indicates 
that the distribution is not symmetric; indeed it is concentrated to the left of the median. The 
kurtosis is 2.57, which means that observations cluster more than in a normal distribution. In 
fact, 45% of the plants show an index of 0.00, while only 10% presents an index above 0.50. 
 

TABLE N°18 
Statistics

Index of Environmental Management
4222

0

.16

.24

.06

1.75

.04

2.57

.08

.00

1.00

.00

.00

.10

.13

.26

.50

.77

1.00

Valid

Missing

N

Mean

Std. Deviation

Variance

Skewness

Std. Error of Skewness

Kurtosis

Std. Error of Kurtosis

Minimum

Maximum

25

45

50

65

75

90

95

99

Percentiles

 

1.4.3 Index of Technical Assistance 

In order to construct the index of Technical Assistance, FA was applied to a subset of variables 
from question N°31 (it asks about the areas in which plants have received technical assistance). 
Only a subset of variables was considered because there are some that are sector specific (e.g. 
variable G: Control of atmospheric emissions) and are clearly biased towards some industrial 
sectors, and thus cannot be generalised to all industrial plants. Based on the analysis of the subset 
of general variables, one factor was extracted, explaining 43% of the total variance of the set of 
variables. 
 
The following is the Index of Technical Assistance “TA” with its corresponding weights: 
 

 TA: Index of Technical Assistance Weights 

A Environmental training 0.15 

B Environmental standards 0.15 

C Pollution prevention or clean production 0.13 

D Environmental management 0.16 

E Environmental audits 0.14 

I Environmental risk analysis 0.12 

J  Handling of dangerous waste 0.14 

 Total 1.00 

 
The most influential element in this index corresponds to “Environmental management” 
(variable D), while the “Pollution prevention or clean production” and “Risk environmental 
analysis” are the least influential (variables C and I, respectively). The index has a mean of 0.18 
and a standard deviation of 0.24. The mean is again fairly low, but the standard deviation 
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indicates differences among firms. It is important to point out that 45% of the firms have not 
received any Technical Assistance (TA = 0.0) and only 10% of the firms have an index above 
0.54 (see Appendix N°2 for the specific results). 

 

1.4.4 Index of Environmental Training 

In order to calculate an index regarding firms’ investment in environmental training, FA is 
applied to a subset of variables of question N°41. That subset was built in order to achieve only 
one component. Variables that scored too differently between economic sectors were eliminated 
(as they were considered more sector specific), as a single general structure for all firms was 
required. After some direction, only one component presents an eigenvalue larger than the unit, 
and thus it is extracted. This explains 44% of the variance of the set of variables (see Appendix 
N°2). The latent vector (component score coefficient matrix) that accompanies this component 
is used in the construction of the Environmental Training index (ET). 

 

The Index of Environmental Training “ET” with its corresponding weights is shown below: 
 

 ET: Index of Environmental Training Weights 

A Environmental legislation 0.13 

B Environmental management 0.13 

C Environmental audits 0.12 

D Minimisation of industrial waste 0.13 

G Clean technologies 0.13 

H ISO 14000 0.12 

K Liquid waste treatment plants 0.13 

L Energy efficiency 0.11 

 Total 1.00 

 
Once more, “Environmental Management” (variable B) seems to be the principal area for this 
index. Training in the ISO 14000, Environmental audits and Energy efficiency techniques appear 
as the least important (variables H, C and L, respectively). The Index has a mean of 0.11 and a 
standard deviation of 0.21. 70% of the plants have not trained their employees in the areas 
mentioned here at all, and only 10% of the firms have an index above 0.39 (see Appendix N°2). 
 

1.4.5 Indices of Adoption of Standards 

Two indices of adoption of standards were constructed, and for that purpose FA was applied to 
two sets of variables. The first group corresponds to variables of question N°16 (about the use 
of the standards) and the second group to those of question N°45 (about the requirements of 
using standards in their plants). After applying FA to the first set of variables, one eigenvalue is 
extracted.24 This component explains 53% of the variance of the variables analysed. 

 

The following table shows the first Index of Adoption of Standards “S1” with its corresponding 
weights: 
 

 S1: First Index of Adoption of Standards Weights 

A Chilean Environmental Regulation 0.50 

B Foreign Environmental Regulation 0.50 

 Total 1.00 

 
Both variables have the same weight in this index. The index has a mean of 0.39 and a standard 
deviation of 0.25. This is a fairly high mean and could be seen as a positive indicator of the 

                                                 
24  The MSA was just 0.50 (“miserable”). This suggests that the use of FA is not very well grounded.  
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commitment of firms to environmental standards. In addition, the standard deviation is also 
high, allowing a reasonable discrimination among firms. 
 
The first attempt to apply FA to question N°45 to build the second index resulted in many 
components, reflecting the low level of correlation among the initial set of variables, and 
therefore giving a poor reduction in the number of dimensions. In order to identify a single 
index, it was necessary to decompose the available data into subsets to check for the different 
combinations that could generate just one component and maximise the number of explained 
variables. The results of this attempt suggest extracting just one component, which accounts for 
48% of the variance, and considering the following variables (see Appendix N°2). 

 
The following table shows the second Index of Adoption of Standards “S2” with its 
corresponding weights: 
 

 
S2: Second Index of Adoption of Standards Weights 

B Environmental Impact Declaration 0.15 

D Characterisation of atmospheric emissions 0.12 

E Characterisation of liquid industrial waste 0.15 

F Characterization of dangerous waste 0.16 

H Environmental risk analysis 0.15 

I Water consumption 0.14 

J Handling of dangerous waste packaging 0.13 

 Total 1.00 

 
 
The variable that has the lowest weight is “Characterization of atmospheric emissions” by plants. 
“Characterization of dangerous waste” and “Characterization of liquid industrial waste”, 
“Environmental risk analysis” and “Environmental impact declaration” have the largest weights. 
This Index has a mean of 0.20 and a standard deviation of 0.27, which show that plants are fairly 
concentrated. Indeed, 75% of firms have an index below 0.11, and only 5% of firms have an 
index value above 0.62. 

 

1.4.6 Interdependency Among the Indices 

In order to contribute to the design of environmental policies for manufacturing plants, it is 
worth analysing the existence of a certain dependency among the different indices of 
environmental performance. It is clear that the data from the survey do not allow us to 
determine causality in the relationship between the different indices; however, it allows us to 
compute statistical correlations that measure the strength and direction of the dependency 
among them, obtained from the entrepreneurs’ assessments. 
 
It is also worth considering whether there is any kind of dependency between the level of certain 
indices of environmental performance and the plants’ expenditure in environmental 
improvements. In other words, it would also be interesting to find out whether manufacturing 
plants are really investing in order to improve their environmental performance. In this regard, 
four different measures of environmental expenditure are also included in this analysis. The first 
two are obtained from question N°34 in the questionnaire, which asked about the investment in 
financing environmental improvements during the periods 1995-1999 and 2000-2005 (called 
Inv95_99 and Inv00_05, respectively). The second two are obtained from question N°48, which 
asked about the total investment and total annual operating costs of all the necessary actions 
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required to comply with environmental permits or declarations that apply to their plants (Pydinv, 
Pydoper, respectively).25 
 
Moreover, it is also worth finding out whether there is any dependency between the level of the 
indices of environmental management and the level of education of the firms’ personnel and the 
effort of the environmental manager on environmental issues. Indeed, it is believed that more 
educated employees, as well as more specialized environmental managers, could have an impact 
on firms’ environmental management commitments (e.g. with employees and/or communities) 
and firms’ environmental performance, measured here by the different indices (“EM”, “TA”, 
“ET”, “S1” and “S2”). The variables related to the level of education are obtained from question 
N°35, which provides information about the level of education of the executive director of the 
plants (p35_a), the head of the departments or areas (P35_b) and the rest of the employees of 
the plant (P35_c). Question N°37 (P37sns) provides information about the percentage of time 
that the environmental manager dedicates to environmental issues. 
 
For that purpose, the correlation matrix among the 5 indices, 4 measures of expenditures and 4 
measures of education and effort was computed. 

 
TABLE N°19 

Correlations

1.000 .547** .544** .339** .442** .037 .151** .004 .074** .203** .355** .310** .261**

. .000 .000 .000 .000 .094 .000 .800 .000 .000 .000 .000 .000

4222 4222 4222 4222 4222 2086 954 3772 2364 4222 4222 4222 4137

.547** 1.000 .587** .363** .518** .127** .152** .051** -.021 .206** .313** .072** .419**

.000 . .000 .000 .000 .000 .000 .002 .312 .000 .000 .000 .000

4222 4222 4222 4222 4222 2086 954 3772 2364 4222 4222 4222 4137

.544** .587** 1.000 .299** .478** .112** .113** -.058** -.058** .239** .249** .137** .334**

.000 .000 . .000 .000 .000 .000 .000 .005 .000 .000 .000 .000

4222 4222 4222 4222 4222 2086 954 3772 2364 4222 4222 4222 4137

.339** .363** .299** 1.000 .278** .181** .049 .058** .036 .214** .215** .162** .146**

.000 .000 .000 . .000 .000 .127 .000 .084 .000 .000 .000 .000

4222 4222 4222 4222 4222 2086 954 3772 2364 4222 4222 4222 4137

.442** .518** .478** .278** 1.000 .040 .134** .026 -.071** .211** .272** .051** .341**

.000 .000 .000 .000 . .067 .000 .111 .001 .000 .000 .001 .000

4222 4222 4222 4222 4222 2086 954 3772 2364 4222 4222 4222 4137

.037 .127** .112** .181** .040 1.000 .880** .594** .098** .025 .122** .091** .082**

.094 .000 .000 .000 .067 . .000 .000 .000 .256 .000 .000 .000

2086 2086 2086 2086 2086 2086 591 1945 1292 2086 2086 2086 2017

.151** .152** .113** .049 .134** .880** 1.000 .540** .916** -.013 .168** .062 .278**

.000 .000 .000 .127 .000 .000 . .000 .000 .697 .000 .055 .000

954 954 954 954 954 591 954 921 440 954 954 954 938

.004 .051** -.058** .058** .026 .594** .540** 1.000 .973** .037* .029 -.114** .090**

.800 .002 .000 .000 .111 .000 .000 . .000 .022 .072 .000 .000

3772 3772 3772 3772 3772 1945 921 3772 2259 3772 3772 3772 3689

.074** -.021 -.058** .036 -.071** .098** .916** .973** 1.000 .040* .118** .008 .085**

.000 .312 .005 .084 .001 .000 .000 .000 . .049 .000 .702 .000

2364 2364 2364 2364 2364 1292 440 2259 2364 2364 2364 2364 2297

.203** .206** .239** .214** .211** .025 -.013 .037* .040* 1.000 .668** .245** .015

.000 .000 .000 .000 .000 .256 .697 .022 .049 . .000 .000 .325

4222 4222 4222 4222 4222 2086 954 3772 2364 4222 4222 4222 4137

.355** .313** .249** .215** .272** .122** .168** .029 .118** .668** 1.000 .433** .027

.000 .000 .000 .000 .000 .000 .000 .072 .000 .000 . .000 .082

4222 4222 4222 4222 4222 2086 954 3772 2364 4222 4222 4222 4137

.310** .072** .137** .162** .051** .091** .062 -.114** .008 .245** .433** 1.000 .045**

.000 .000 .000 .000 .001 .000 .055 .000 .702 .000 .000 . .004

4222 4222 4222 4222 4222 2086 954 3772 2364 4222 4222 4222 4137

.261** .419** .334** .146** .341** .082** .278** .090** .085** .015 .027 .045** 1.000

.000 .000 .000 .000 .000 .000 .000 .000 .000 .325 .082 .004 .

4137 4137 4137 4137 4137 2017 938 3689 2297 4137 4137 4137 4137

Pearson Correlation

Sig. (2-tailed)

N

Pearson Correlation

Sig. (2-tailed)

N

Pearson Correlation

Sig. (2-tailed)

N

Pearson Correlation

Sig. (2-tailed)

N

Pearson Correlation

Sig. (2-tailed)

N

Pearson Correlation

Sig. (2-tailed)

N

Pearson Correlation

Sig. (2-tailed)

N

Pearson Correlation

Sig. (2-tailed)

N

Pearson Correlation

Sig. (2-tailed)

N

Pearson Correlation

Sig. (2-tailed)

N

Pearson Correlation

Sig. (2-tailed)

N

Pearson Correlation

Sig. (2-tailed)

N

Pearson Correlation

Sig. (2-tailed)

N

EM

TA

ET

S1

S2

INV95_99

INV00_05

PYDINV

PYDOPER

P35_A

P35_B

P35_C

P37SNS

EM TA ET S1 S2 INV95_99 INV00_05 PYDINV PYDOPER P35_A P35_B P35_C P37SNS

Correlation is significant at the 0.01 level (2-tailed).**. 

Correlation is significant at the 0.05 level (2-tailed).*. 

 
The results in Table N°19 suggest the existence of a positive correlation among the indices of 
environmental performance. As expected, the correlation between the index of Environmental 
Management (EM) and Technical Assistance (TA) and Environmental Training (ET) are fairly 

                                                 
25  The means were used in these two questions (N°34 and N°48), even though the distributions were very 
asymmetric (negative) and thus the mean, mode and median differed. The means were constructed using a 
middle value for each range of investment in each question. Then, a simple addition of all the amounts spent by 
each plant was carried out and the mean was computed. Finally, the mean was divided by the turnover of plants 
in order to arrive at a more accurate measure to compare the different groups. 
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high (54% and 55%, respectively), suggesting that plants that invest in “TA” and “ET”, also tend 
to have a high “EM” index. This suggests that these indices are determined by similar factors. 
These 3 indices are less positive correlated to the first index of adoption of standards “S1”, but 
even less to “S2”. “S2” is not even closely correlated with “S1” (28% in Table N°19). 
 
It is notable that all the variables regarding investment in environmental improvements 
(Inv99_99, Inv00_05) are positively correlated with the indices of environmental performance 
(“EM”, “ET” and “TA”). This means that the more firms spend in environmental 
improvements, the more they implement Environmental Management policies (“EM”), 
Technical Assistance (“TA”) and Environmental Training (“ET”), among others. The 
investment indicators are also statistically correlated with the indices of Adoption of Standards, 
and particularly with “S2”. The indicators of the costs of complying with environmental permits 
and declarations (Pydinv and Pydop) are usually less correlated with the indices of environmental 
performance and are sometimes correlated negatively. 
 
As expected the Investment in Permits during the period 1995-1999 (Inv95_99) is highly 
correlated (88%) with investments during the period 2000-2005 (Inv00_05). This suggests that 
the firms that have invested in the period 1995-1999, are most likely to do so again within the 
following 5 years. The same happens with the correlation between the total costs of investment 
in complying with environmental permits and declarations (Pydinv) and the total annual 
operating cost (Pydoper) [correlation is 97%]. However, it is worth noting that while firms have 
been investing in environmental improvements (inv95_99), they are also likely to have been 
spending more on environmental permits and declarations -Pydinv- (correlation is 59%), but also 
have had higher annual operating costs (Pydoper), which is worrying in the sense that 
environmental improvements seem to be linked to higher operating costs. Nonetheless, the 
correlation with Pydoper (expenses in operating costs) is smaller (10%), which is encouraging. 
Finally, plants that are expecting to invest in environmental improvements in the following years 
(Inv00_05), have also declared that they are likely to have invested large amounts of money in 
acquiring environmental permits and declarations (correlation is 54%), and even more money in 
operating costs -Pydoper- (correlation is 91%). 
 
The correlations between the level of education of the different personnel of the plants (P35_a, 
P35_b and P35_c) and the indices of environmental performance are generally positive. The 
more highly educated are, for instance, the executive directors of the plants (P35_a), the more 
likely these plants are to implement environmental management elements or to receive technical 
assistance or environmental training. The same happens with the level of adoption of 
environmental standards. However, the correlation factors are not that high. Besides, the level of 
education of employees does not seem to be too relevant to decisions on how much plants 
invest in environmental improvements or permits and declarations. As expected, P35_b is highly 
correlated with P35_a; however, P35_c is not highly related to P35_a.  
 
Finally, the percentage of time that the environmental manager devotes to the issue of the 
environment (P37sns) is highly correlated with “TA” (42%), and slightly less with “ET” (33%) 
and “S2” (34%). It should be noticed that although P37sns is related to the level of 
implementation of environmental management policies (“EM”), that correlation is fairly low 
(26%) while considering this data. Besides, P37sns is positively correlated with the level of 
investment in environmental improvements by firms (particularly with Inv00_05). However, it is 
not highly related to the level of expenditure on environmental permits and declarations (Pydinv 
and Pydoper). Finally, the length of time that the manager responsible for environmental issues 
assigns to environmental issues seems not to be related to the level of education the executive 
directors or heads of area and departments, which might seem to be a rather strange result. 
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1.4.7 Scale, Sector and Location Heterogeneity among the Indices of 
Environmental Performance 

It is also interesting to explore the existence of heterogeneity among the previous indices. 
Indeed, it might be expected that larger plants would have higher indices of environmental 
performance than smaller plants; or that plants belonging to more polluting industries would 
have different index levels from less polluting plants; or that plants located in the RM 
(Metropolitan Region) would tend to implement more elements of environmental management 
or of technical assistance, among other factors, than plants from the rest of the country (RP), 
due to the fact that the former group of plants faces more demanding environmental regulations 
than the latter. Therefore, the mean of the indices and expenditure and education indicators was 
computed for each plant size, productive sector and location of the plant in order to check for 
statistical differences. 
 

i) Scale Heterogeneity 

With the purpose of exploring plant size heterogeneity, an Analysis of Variance “ANOVA” was 
performed. This allowed the computation of the “F test of significance” and subsequently 
checking the null hypothesis H0: all means are equal along different plants sizes. The results are 
shown in the Table N°20 (the tests are in Appendix N°2). 
 

TABLE N°20 
Report

Mean

CIIUREV2: Total

.11 .12 .07 .35 .12 10.18 4.31 2.38 7.36 3.5 2.8 1.8 1.2

.21 .23 .15 .46 .26 3.62 2.75 .38 .36 4.1 3.3 2.0 1.2

.39 .44 .32 .53 .56 13.71 12.63 1.88 .76 4.0 3.7 2.1 1.7

.16 .18 .11 .39 .20 8.88 5.31 1.85 4.79 3.7 3.0 1.9 1.2

P1_EST
Small

Medium

Large

Total

EM TA ET S1 S2 INV95_99 INV00_05 PYDINV PYDOPER P35_A P35_B P35_C P37SNS

 
 

An important conclusion is that the null hypothesis that all means would be equal along plant 
sizes is rejected. There is a high degree of heterogeneity of scale associated with all the indices or 
indicators (of expenditure and education). Moreover, the scale effect is positive for all the indices 
(“EM”, “TA”, “ET”, “S1” and “S2”), which means that large firms have larger indices than small 
ones. This clearly suggests that environmental actions increase with the scale of the plants. 
Nonetheless, there are some cases in which the distinction between small and medium size 
plants is not significant (Bonferroni test). This is the case for the level of investment on 
environmental improvements (Inv95_99) and the investment in acquiring environmental permits 
and declarations (Pydinv). Besides, in the case of how much money plants invest in annual 
operating costs (Pydoper), it is interesting to note that small plants invest much more relatively 
than medium size ones. Environmental managers (or equivalents) from medium plants tend to 
invest approximately the same amount of time (P37sns) on environmental issues as do managers 
in small size plants. This is discouraging as it was expected that medium size plants would 
allocate more time to environmental issues. However, the first band available for this question 
(less than 25% of their time) was a fairly high percentage; therefore, a large number of small and 
medium size plants chose that option and it was not possible to differentiate their answers very 
much. There is only one case in which medium size plants are not statistically different from 
large plants; this happens when considering the level of education of executive directors. 
 

ii) Sector Heterogeneity 

This analysis suggests significant differences in the indices among industrial sectors (using the 
SIC 2nd Revision). The highest indices of “EM”, “TA”, “ET”, “S1” and “S2” are concentrated in 
industries which are intensive in scale, in particular the Basic metal (37), and to a lesser extent the 
Paper (34), Chemical (35) and Non-metallic mineral products (36) industries (see Table N°21). 
Sectors with a lower environmental dynamism (lower means) are the Food (31), Textile (32), 
Wood (33) and Metal products (38) industries. Considering the most polluting industries [Food 
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(31), Paper (34), Non-metallic mineral products (36) and Metal products (38)], it has been shown 
that they present different environmental performances. In fact, while the Paper (34) and Non-
metallic mineral products (36) industries show high indices, the Food (31) and Metal products 
(38) industries present lower ones.  
 

Regarding the level of investment in improving environmental performance (Inv95_99), it is 
possible to observe that while the Chemicals (35) and Metal products (38) industries have 
invested much more than the average in the period 1995-1999, only the Chemicals (35) and the 
Wood (33) industries were expected to achieve high investments for the period 2000-2005 
(Inv00_05). Regarding expenditure on environmental permits and declarations (Pydinv), the 
Food (31) industry seems to have already invested a great deal, and even more in annual 
operating costs, than the Chemical (35) industry. Nonetheless, from among the most polluting 
industries, only the Paper (34) industry declared that it had spent a large sum of money on 
operating costs, which is slightly surprising. 
 

To consider now the level of education of personnel throughout the different sectors, it was 
found that Executive directors (P35_a) tend to be more highly educated in the Non-metallic and 
mineral products (36), Basic metal (37) and Textile (32) industries (high values in Table N°21). 
The Heads of departments and the Rest of the employees in the Basic metals (37), Paper (34) 
and Metal products (38) industries have the highest levels of education. However, the level is 
worryingly low in the Food (31) and Non-metallic and mineral products (36) industries, which 
are highly polluting sectors. 
 

Regarding the length of time that the environmental manager dedicates to environmental matters 
(P37sns), this is much greater in the Basic metals (37) industry, followed by the Chemical (35) 
and Non-metallic and mineral products (36) industries. Among these, the last is highly polluting, 
and the Basic metals (37) industry is a fairly high polluter. 
 

TABLE N°21 
Report

Mean

P1_EST: Total

.14 .16 .13 .38 .23 6.52 2.11 3.05 1.07 3.6 2.8 1.7 1.3

.13 .08 .05 .44 .12 2.07 1.66 .88 .93 3.9 3.0 1.9 .9

.13 .13 .09 .24 .13 7.89 16.15 1.04 .60 3.5 3.0 1.6 .8

.19 .20 .14 .47 .20 1.37 2.67 .50 52.33 3.8 3.5 2.1 1.3

.26 .25 .20 .52 .35 10.88 13.85 2.32 2.70 3.8 3.1 1.9 1.7

.20 .26 .10 .31 .23 7.11 2.39 .58 .25 4.1 3.0 1.9 1.6

.83 .72 .61 .86 .75 .60 .74 .11 .19 4.0 4.0 2.7 3.2

.17 .23 .08 .40 .14 18.73 2.90 1.21 .76 3.8 3.2 2.2 1.3

.16 .18 .11 .39 .20 8.88 5.31 1.85 4.79 3.7 3.0 1.9 1.2

CIIUREV2
31

32

33

34

35

36

37

38

Total

EM TA ET S1 S2 INV95_99 INV00_05 PYDINV PYDOPER P35_A P35_B P35_C P37SNS

 
 

iii) Location Heterogeneity 

While some indices or indicators differ among different regions, others do not. The means of 
indices “TA” and “ET” are not statistically different across locations (see Appendix N°2 for the 
tests); while those of the indices “S2” and Inv00_05 are only at the 90% confidence level. The 
means of “EM” and “S1” indices are larger for plants that are situated in the RM than in the RP. 
That suggests that plants situated in the Metropolitan area tend to implement more elements of 
environmental management as well as to adopt more environmental standards than plants 
outside that area (see Table N°22).  The latter could reflect the stricter environmental regulation 
in the RM. Regarding the level of investment on environmental improvements, it was found that 
plants outside the RM have invested more in the last five years and have intentions to invest 
more in the following years, than plants in the Metropolitan area. This is surprising, but may 
reflect differences in industrial sectors. Plants in the RM have spent more on environmental 
permits and declarations than plants outside the RM. The above is consistent with more 
demanding regulation in the RM. 
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The level of education of the different employees [executive directors (P35_a), head of 
departments (P35_b) and rest of the personnel (P35_c)] of plants situated in the Metropolitan 
area is higher than the one in plants outside the RM. The same is true for the length of time 
dedicated by the environmental manager. This is likewise consistent with stricter environmental 
regulation in the RM. 

TABLE N°22 
Report

Mean

CIIUREV2: Total

P1_EST: Total

.14 .17 .12 .31 .20 19.71 6.99 1.51 1.45 3.66 2.98 1.82 1.16

.18 .18 .11 .47 .19 4.22 4.20 2.15 7.86 3.74 3.06 1.92 1.30

.16 .18 .11 .39 .20 8.88 5.31 1.85 4.79 3.70 3.02 1.87 1.23

RM_RP
RP

RM

Total

EM TA ET S1 S2 INV95_99 INV00_05 PYDINV PYDOPER P35_A P35_B P35_C P37SNS

 
 
 

1.5 Indices of Internal and External Obstacles Faced by Firms while   
Trying to Improve their Environmental Performance 

 
In order to have an even more reduced indicator of the internal and external obstacles to 
improving the environmental performance faced by plants, which permits us to analyse the 
relationship of these obstacles with the indices of environmental performance and the 
expenditure and education indicators, the FA methodology is again applied. 
 
Recalling Section 1.3 part 1.3.1 and 1.3.2, FA was applied to question N°18 (external obstacles) 
and N°19 (internal obstacles), respectively. In this section, the objective is to obtain a single 
index for the external obstacles and another for the internal obstacles. 
 

1.5.1 Index of External Obstacles 

The one component extracted accounts for 57% of the total variance (see Appendix N°2 for the 
results). Although “High interest rates” (P18_as) is considered an important obstacle, it was 
eliminated from the index because it suggests statistically the existence of a second component. 
It has therefore been decided to separate it as another explanatory variable, when considering the 
external obstacles. 

 

Following is the index of External Obstacles (EO), with its corresponding weights: 
 
 EO: Index of External Obstacles Weights 

C Price structure does not reflect environmental costs 0.09 

D Governmental bureaucracy 0.11 

E Lack of available information regarding environmental standards  0.12 

F Lack of available information about appropriate technologies  0.12 

G 
Lack of available information about implementation methodologies 
for Clean Production 

0.13 

H Lack of access to environmental consultancy 0.11 

I Lack of governmental resources for training 0.10 

J Lack of “environmental culture” in Chile 0.11 

M 
Inconsistency among the different governmental agencies (central, 
local) 

0.11 

 Total 1.00 

 

 
Even though the weights are very similar, the variables that have the highest influence on “EO” 
are those related to the lack of available environmental information (variables E, F and G), while 
variable C has the lowest weight. The mean of the index is 0.47 while the standard deviation is 

CRRC 2008: Call for Papers open!
         7-9 September 2008
     Queen's University Belfast
  http://www.crrconference.org

http://www.crrconference.org


 

 28

0.29. The latter indicator suggests that it is possible to discriminate between different types of 
plants (indeed, 50% of the plants have an index above 0.50). 
 

1.5.2 Index of Internal Obstacles 

FA is here applied to question N°19 and one component is extracted, accounting for 61% of the 
total variance. 
 
The following is the index of Internal Obstacles (IO), with its corresponding weights: 
 
 IO: Index of Internal Obstacles Weights 

A There are economic needs with higher priority 0.11 

B Lack of internal knowledge about appropriate technologies 0.12 

C Lack of internal information about implementation methodologies for Clean Production 0.12 

D Lack of training at management level 0.12 

E Lack of training of operational employees 0.11 

F Lack of emphasis on the environmental management by the head of the company 0.12 

G Lack of time 0.10 

H 
Perception that clean production solutions have a higher cost than “end of pipe 
technologies” 0.09 

I Lack of economic resources in general 0.10 

 Total 1.00 

 
The variables that have more weight on “IO” are those regarding the lack of internal 
information, training or emphasis on environmental management (B, C, D and F), while H is the 
variable that has the lowest weight. The mean of the “IO” index is 0.46. The standard deviation 
is fairly high, which allows a clear discrimination between plants. Once more, 50% of the plants 
have a mean of at least 0.50. 

 

1.5.3 Interdependency Among the Indices 

Once again, the interdependency of these two new indices with all the previous indices and 
indicators will be analysed. In fact, it is interesting to see whether there is a dependency between 
the level of obstacles for environmental improvements and the level of the indices of 
environmental performance, or the indicators of expenditure in environmental improvements, or 
the level of education of the personnel of the plant. This might guide some policy 
recommendations if, for instance, some of the indices of environmental performance are 
targeted. 
 
As expected, there is a high positive correlation between the two indices of obstacles and the 
indicator of the interest rate (P18_as) [see Table N°23]. In other words, managers that perceive 
internal obstacles also tend to perceive external ones, and to detect a high interest rate when 
trying to invest in improving environmental performance. 
 
It was found that plants that have internal obstacles to investment in environmental 
improvements also tend to have a low index of “EM” (negative correlation). Surprisingly, the 
index of “IO” is not correlated with “ET”. Moreover, “IO” is slightly positively correlated with 
“S2” and negatively correlated with “S1”. There is a negative correlation between “IO” and 
“Inv95_99” and a positive correlation between “IO” and “Pydoper”. The correlation of the 
“IO” index with all the variables related to the level of education of employees and those that 
represents the time dedicated by the environmental manager are statistically negative.  
 
The “EO” index is slightly positively correlated with “TA” and “ET”, and surprisingly it is also 
positively correlated to “S2”. Moreover, it is negatively correlated to “Inv95_99” and to 
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“Inv00_05” and to “Pydinv”, while it is positively correlated to “Pydoper”. The interest rate 
(“P18_as”) is negatively correlated with both indicators of expenditure in environmental 
improvements. Finally, “EO” is not significantly correlated with any of the education variables, 
nor with the variable “P37sns” (time dedicated by the environmental manager). 
 
In conclusion, as perceived obstacles to improving environmental performance increase, plants 
tend to implement fewer elements in order to improve this performance. Even though this 
sounds pretty obvious, it is rather interesting that entrepreneurs’ opinions confirm it. 

 
TABLE N°23 

Correlations

.058** -.086** .022

.000 .000 .144

4222 4222 4222

.115** -.029 .020

.000 .056 .199

4222 4222 4222

.119** -.008 -.014

.000 .594 .369

4222 4222 4222

-.029 -.122** -.055**

.058 .000 .000

4222 4222 4222

.187** .167** .128**

.000 .000 .000

4222 4222 4222

-.078** -.140** -.103**

.000 .000 .000

2086 2086 2086

-.063 -.024 -.104**

.053 .450 .001

954 954 954

-.070** -.023 -.031

.000 .152 .056

3772 3772 3772

.108** .194** .105**

.000 .000 .000

2364 2364 2364

-.034* -.032* .098**

.026 .037 .000

4222 4222 4222

.033* -.085** .056**

.031 .000 .000

4222 4222 4222

-.008 -.178** .004

.617 .000 .790

4222 4222 4222

.086** -.127** .159**

.000 .000 .000

4137 4137 4137

1.000 .628** .457**

. .000 .000

4222 4222 4222

.628** 1.000 .526**

.000 . .000

4222 4222 4222

.457** .526** 1.000

.000 .000 .

4222 4222 4222

Pearson Correlation

Sig. (2-tailed)

N

Pearson Correlation

Sig. (2-tailed)

N

Pearson Correlation

Sig. (2-tailed)

N

Pearson Correlation

Sig. (2-tailed)

N

Pearson Correlation

Sig. (2-tailed)

N

Pearson Correlation

Sig. (2-tailed)

N

Pearson Correlation

Sig. (2-tailed)

N

Pearson Correlation

Sig. (2-tailed)

N

Pearson Correlation

Sig. (2-tailed)

N

Pearson Correlation

Sig. (2-tailed)

N

Pearson Correlation

Sig. (2-tailed)

N

Pearson Correlation

Sig. (2-tailed)

N

Pearson Correlation

Sig. (2-tailed)

N

Pearson Correlation

Sig. (2-tailed)

N

Pearson Correlation

Sig. (2-tailed)

N

Pearson Correlation

Sig. (2-tailed)

N

EM

TA

ET

S1

S2

INV95_99

INV00_05

PYDINV

PYDOPER

P35_A

P35_B

P35_C

P37SNS

EO

IO

P18_AS

EO IO P18_AS

Correlation is significant at the 0.01 level (2-tailed).**. 

Correlation is significant at the 0.05 level (2-tailed).*. 

 
1.5.4 Scale, Sector and Location Heterogeneity among the indices of 

Internal and External Obstacles 

Further, it is interesting to see whether different types of plants (diverse plant size, location and 
industrial sector) perceive different levels of obstacles (different means of the indices). 
Therefore, a heterogeneity analysis is carried out.   
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i) Scale Heterogeneity 

Analysing these indices by plant size, it is possible to note that they vary with plant size in the 
case of “IO” and “P18_as” (high interest rates) [see Table N°24]. However, the differences are 
not in a positive direction. In other words, there is not a consistent relationship between the 
level of obstacles and plant size. Indeed, regarding the “IO” index and the “P18_as” indicator, it 
is apparent that the results are not significantly different for small and large plants, and they both 
indicate greater obstacles than for medium size plants. In the case of the “EO” index, the 
ANOVA test of variance (see Appendix N°2) suggests that there is no difference between the 
means of the different plant sizes. It is therefore not possible to state that small plants perceive 
more obstacles (or obstacles of more importance) than larger plants. 
 

TABLE N°24 
Report

Mean

CIIUREV2: Total

.474 .465 .550

.469 .424 .491

.474 .483 .564

.473 .458 .538

P1_EST
Small

Medium

Large

Total

EO IO P18_AS

 
 

ii) Sector Heterogeneity 

The ANOVA test for sectoral diversity is significant for all three variables (“EO”, “IO”, 
P18_as). Thus, different sectors show significantly different means for these variables, suggesting 
that the levels of internal and external obstacles faced by plants vary with their industrial sectors. 
The industries that report more external barriers to the improvement of environmental 
performance are Wood (33), Basic metal (37) and Metal products (38) (see Table N°25). Those 
finding more internal problems are the Textile (32), Wood (33) and the Basic metal (37) 
industries, while those that consider that high interest rates are an important obstacle are the 
Food (31), Textile (32), Non-metallic mineral products (36) and Metal products (38) industries. It 
can be observed that the most polluting industries [Food (31), Paper (34), Non-metallic mineral 
products (36) and Metal products (38)] face more problems in trying to access the capital market 
(high “P18_as” in Table N°25) than do the others. In fact, the “IO” and “EO” indices seem to 
be higher for industries that are not the most polluting ones. 
 

TABLE N°25 
Report

Mean

P1_EST: Total

.433 .451 .561

.399 .474 .585

.578 .596 .518

.418 .390 .295

.476 .398 .423

.399 .368 .567

.521 .470 .456

.549 .429 .611

.473 .458 .538

CIIUREV2
31

32

33

34

35

36

37

38

Total

EO IO P18_AS

 
 

iii) Location Heterogeneity 

The ANOVA test indicates that only the “EO” and “IO” indices are significantly associated with 
location. It is interesting to note that while “EO” is higher for plants in the Metropolitan area 
(RM), “IO” is higher in the rest of the country (RP). A high interest rate for financing 
environmental equipment (“P28_as”) is considered the same type of obstacle for plants in and 
out the RM. That is as would be expected, since location should not affect the indebtedness of 
plants. 
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TABLE N°26 

Report

Mean

.44 .48 .55

.50 .44 .53

.47 .46 .54

RM_RP
RP

RM

Total

EO IO P18_AS

 
 

1.6   Classifying Groups of Plants Using Cluster Analysis 

Where possible, an environmental policy maker should seek to identify different groups of firms 
with similar characteristics, in order to develop different strategies for promoting environmental 
policies to them. Focalisation of government resources is expensive, and it usually involves some 
bureaucracy. Therefore, indicators that allow us to identify groups of firms are required. 
 
From the previous analysis, it is apparent that there are different groups of plants. Indeed, plants 
of dissimilar size, from diverse industrial sectors and from different locations, have different 
levels of the indices. However, in the preceding analysis, only one variable at a time has been 
considered. In what follows, we intend to see if different types of plants cluster in a particular 
way when considering more than one variable. In particular, two different cluster analyses are 
performed; one uses the indices of Environmental Management (“EM”) and Environmental 
Training (“ET”) as determinant variables and the second uses the “EM” and Technical 
Assistance (“TA”) indices (see Groenewegen et al. 1991, Henriques et al. 1996 and Porter et al. 
1995, among others). Indeed, it is expected that plants with high levels of environmental training 
will be in a better position to implement elements of environmental management. If Table N°19 
is recalled, we can see that the correlation between these variables is in fact highly positive. The 
same applies to plants that invest in technical assistance. Besides, the selected variables are also 
easily identifiable by the regulator, which is useful when designing policy recommendations. 
 
Different methodologies can be used to classify firms into groups. One could consider the mean 
of a single variable, or one of several variables, and then distinguish those firms that are above 
the mean from those that are below it. However, such a methodology would involve a certain 
degree of arbitrariness in the construction of the groups according to their means. A more 
robust method consists of grouping the firms according to their medians. However, it is 
appropriate to use a more flexible and general measure of the differences between firms. Cluster 
analysis is a methodology that allows us to incorporate the previous considerations. It is a 
multivariate method that groups the observations according to some predetermined criterion, in 
order that the members of each cluster have high internal homogeneity (within-cluster) and that 
they have high external heterogeneity (between-clusters). Different algorithms may then be 
applied, but they always start with some measure of similarity between the observations.  
 
The objectives of any cluster analysis are the following: 
 

1. To classify all observations into a limited number of groups. 
2. To generate an endogenous classification in order to maximise internal homogeneity 

(within-cluster) and external heterogeneity (between-cluster). 
3. To identify which are the most relevant variables to classify the data. 

 
There are hierarchical and non-hierarchical methods of cluster analysis. Hierarchical methods 
involve the construction of a hierarchy with a treelike structure. Non-hierarchical methods do 
not involve the treelike construction process. Instead they assign objects into clusters once the 
number of clusters to be formed is specified. Thus, the analysis requires that the number of 
clusters be defined exogenously. These procedures are generally referred to as K-means 
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clustering. In this method the groups are formed according to the proximity of each of the 
observations to a vector of multidimensional means termed centroid or cluster centre.  
 
The algorithm used in the non-hierarchical cluster analysis contains five steps: 

1. The observations are randomly placed in k-groups with a probability 1/k. 
2. The mean is computed in each cluster for each observation. 
3. The distance between the observation and the centroid is calculated. 
4. The observations are re-classified in the cluster in which the distance between the 

observation and the centroid is minimised. 
5. Further iterations are run until there is no more re-classification of observations from 

one iteration to the next. 
 
Following any of the cluster procedures, an ANOVA test should be carried out in order to check 
the degree of division of the observations. 
 
Pros and Cons of the Cluster methods: Hierarchical methods are influenced by the existence of 
outliers. Moreover, they are less amenable for analysing very large samples (time and computer 
consuming). Instead, non-hierarchical methods are less susceptible to the outliers in the data, the 
distance measure used, or the inclusion of irrelevant or inappropriate variables. Moreover, given 
that the number of clusters is defined exogenously, the method has lower time and computer 
requirements.  
 
Given that the sample of the survey is very large and considering that a small number of clusters 
is recommended in order to differentiate plants, and thus be able to suggest some policies by 
cluster, a non-hierarchical method is selected and applied to the data of the survey; the K-means 
clustering. To be able to manage the clusters a maximum of 4 clusters will be exogenously 
defined in each of the analyses. 
 

1.6.1 Cluster Analysis Using EM and ET Indices 

Four clusters were specified exogenously and indeed the results show that they represent 
distinctive groups (see Table N°27). 

 
TABLE N°1.27 

Final Cluster Centers

.07 .18 .57 .80

.02 .50 .24 .73

Index of Environmental Management

Index of Environmental Training

1 2 3 4

Cluster

 

 
Four Clusters:                      Centroids or Centres  
                                                                              (from Table N°1.27) 

1. Plants with low “EM” and low “ET”26      (0.07, 0.02) 
2. Plants with low “EM” and high “ET”     (0.18, 0.50) 
3. Plants with high “EM” and low “ET”      (0.57, 0.24) 
4. Plants with high “EM” and high “ET”     (0.80, 0.73) 

 
Firms from cluster 1 are the less environmentally committed,27 while those from cluster 4 are the 
more committed. The ANOVA test suggests the existence of significant differences between 
clusters (see Table N°28); indeed, the dispersion of the “EM” and “ET” indices goes from 
cluster centres of 0.07 and 0.02 to 0.80 and 0.73, respectively, from cluster N°1 to cluster N°4 

                                                 
26 “EM”, “ET” and “TA” variables are indices that vary between “0” and “1”, so their scales are the same. 
27 Environmentally committed plants are those that implement environmental management elements, tend to sign 
agreements with the regulator and/or neighbours and communities, etc. 
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(see Table N°27). It is worth mentioning that while Cluster N°1 represents 77% of the total 
number of plants, Cluster N°4 represents only 4.1% (from column 3 in Table N°29 and a 
graphic representation in Figure N°1). 
 
                                       TABLE N°28                                            TABLE N°29 

ANOVA

56.318 3 1.573E-02 4217 3579.807 .000

52.156 3 8.880E-03 4217 5873.623 .000

Index of Environmental Management

Index of Environmental Training

Mean Square df

Cluster

Mean Square df

Error

F Sig.

The F tests should be used only for descriptive purposes because the clusters have been chosen to maximize the
differences among cases in different clusters. The observed significance levels are not corrected for this and thus cannot be
interpreted as tests of the hypothesis that the cluster means are equal.

Number of Cases in each Cluster

340 3,249

135 367

118 436

107 171

700 4,222

0 0

1

2

3

4

Cluster

Valid

Missing

Unweighted Weighted

 
Figure N°1 

Cluster Analysis using ET and ET indices
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Moreover, it is also interesting to determine to which categories of plant size, industrial sector 
and location in the country these clusters correspond. 
 

a) By Plant Size 

In this cluster analysis, it is apparent that there is an association between plant size and cluster 
(Pearson chi-square, tests are in Appendix N°3). Small plants tend to belong to Cluster N°1 
(84%), while large plants are relatively more prevalent in Cluster N°4 (43% is in Cluster N°1, but 
21% is in Cluster N°4). Plant size heterogeneity is also supported by the Cramer’s V statistic.28 

 
TABLE N°30 

Cluster Analysis, using EM and ET * Plant Size Cros stabulation

2383 675 191 3249

73.3% 20.8% 5.9% 100.0%

84.1% 71.4% 43.1% 77.0%

178 97 91 366

48.6% 26.5% 24.9% 100.0%

6.3% 10.3% 20.5% 8.7%

250 116 70 436

57.3% 26.6% 16.1% 100.0%

8.8% 12.3% 15.8% 10.3%

22 58 91 171

12.9% 33.9% 53.2% 100.0%

.8% 6.1% 20.5% 4.1%

2833 946 443 4222

67.1% 22.4% 10.5% 100.0%

100.0% 100.0% 100.0% 100.0%

Count

% within Cluster

% within Plant Size

Count

% within Cluster

% within Plant Size

Count

% within Cluster

% within Plant Size

Count

% within Cluster

% within Plant Size

Count

% within Cluster

% within Plant Size

1

2

3

4

Cluster
Number

Total

Small Medium Large

Plant Size

Total

 
As a general classification it can be said that plants of all sizes are essentially concentrated in 
Cluster N°1 (77%, see Table N°30), reflecting a low environmental commitment; this being 
particularly the case with small plants (73%). However, large plants are more divided between 
clusters, which suggests that the level of plants’ environmental commitment increases with plant 
size (more heterogeneity among larger plants). 

                                                 
28  A measure of association based on chi-square. 
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b) By Industrial Sector 

The Pearson chi-square and the Cramer’s V statistics support the hypothesis that there is a 
relationship between cluster and industrial sector. Nonetheless, the Cramer’s V statistic is higher 
when analysing plant size, indicating that it is easier to discriminate by plant size than by 
industrial sector. Textile (32) and Wood (33) industries, as well as Non-metallic mineral products 
(36) and Metal products (38) industries tend to have a lower environmental commitment and 
hence concentrate in Cluster N°1 (more than 80% of each sector). Instead, Paper (34), 
Chemicals (35) and Basic metals (37) industries tend to split more towards Cluster N°4 (very 
high environmental commitment). Indeed, 7% of Paper (34) plants, 10% of Chemical (35) plants 
and 64% of Basic metal (37) plants belong to Cluster N°4. 
 
It is also notable that not all the most polluting firms are the most environmentally committed. 
Nonetheless, the Food (31) industry presents a higher proportion of plants in Cluster N°2 (low 
“EM” and high “ET”) than the average of all the other sectors, which is quite positive given its 
pollution level. Non-metallic and mineral products (36) industry is more concentrated than the 
average in Cluster N°1 (low “EM” and low “ET”) and in Cluster N°4 (high “EM” and high 
“ET”), suggesting 2 types of firm, those that are highly environmentally committed and those 
that are less committed. Metal products (38) plants are more concentrated than the average in 
Cluster N°1 (low “EM” and low “ET”) and N°3 (high “EM” and low “ET”). Despite the above, 
it should be recognised that the general level of environmental commitment appears to be 
relatively low, with the exception of the Basic metals (37) industry, which is clearly concentrated 
in Cluster N°4 (see Table N°31). 

TABLE N°31 
Cluster Analysis, using EM and ET * CIIUREV2 Crosst abulation

1048 522 463 168 266 132 649 3248

32.3% 16.1% 14.3% 5.2% 8.2% 4.1% 20.0% 100.0%

75.1% 88.9% 80.9% 71.2% 61.0% 80.5% 80.6% 76.9%

205 13 56 17 23 14 1 38 367

55.9% 3.5% 15.3% 4.6% 6.3% 3.8% .3% 10.4% 100.0%

14.7% 2.2% 9.8% 7.2% 5.3% 8.5% 4.0% 4.7% 8.7%

98 48 45 35 102 9 8 90 435

22.5% 11.0% 10.3% 8.0% 23.4% 2.1% 1.8% 20.7% 100.0%

7.0% 8.2% 7.9% 14.8% 23.4% 5.5% 32.0% 11.2% 10.3%

45 4 8 16 45 9 16 28 171

26.3% 2.3% 4.7% 9.4% 26.3% 5.3% 9.4% 16.4% 100.0%

3.2% .7% 1.4% 6.8% 10.3% 5.5% 64.0% 3.5% 4.1%

1396 587 572 236 436 164 25 805 4221

33.1% 13.9% 13.6% 5.6% 10.3% 3.9% .6% 19.1% 100.0%

100.0% 100.0% 100.0% 100.0% 100.0% 100.0% 100.0% 100.0% 100.0%

Count

% within Cluster

% within CIIUREV2

Count

% within Cluster

% within CIIUREV2

Count

% within Cluster

% within CIIUREV2

Count

% within Cluster

% within CIIUREV2

Count

% within Cluster

% within CIIUREV2

1

2

3

4

Cluster
Number

Total

31 32 33 34 35 36 37 38

CIIUREV2

Total

 
 

c) By Plant Location 
 
The Pearson chi-square suggests that there is an association between the cluster and the location 
of plants. The Cramer’s V also supports heterogeneity. However, it is more difficult to 
differentiate between plants using location than using size or industrial sector. Plants in the RM 
are more common in Clusters N°1 and N°3, while Cluster N°2 and N°4 are predominantly 
composed of plants from the RP. 

TABLE N°32 
Cluster Analysis, using EM and ET * Location  Cross tabulation

1536 1712 3248

47.3% 52.7% 100.0%

78.3% 75.8% 77.0%

197 170 367

53.7% 46.3% 100.0%

10.0% 7.5% 8.7%

133 302 435

30.6% 69.4% 100.0%

6.8% 13.4% 10.3%

95 75 170

55.9% 44.1% 100.0%

4.8% 3.3% 4.0%

1961 2259 4220

46.5% 53.5% 100.0%

100.0% 100.0% 100.0%

Count

% within Cluster

% within
Location

Count

% within Cluster

% within
Location

Count

% within Cluster

% within
Location

Count

% within Cluster

% within
Location

Count

% within Cluster

% within
Location

1

2

3

4

Cluster
Number

Total

RP RM

Location

Total
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1.6.2 Cluster Analysis using EM and TA indices 

Four groups were specified exogenously. The results show that there are in fact four rather 
different groups of plants. 
 

TABLE N°33 

Final Cluster Centers

.06 .14 .54 .72

.04 .43 .26 .77

Index of Environmental Management

Index of Technical Assistance

1 2 3 4

Cluster

 
 
Groups:       Centroids or Centres  
                                                                           (See Table N°33) 

1. Plants with low “EM” and low “TA”         (0.06, 0.04) 
2. Plants with low “EM” and high “TA”        (0.14, 0.43) 
3. Plants with high “EM” and low “TA”        (0.54, 0.26) 
4. Plants with high “EM” and high “TA”       (0.72, 0.77) 

 
Thus, plants from Cluster N°1 correspond to those with a lower level of environmental 
commitment, while those from Cluster N°4 are those which are more committed to the 
environment. The results also suggest that it is equally possible to discriminate by using the 
“EM” index as by using the “TA” one, since their dispersion goes from centres of 0.06 to 0.72 
and from 0.04 to 0.77, respectively (see Table N°33). The ANOVA test supports the existence 
of four different clusters (see Appendix N°3). 
 
In this exercise, Cluster N°1 represents 65% of all plants (from column 3, Table N°34), while 
Cluster N°4 represents only 6%. This shows a slightly more even distribution of plants between 
clusters than the previous exercise. Likewise, it is also interesting to determine to which 
categories of plant size, industrial sector and location each of these clusters belongs. 

 
TABLE N°34 

Number of Cases in each Cluster

270 2,742

189 807

100 420

141 253

700 4,222

0 0

1

2

3

4

Cluster

Valid

Missing

Unweighted Weighted

 
            FIGURE N°2 

Cluster Analysis using ET and ET indices
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a) By Plant Size 

There is some dependency between plant sizes and the clusters (Pearson chi-square in Appendix 
N°3). The differences between plant sizes are also supported by the Cramer’s V statistic. Indeed, 
it is better supported than when using the previous cluster analysis (“EM” and “ET”). 
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As a general classification, it can be said that small and medium size plants tend to be 
concentrated in Cluster N°1 (76% and 55%, respectively), which suggests a low level of 
environmental commitment. Medium size plants are also concentrated in Cluster N°2 (24%), 
while large plants are concentrated in Clusters N°2 and N°4 (44% and 27%, respectively), which 
suggests that the level of environmental commitment increases with plant size. 
 

TABLE N°35 
Cluster Analysis, using EM and TA * Plant Size Cros stabulation

2146 522 74 2742

78.3% 19.0% 2.7% 100.0%

75.8% 55.2% 16.7% 65.0%

384 228 194 806

47.6% 28.3% 24.1% 100.0%

13.6% 24.1% 43.9% 19.1%

257 107 56 420

61.2% 25.5% 13.3% 100.0%

9.1% 11.3% 12.7% 10.0%

46 88 118 252

18.3% 34.9% 46.8% 100.0%

1.6% 9.3% 26.7% 6.0%

2833 945 442 4220

67.1% 22.4% 10.5% 100.0%

100.0% 100.0% 100.0% 100.0%

Count

% within Cluster

% within Plant Size

Count

% within Cluster

% within Plant Size

Count

% within Cluster

% within Plant Size

Count

% within Cluster

% within Plant Size

Count

% within Cluster

% within Plant Size

1

2

3

4

Cluster
Number

Total

Small Medium Large

Plant size

Total

 
 

b) By Industrial Sector 

The Pearson chi-square statistic supports the hypothesis that there is a relationship between 
cluster and industrial sector. The Cramer’s V statistic also supports industrial sector 
heterogeneity. Once more, this statistic indicates that it is easier to discriminate by plant size than 
by industrial sector (it is higher when analysing plant size, see Appendix N°3). 
 
Generally all industrial sectors, other than the Basic metal (37) industry, tend to be concentrated 
in Cluster N°1. Sectors with lower environmental commitment correspond, principally, to the 
Food (31), Textile (32) and Wood (33) industries (67%, 85% and 77% of plants in Cluster N°1, 
respectively). Instead, industries with very high environmental commitment (more than the 
average) are clearly Basic metals (37), Chemical (35), Paper (34) and also Non-metallic mineral 
products (36) [68%, 15%, 7% and 6%, respectively]. Again, not all the most pollutant industries 
[Food (31), Paper (34), Non-metallic minerals (36) and Metal products (38)] are the more 
environmentally committed. Nevertheless, plants from the Food (31) industry tend to be more 
prevalent in Cluster N°2 (high “TA” and low “EM”) than the average of all other sectors. The 
Non-metallic mineral products (36) industry is more concentrated than the average in Cluster 
N°2 (low “EM” and high “TA”) and slightly concentrated in Cluster N°4, which means that this 
sector has 2 types of firms, those that are highly environmentally committed and those that are 
receiving more “TA” than the average. Finally, the Metal products (38) industry is more 
concentrated than the average in Clusters N°2 and N°3 (high “EM” and low “TA”). 
 

TABLE N°36 
Cluster Analysis, using EM and TA * CIIU Rev. 2 Cro sstabulation

956 499 441 122 250 85 389 2742

34.9% 18.2% 16.1% 4.4% 9.1% 3.1% 14.2% 100.0%

68.5% 85.0% 77.0% 51.5% 57.5% 51.8% 48.4% 65.0%

275 34 75 37 61 61 264 807

34.1% 4.2% 9.3% 4.6% 7.6% 7.6% 32.7% 100.0%

19.7% 5.8% 13.1% 15.6% 14.0% 37.2% 32.9% 19.1%

106 43 26 61 59 8 8 108 419

25.3% 10.3% 6.2% 14.6% 14.1% 1.9% 1.9% 25.8% 100.0%

7.6% 7.3% 4.5% 25.7% 13.6% 4.9% 32.0% 13.4% 9.9%

58 11 31 17 65 10 17 42 251

23.1% 4.4% 12.4% 6.8% 25.9% 4.0% 6.8% 16.7% 100.0%

4.2% 1.9% 5.4% 7.2% 14.9% 6.1% 68.0% 5.2% 5.9%

1395 587 573 237 435 164 25 803 4219

33.1% 13.9% 13.6% 5.6% 10.3% 3.9% .6% 19.0% 100.0%

100.0% 100.0% 100.0% 100.0% 100.0% 100.0% 100.0% 100.0% 100.0%

Count

% within Cluster

% within CIIU Rev. 2

Count

% within Cluster

% within CIIU Rev. 2

Count

% within Cluster

% within CIIU Rev. 2

Count

% within Cluster

% within CIIU Rev. 2

Count

% within Cluster

% within CIIU Rev. 2

1

2

3

4

Cluster
Number

Total

31 32 33 34 35 36 37 38

CIIU Rev. 2

Total
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c) By Plant Location 

The Pearson chi-square and the Cramer’s V statistics support the hypothesis that there is a 
relationship between cluster and plant location. However, the latter statistic indicates that it is 
easier to discriminate by plant size and by industrial sector, than by plant location. 
 
Most plants belong to Cluster N°1, which suggests a low level of environmental commitment 
(62% of plants in the RM and 69% in the RP). However, plants in the RM are more divided 
between clusters. In Table N°37 you can observe that the plants with high environmental 
management and low environmental training, Cluster N°3, are essentially the plants of the RM. 
However, the plants from the RP tend to be located in the other 3 clusters. 
 

TABLE N°37 
Cluster Analysis, using EM and TA * Plant Location Crosstabulation

1345 1398 2743

49.0% 51.0% 100.0%

68.6% 61.9% 65.0%

389 418 807

48.2% 51.8% 100.0%

19.8% 18.5% 19.1%

104 316 420

24.8% 75.2% 100.0%

5.3% 14.0% 9.9%

124 128 252

49.2% 50.8% 100.0%

6.3% 5.7% 6.0%

1962 2260 4222

46.5% 53.5% 100.0%

100.0% 100.0% 100.0%

Count

% within Cluster

% within Location

Count

% within Cluster

% within Location

Count

% within Cluster

% within Location

Count

% within Cluster

% within Location

Count

% within Cluster

% within Location

1

2

3

4

Cluster
Number

Total

RP RM

Location

Total

 
 

1.7 Conclusions 

Policy makers need to know about the types of obstacles and influences faced by diverse 
manufacturing plants when trying to improve their environmental performance. Besides, they 
also need to know about the actions that are implemented by plants to cope with more difficult 
environmental regulations. All this is necessary for the regulator to be in a better position to 
design strategies to foster environmental improvements, to implement more specialised policies, 
and to concentrate on groups of plants that are more affected by obstacles that prevent them 
from improving their environmental performance, or on groups of plants that particularly call 
the attention of the regulator. 
 

The environmental survey carried out in Chile asks about a series of areas that are extremely 
relevant for the design of environmental recommendations. However, there are several questions 
involved in these areas, with each of them considering a series of variables. Therefore, a 
procedure that allows us to reduce the information in order to make it more manageable is still 
required. In this paper FA methodology was used as a tool to reduce information and to extract 
the latent structure of the data. 
 
After applying FA, an underlying structure of internal and external obstacles to the improvement 
of environmental performance was obtained from the data. The factors associated with the 
incentives that drive plants to improve their environmental performance, as well as the 
dimensions that inhibit environmental training, were identified. The different elements that 
plants implement in order to comply with their own environmental management requirements, 
or with compulsory requirements, were also recognised. The results of the FA give the regulator 
a smaller set of concepts to consider in any strategy, while still providing insight into what 
constitutes each general area. Additionally, as this information has also been analysed by plant 
size, industrial sector and location, and in all cases it has shown heterogeneity among plants, it 
allows environmental policy to be directed fairly precisely. 
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In particular, regarding the presence of “external obstacles” when plants try to improve their 
environmental performance, FA suggests that manufacturing plants located in the Metropolitan 
area (RM) tend to have information problems, as well as regulatory ones. However, plants 
located in the rest of the country (RP) essentially have problems with the cost of financing 
improvements. Large plants tend to declare problems with costs and concerns regarding the 
existing regulatory framework, while small plants report information and cost constraints. 
Considering the “internal obstacles”, large plants report a lack of internal information and 
environmental concern. Small plants also report this but they consider that economic factors 
constitute another obstacle. Plants located outside the RM mostly considered that economic 
factors represent an obstacle to investments in environmental improvements. 
 
The above considerations allow the regulator to promote specific policies to solve or reduce the 
obstacles faced by different types of firms. For instance, if the regulator is particularly concerned 
about the environmental performance of small plants, because they might constitute the group 
that complies least with environmental regulation, it can design a strategy that particularly targets 
the obstacles faced by this group of plants; in this case, it might promote methods of financing 
environmentally friendly technologies and/or strategies to disseminate environmental 
information. 
 
Considering the factors that positively influence the decision of plants to invest in environmental 
improvements, the results show that all the industries are affected by the presence of formal and 
informal regulation. Small plants tend to be more affected by the actions or decisions coming 
from the productive chain, while medium and large plants add that they are also affected by the 
presence of international markets. This last source of influence principally affects plants located 
outside the RM. Plants situated in the RM tend to be more affected by the productive chain, 
external institutions and formal and informal regulation. It follows that the regulator has to 
consider different elements in connection with diverse groups of plants if it wants to foster 
actions which invest in environmental improvements. 
 
Considering now the obstacles faced by plants to investments in environmental training and in 
environmental management procedures, the data suggest that there are clear scale, sector and 
location heterogeneities. However, in the latter case, it is possible to recognise a positive and 
consistent relationship when considering plant size (larger plants tend to implement more 
elements than small ones). 
 
It is clear that the use of FA collaborates in the design of policy recommendations, as it allows 
the identification of the different areas of relevance for diverse groups of firms. However, even 
fewer indicators are required in order to be able to compare different plants. Thus, some indices 
of environmental performance were developed. They include: indices of Environmental 
Management (“EM”), Environmental Training (“ET”), Technical Assistance (“TA”), Internal 
Obstacles (“IO”), External Obstacles (“EO”), and adoption of standards (“S1” and “S2”). 
Besides, some additional indicators that represent the plants’ level of expenditure on 
environmental improvements or permits were also included, as well as the level of education of 
the personnel. The latter are included for the purpose of checking for certain patterns of 
performance among firms; for instance, to see if plants that invest more in environmental 
improvements finally implement more elements of environmental management. The indices 
were built to have some one-dimension indicators to be able to compare levels of environmental 
commitment in different areas among manufacturing plants. The results show that there is not 
only scale heterogeneity, but usually also a positive relationship among the indices. Regarding the 
different industrial sectors, the indices suggest that plants commit themselves environmentally or 
perform differently across sectors, but there are no clear differences between more or less 
polluting plants. There is not always a difference between locations, which would suggest that 
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plants’ environmental performance do not differ systematically according to region, even though 
environmental restrictions do vary. 
 
The construction of these indices evidently contributes to the targeting of policy 
recommendations, as they easily permit comparisons of the levels of environmental performance 
between different sorts of plants. Moreover, they allow checking for the level of interdependency 
between them and to then determine certain patterns of environmental performance. 
 
Finally, cluster analysis is used in order to distinguish between different groups of plants with 
similar characteristics. In particular it is applied to 2 sets of indices; Environmental Management 
(“EM”) and Environmental Training (“ET”) and then to “EM” and Technical Assistance 
(“TA”). The results suggest that larger plants tend to invest more in environmental management, 
training and technical assistance. Diverse industrial sectors cluster into different groups, not 
according to a unique pattern of environmental performance. Plants in the RM tend to show 
relatively more implementation of “EM” than those outside that region; but those outside the 
RM (RP) are likely to have a relatively higher level of “TA”. However, there is a group of plants 
from the RP that presents high “EM” and high “TA”. This analysis clearly collaborates in the 
focalisation of policy recommendations, as it suggests which types of plants have consistently 
reported lower or higher levels of environmental performance, according to the previous 
environmental considerations. In particular, it could be suggested that the regulator needs to 
create incentives for environmental training in plants situated in the RM, while fostering the 
implementation of environmental management elements in plants located outside the RM. 
However, it should be considered that environmental requirements vary across the country, as 
does the level of pollution also. 
 
Nevertheless, while the previous analysis supplies several antecedents regarding different 
patterns of environmental performance of manufacturing plants, and recommendations of areas 
in which the regulator should target its policy in order to promote environmental improvements, 
it does not give information regarding the determinants of environmental compliance by firms, 
or those elements that determine whether a plant has a high or low level of environmental 
management. Therefore, a multivariate analysis is also required in order to establish those 
determinants and complement this analysis. For instance, it would be necessary to know which 
sort of plants are the ones that have the lowest expected level of environmental compliance or 
have implemented the fewest elements of environmental management.29 

                                                 
29 For a multivariate analysis of the determinant of Environmental Management and Environmental Compliance 
considering the same survey see the papers: “Why do Manufacturing Plants Invest in Environmental 
Management?” and “Which are the Determinant of Environmental Compliance in the Chilean Manufacturing 
Industry?: A Case Study”, by the author. For more information contact the author directly (email: 
mtr21@cam.ac.uk). 
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APPENDIX N°1 – RESULTS OF FACTOR ANALYSIS 

1. Internal Obstacles to Environmental Performance: 
 

TABLE N°1 TABLE N°2

KMO and Bartlett's Test

.907

24145.603

36

.000

Kaiser-Meyer-Olkin Measure of Sampling
Adequacy.

Approx. Chi-Square

df

Sig.

Bartlett's Test of
Sphericity

Communalities

1.000 .671

1.000 .678

1.000 .753

1.000 .810

1.000 .691

1.000 .731

1.000 .565

1.000 .685

1.000 .778

P19_A

P19_B

P19_C

P19_D

P19_E

P19_F

P19_G

P19_H

P19_I

Initial Extraction

Extraction Method: Principal Component Analysis.

 
TABLE N°4TABLE N°3

Total Variance Explained

5.445 60.503 60.503 5.445 60.503 60.503 5.151

.916 10.183 70.686 .916 10.183 70.686 3.745

.636 7.062 77.749

.488 5.427 83.176

.443 4.921 88.097

.351 3.896 91.994

.273 3.029 95.023

.246 2.731 97.754

.202 2.246 100.000

Component
1

2

3

4

5

6

7

8

9

Total % of Variance Cumulative % Total % of Variance Cumulative % Total

Initial Eigenvalues Extraction Sums of Squared Loadings Rotation
Sums of

Extraction Method: Principal Component Analysis.

When components are correlated, sums of squared loadings cannot be added to obtain a total variance.a. 

Rotated Component Matrix a

.49 .66

.68 .46

.82 .29

.86 .26

.79 .27

.81 .28

.71 .26

.21 .80

.27 .84

P19_A

P19_B

P19_C

P19_D

P19_E

P19_F

P19_G

P19_H

P19_I

1 2

Component

Extraction Method: Principal Component Analysis.  
Rotation Method: Varimax with Kaiser Normalization.

Rotation converged in 3 iterations.a. 

 

Between Groups

Sum of 

Squares
df

Mean 

Square
F Sig.

Sum of 

Squares
df

Mean 

Square
F Sig.

Sum of 

Squares
df

Mean 

Square
F Sig.

32,665 2 16,332 16,449 0.000 258,079 7 36,868 39,199 0.000 .144 1  .144 .144 0.705

6,752 2 3,376 3,379 0.034 158,156 7 22,594 23,431 0.000 41,962 1 41,962 42,367 0.000

Anova Test By Plant Location

TABLE N°5

Lack of internal information and concern

Economic factors (costs and resources

Anova Test By Plant Size Anova Test By Industrial Sector

 
 

2. Internal and External Obstacles to Environmental Performance: 
 

TABLE N°6 
 

Between Groups

Sum of 

Squares
df

Mean 

Square
F Sig.

Sum of 

Squares
df

Mean 

Square
F Sig.

Sum of 

Squares
df

Mean 

Square
F Sig.

17,166 2 8,583 8,613 0.000 253,076 7 36,154 38,390 0.000 8701 1 8701 8715 0.003

80,640 2 40,320 40,320 0.000 182,826 7 26,118 27,251 0.000 41228 1 41228 41618 0.000

172,447 2 86,224 86,224 0.000 131,797 7 18,828 19,400 0.000 51430 1 51430 52044 0.000

15,703 2 7,852 7,852 0.000 140,383 7 20,055 20,707 0.000 67,613 1 67,613 68,613 0.000

Lack of internal information and concern

Costs of financing environmental 

improvements (economic factors

Lack of information about environmental issues

Regulation problems

Anova Test By Plant Size Anova Test By Industrial Sector Anova Test By Plant Location

  
3. Influence of Factors on Environmental Improvements: 

 
TABLE N°7 TABLE N°8
KMO and Bartlett's Test

.804

16539.344

66

.000

Kaiser-Meyer-Olkin Measure of Sampling
Adequacy.

Approx. Chi-Square

df

Sig.

Bartlett's Test of
Sphericity

Communalities

1.000 .493

1.000 .724

1.000 .624

1.000 .736

1.000 .793

1.000 .579

1.000 .675

1.000 .809

1.000 .600

1.000 .613

1.000 .689

1.000 .565

P25_A

P25_B

P25_C

P25_D

P25_E

P25_F

P25_G

P25_H

P25_I

P25_J

P25_K

P25_L

Initial Extraction

Extraction Method: Principal Component Analysis.
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TABLE N°10TABLE N°9

Total Variance Explained

4.363 36.360 36.360 4.363 36.360 36.360 2.114 17.614 17.614

1.344 11.197 47.556 1.344 11.197 47.556 2.091 17.425 35.039

1.163 9.689 57.245 1.163 9.689 57.245 2.000 16.663 51.702

1.031 8.592 65.837 1.031 8.592 65.837 1.696 14.135 65.837

.821 6.843 72.680

.717 5.976 78.656

.650 5.418 84.074

.502 4.182 88.257

.429 3.578 91.835

.380 3.169 95.004

.313 2.604 97.608

.287 2.392 100.000

Component
1

2

3

4

5

6

7

8

9

10

11

12

Total % of Variance Cumulative % Total % of Variance Cumulative % Total % of Variance Cumulative %

Initial Eigenvalues Extraction Sums of Squared Loadings Rotation Sums of Squared Loadings

Extraction Method: Principal Component Analysis.

Rotated Component Matrix a

.20 -.02 .13 .66
-.03 .17 .30 .78
.08 .25 .74 .11

.02 .82 .17 .17

.07 -.06 .87 .15

.30 .35 .59 .15

.69 .28 .34 .05

.22 .86 .15 .06

.27 .44 -.10 .57

.60 .18 .08 .46

.82 -.07 -.03 .12

.58 .40 .25 .12

P25_A

P25_B

P25_C

P25_D

P25_E

P25_F

P25_G

P25_H

P25_I

P25_J

P25_K

P25_L

1 2 3 4

Component

Extraction Method: Principal Component Analysis.  
Rotation Method: Varimax with Kaiser Normalization.

Rotation converged in 6 iterations.a. 

 

Between Groups

Sum of 

Squares
df

Mean 

Square
F Sig.

Sum of 

Squares
df

Mean 

Square
F Sig.

Sum of 

Squares
df

Mean 

Square
F Sig.

37,063 2 18,532 18,684 0.000 218,660 7 31,237 32,884 0.000 63197 1 63617 64133 0.000

978,749 2 489,375 636,724 0.000 155,400 7 22,200 23,007 0.000 24987 1 24987 25126 0.000

16,117 2 8,058 8,084 0.000 203,092 7 29,013 30,425 0.000 29483 1 29483 29679 0.000

116,081 2 58,040 59,644 0.000 351,688 7 50,241 54,709 0.000 5,070 1 5,070 5,074 0.024

Responding to external institutions

International markets

Production chain

Formal and informal regulation

TABLE N°11

Anova Test By Plant Size Anova Test By Industrial Sector Anova Test By Plant Location

  
 

4. Obstacles to Environmental Training: 
 

TABLE N°12 TABLE N°13

KMO and Bartlett's Test

.901

25916.919

36

.000

Kaiser-Meyer-Olkin Measure of Sampling
Adequacy.

Approx. Chi-Square

df

Sig.

Bartlett's Test of
Sphericity

Communalities

1.000 .653

1.000 .676

1.000 .627

1.000 .759

1.000 .747

1.000 .464

1.000 .646

1.000 .503

1.000 .403

P43_A

P43_B

P43_C

P43_D

P43_E

P43_F

P43_G

P43_I

P43_J

Initial Extraction

Extraction Method: Principal Component Analysis.

 
                  TABLE N°14                                                 TABLE N°15 

Total Variance Explained

5.478 60.864 60.864 5.478 60.864 60.864

.840 9.329 70.193

.695 7.720 77.913

.557 6.192 84.105

.443 4.921 89.026

.345 3.831 92.858

.327 3.637 96.494

.187 2.072 98.567

.129 1.433 100.000

Component
1

2

3

4

5

6

7

8

9

Total % of Variance Cumulative % Total % of Variance Cumulative %

Initial Eigenvalues Extraction Sums of Squared Loadings

Extraction Method: Principal Component Analysis.

Component Matrix a

.808

.822

.792

.871

.864

.681

.804

.709

.635

P43_A

P43_B

P43_C

P43_D

P43_E

P43_F

P43_G

P43_I

P43_J

1

Component

Extraction Method: Principal Component Analysis.

1 component extracted.a. 

 
TABLE N°16 

Between Groups

Sum of 

Squares
df

Mean 

Square
F Sig.

Sum of 

Squares
df

Mean 

Square
F Sig.

Sum of 

Squares
df

Mean 

Square
F Sig.

13,356 2 6,678 6,695 0.001 225,076 7 32,154 33,904 0.000 68730 1 68730 69841 0.000

Anova Test By Industrial Sector Anova Test By Plant Location

Lack of environmental training supply as well as lack of interest from workers

Anova Test By Plant Size

 
 
 

5. Environmental Management by Firms: 
 

     TABLE N°17                                      TABLE N°18 
KMO and Bartlett's Test

.814

9637.532

45

.000

Kaiser-Meyer-Olkin Measure of Sampling
Adequacy.

Approx. Chi-Square

df

Sig.

Bartlett's Test of
Sphericity

Communalities

1.000 .458

1.000 .578

1.000 .598

1.000 .761

1.000 .506

1.000 .422

1.000 .626

1.000 .603

1.000 .591

1.000 .545

P14_A

P14_B

P14_C

P14_E

P14_F

P14_G

P14_H

P14_I

P14_J

P14_K

Initial Extraction

Extraction Method: Principal Component Analysis.
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                               TABLE N°19                                                      TABLE N°20 
Total Variance Explained

3.504 35.044 35.044 3.504 35.044 35.044 2.679 26.794 26.794

1.186 11.865 46.909 1.186 11.865 46.909 1.580 15.805 42.599

.997 9.971 56.880 .997 9.971 56.880 1.428 14.281 56.880

.935 9.350 66.230

.757 7.568 73.798

.682 6.818 80.615

.643 6.427 87.043

.496 4.963 92.005

.419 4.188 96.193

.381 3.807 100.000

Component
1

2

3

4

5

6

7

8

9

10

Total % of Variance Cumulative % Total % of Variance Cumulative % Total % of Variance Cumulative %

Initial Eigenvalues Extraction Sums of Squared Loadings Rotation Sums of Squared Loadings

Extraction Method: Principal Component Analysis.

Rotated Component Matrix a

.59 .27 .20

.70 .06 .29

.71 .05 .29

.08 .07 .87

.28 .11 .65

.29 .55 .19

.79 .07 .04

.73 .25 -.02

.10 .76 -.03

.05 .73 .10

P14_A

P14_B

P14_C

P14_E

P14_F

P14_G

P14_H

P14_I

P14_J

P14_K

1 2 3

Component

Extraction Method: Principal Component Analysis.  
Rotation Method: Varimax with Kaiser Normalization.

Rotation converged in 5 iterations.a. 

 
 

TABLE N°21 

Between Groups

Sum of 

Squares
df

Mean 

Square
F Sig.

Sum of 

Squares
df

Mean 

Square
F Sig.

Sum of 

Squares
df

Mean 

Square
F Sig.

258,139 2 128,070 137,392 0.000 157,378 7 22,483 23,311 0.000 20734 1 20734 20828 0.000

151,237 2 75,619 78,380 0.000 267,977 7 38,282 41,804 0.000 122872 1 122872 126608 0.000

162,376 2 81,188 84,384 0.000 349,738 7 49,963 54,378 0.000 38,615 1 38,615 38,957 0.000

Written environmental policy

Clean production system

Commitment with informal regulation

Anova Test By Plant Size Anova Test By Industrial Sector Anova Test By Plant Location

 
 
 

APPENDIX N°2 – RESULTS OF THE INDICES 

  
1. Index of Technical Assistance: 

 
                  TABLE N°1                                   TABLE N°2                                  TABLE N°3 

Total Variance Explained

3.003 42.895 42.895 3.003 42.895 42.895

.908 12.968 55.862

.875 12.497 68.360

.641 9.154 77.513

.580 8.285 85.798

.538 7.687 93.485

.456 6.515 100.000

Component
1

2

3

4

5

6

7

Total % of VarianceCumulative % Total % of VarianceCumulative %

Initial Eigenvalues Extraction Sums of Squared Loadings

Extraction Method: Principal Component Analysis.

Component Score Coefficient Matrix

.235

.234

.201

.245

.217

.177

.211

p31_A

P31_B

P31_C

P31_D

P31_E

P31_I

P31_J

1

Component

Extraction Method: Principal Component Analysis.  
Rotation Method: Varimax with Kaiser Normalization.

Statistics

Index of Technical Assistance
4222

0

.18

.24

.06

1.54

.04

1.78

.08

.00

1.00

.00

.00

.12

.15

.29

.54

.74

1.00

Valid

Missing

N

Mean

Std. Deviation

Variance

Skewness

Std. Error of Skewness

Kurtosis

Std. Error of Kurtosis

Minimum

Maximum

25

45

50

65

75

90

95

99

Percentiles

 
 

2. Index of Environmental Training: 
 
                                TABLE N°4                                TABLE N°5                         TABLE N°6 

Total Variance Explained

3.741 46.765 46.765 3.741 46.765 46.765

.847 10.589 57.354

.777 9.709 67.063

.742 9.280 76.343

.642 8.019 84.362

.474 5.929 90.291

.421 5.267 95.558

.355 4.442 100.000

Component
1

2

3

4

5

6

7

8

Total % of Variance Cumulative % Total % of Variance Cumulative %

Initial Eigenvalues Extraction Sums of Squared Loadings

Extraction Method: Principal Component Analysis.

Component Score Coefficient Matrix

.184

.186

.180

.193

.190

.177

.186

.164

T41_A

T41_B

T41_C

T41_D

T41_G

T41_H

T41_K

T41_L

1

Component

Extraction Method: Principal Component Analysis.  
Rotation Method: Varimax with Kaiser Normalization.

Statistics

Index of Environmental Training
4222

0

.11

.00

.00

.21

.05

2.09

.04

3.93

.08

.00

1.00

.00

.00

.00

.13

.39

.63

1.00

Valid

Missing

N

Mean

Median

Mode

Std. Deviation

Variance

Skewness

Std. Error of Skewness

Kurtosis

Std. Error of Kurtosis

Minimum

Maximum

25

50

70

75

90

95

99

Percentiles
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3. First Index of Adoption of Standards: 
 
                                TABLE N°7                                  TABLE N°8                        TABLE N°9 

Total Variance Explained

1.065 53.268 53.268 1.065 53.268 53.268

.935 46.732 100.000

Component
1

2

Total % of VarianceCumulative % Total % of VarianceCumulative %

Initial Eigenvalues Extraction Sums of Squared Loadings

Extraction Method: Principal Component Analysis.

Component Score Coefficient Matrix

.685

.685

P16_A

P16_B

1

Component

Extraction Method: Principal Component Analysis.  
Rotation Method: Varimax with Kaiser Normalization.

Statistics

S1
4222

0

.39

.50

.50

.25

.06

-.33

.04

.00

.08

.00

1.00

.00

.50

.50

.50

1.00

Valid

Missing

N

Mean

Median

Mode

Std. Deviation

Variance

Skewness

Std. Error of Skewness

Kurtosis

Std. Error of Kurtosis

Minimum

Maximum

25

40

50

75

96

Percentiles

 
 

4. Second Index of Adoption of Standards: 
 
                                  TABLE N°10                                 TABLE N°11                         TABLE N°12 

Total Variance Explained

3.335 47.644 47.644 3.335 47.644 47.644

.901 12.867 60.511

.734 10.486 70.997

.631 9.016 80.013

.560 8.007 88.020

.470 6.716 94.737

.368 5.263 100.000

Component
1

2

3

4

5

6

7

Total % of Variance Cumulative % Total % of Variance Cumulative %

Initial Eigenvalues Extraction Sums of Squared Loadings

Extraction Method: Principal Component Analysis.

Component Score Coefficient Matrix

.212

.176

.220

.235

.211

.205

.185

D45_BAPL

D45_DAPL

D45_EAPL

D45_FAPL

D45_HAPL

D45_IAPL

D45_JAPL

1

Component

Extraction Method: Principal Component Analysis.  
Rotation Method: Varimax with Kaiser Normalization.

Statistics

S2
4222

0

.20

.12

.00

.27

.07

1.50

.04

1.32

.08

.00

1.00

.00

.00

.12

.29

.59

.87

1.00

Valid

Missing

N

Mean

Median

Mode

Std. Deviation

Variance

Skewness

Std. Error of Skewness

Kurtosis

Std. Error of Kurtosis

Minimum

Maximum

25

45

50

75

90

95

99

Percentiles

 
 
 
5. Scale, Sector and Location Heterogeneity among the Indices of Environmental Performance: 

 
TABLE N°13 

Anova Test for Scale Heterogeneity 
ANOVA

Between Groups

354.422 438.764 343.864 151.856 717.234 3.958 9.508 28.941 9.093 242.305 327.987 54.505 52.994

.000 .000 .000 .000 .000 .019 .000 .000 .000 .000 .000 .000 .000

F

Sig.

EM TA ET S1 S2 INV95_99 INV00_05 PYDINV PYDOPER P35_A P35_B P35_C P37SNS

 
Anova Test for Sector Heterogeneity 

ANOVA

Between Groups

49.552 52.887 43.426 74.187 59.865 3.687 6.583 11.738 47.151 24.126 41.110 75.716 50.057

.000 .000 .000 .000 .000 .001 .000 .000 .000 .000 .000 .000 .000

F

Sig.

EM TA ET S1 S2 INV95_99 INV00_05 PYDINV PYDOPER P35_A P35_B P35_C P37SNS

 
Anova Test for Location Heterogeneity 

ANOVA

Between Groups

30.195 2.238 .359 447.019 3.326 35.197 2.853 8.616 17.009 11.069 11.351 24.719 17.412

.000 .135 .549 .000 .068 .000 .092 .003 .000 .001 .001 .000 .000

F

Sig.

EM TA ET S1 S2 INV95_99 INV00_05 PYDINV PYDOPER P35_A P35_B P35_C P37SNS
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6. Index of External Obstacles: 
 

                                  TABLE N°14                                      TABLE N°15                    TABLE N°16 
Total Variance Explained

5.171 57.451 57.451 5.171 57.451 57.451

.963 10.703 68.154

.863 9.588 77.742

.633 7.037 84.779

.433 4.815 89.594

.296 3.288 92.882

.255 2.832 95.714

.236 2.622 98.336

.150 1.664 100.000

Component
1

2

3

4

5

6

7

8

9

Total % of Variance Cumulative % Total % of Variance Cumulative %

Initial Eigenvalues Extraction Sums of Squared Loadings

Extraction Method: Principal Component Analysis.

Component Score Coefficient Matrix

.114

.151

.158

.161

.171

.140

.132

.141

.144

P18_C

P18_D

P18_E

P18_F

P18_G

P18_H

P18_I

P18_J

P18_M

1

Component

Extraction Method: Principal Component Analysis.  
Rotation Method: Varimax with Kaiser Normalization.

Statistics

EO
4222

0

.47

.51

.00

.29

.08

-.13

.04

-1.14

.08

.00

1.00

.25

.47

.51

.73

.84

.91

.98

Valid

Missing

N

Mean

Median

Mode

Std. Deviation

Variance

Skewness

Std. Error of Skewness

Kurtosis

Std. Error of Kurtosis

Minimum

Maximum

25

45

50

75

90

95

99

Percentiles

 
 
7. Index of Internal Obstacles: 

 
                                   TABLE N°17                                       TABLE N°18                  TABLE N°19 

Total Variance Explained

5.445 60.503 60.503 5.445 60.503 60.503

.916 10.183 70.686

.636 7.062 77.749

.488 5.427 83.176

.443 4.921 88.097

.351 3.896 91.994

.273 3.029 95.023

.246 2.731 97.754

.202 2.246 100.000

Component
1

2

3

4

5

6

7

8

9

Total % of Variance Cumulative % Total % of Variance Cumulative %

Initial Eigenvalues Extraction Sums of Squared Loadings

Extraction Method: Principal Component Analysis.

Component Score Coefficient Matrix

.142

.151

.154

.157

.147

.151

.134

.115

.128

P19_A

P19_B

P19_C

P19_D

P19_E

P19_F

P19_G

P19_H

P19_I

1

Component

Extraction Method: Principal Component Analysis.  
Rotation Method: Varimax with Kaiser Normalization.

Statistics

IO
4222

0

.46

.50

.00

.27

.08

-.14

.04

-.91

.08

.00

1.00

.26

.50

.66

.82

1.00

Valid

Missing

N

Mean

Median

Mode

Std. Deviation

Variance

Skewness

Std. Error of Skewness

Kurtosis

Std. Error of Kurtosis

Minimum

Maximum

25

50

75

90

99

Percentiles

 
 

8. Scale, Sector and Location Heterogeneity among the Indices of Obstacles: 
 

TABLE N°20 
            Anova Test for Scale Heterogeneity      Anova Test for Sector Heterogeneity       Anova Test for Location Heterogeneity 

ANOVA

Between Groups

.127 9.932 8.209

.881 .000 .000

F

Sig.

EO IO P18_AS

ANOVA

Between Groups

32.171 31.379 23.058

.000 .000 .000

F

Sig.

EO IO P18_AS

ANOVA

Between Groups

39.783 15.951 2.288

.000 .000 .130

F

Sig.

EO IO P18_AS

 
 

APPENDIX N°3 – RESULTS OF CLUSTER ANALYSIS 

1. Cluster Analysis using EM and ET Indices: 
 
1.1 By Plant Size: 
 
                      TABLE N°1                                                     TABLE N°2 

Chi-Square Tests

587.063a 6 .000

467.510 6 .000

423.785 1 .000

4222

Pearson Chi-Square

Likelihood Ratio

Linear-by-Linear Association

N of Valid Cases

Value df
Asymp. Sig.

(2-sided)

0 cells (.0%) have expected count less than 5. The
minimum expected count is 17.94.

a. 

Symmetric Measures

.373 .000

.264 .000

.497 .023 15.990 .000

4222

Phi

Cramer's V

Nominal by
Nominal

GammaOrdinal by Ordinal

N of Valid Cases

Value
Asymp.

Std. Errora Approx. Tb Approx. Sig.

Not assuming the null hypothesis.a. 

Using the asymptotic standard error assuming the null hypothesis.b. 
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1.2 By Industrial Sector: 
 
                TABLE N°3                                                     TABLE N°4 

Chi-Square Tests

569.620a 21 .000

410.108 21 .000

20.540 1 .000

4221

Pearson Chi-Square

Likelihood Ratio

Linear-by-Linear Association

N of Valid Cases

Value df
Asymp. Sig.

(2-sided)

3 cells (9.4%) have expected count less than 5. The minimum
expected count is 1.01.

a. 

Symmetric Measures

.367 .000

.212 .000

.050 .024 2.102 .036

4221

Phi

Cramer's V

Nominal by
Nominal

GammaOrdinal by Ordinal

N of Valid Cases

Value
Asymp.

Std. Error a Approx. T b Approx. Sig.

Not assuming the null hypothesis.a. 

Using the asymptotic standard error assuming the null hypothesis.b. 

 
 
1.3 By Plant Location: 
 
                  TABLE N°5                                                  TABLE N°6 

Chi-Square Tests

58.783a 3 .000

60.245 3 .000

5.617 1 .018

4220

Pearson Chi-Square

Likelihood Ratio

Linear-by-Linear
Association

N of Valid Cases

Value df
Asymp. Sig.

(2-sided)

0 cells (.0%) have expected count less than 5. The
minimum expected count is 79.00.

a. 

Symmetric Measures

.118 .000

.118 .000

.075 .034 2.234 .025

4220

Phi

Cramer's V

Nominal by
Nominal

GammaOrdinal by Ordinal

N of Valid Cases

Value
Asymp.

Std. Error a Approx. T b Approx. Sig.

Not assuming the null hypothesis.a. 

Using the asymptotic standard error assuming the null hypothesis.b. 

 
 
2. Cluster Analysis using EM and TA Indices: 
 

TABLE N°7 
ANOVA

56.464 3 1.563E-02 4217 3612.850 .000

66.027 3 1.284E-02 4217 5142.474 .000

Index of Environmental Management

Index of Technical Assistance

Mean Square df

Cluster

Mean Square df

Error

F Sig.

The F tests should be used only for descriptive purposes because the clusters have been chosen to maximize the
differences among cases in different clusters. The observed significance levels are not corrected for this and thus cannot be
interpreted as tests of the hypothesis that the cluster means are equal.

 
 

2.1 By Plant Size: 
 
                     TABLE N°8                                                 TABLE N°9 

Chi-Square Tests

855.559a 6 .000

773.065 6 .000

629.328 1 .000

4220

Pearson Chi-Square

Likelihood Ratio

Linear-by-Linear Association

N of Valid Cases

Value df
Asymp. Sig.

(2-sided)

0 cells (.0%) have expected count less than 5. The minimum
expected count is 26.39.

a. 

Symmetric Measures

.450 .000

.318 .000

.551 .018 22.451 .000

4220

Phi

Cramer's V

Nominal by
Nominal

GammaOrdinal by Ordinal

N of Valid Cases

Value
Asymp.

Std. Error a Approx. T b Approx. Sig.

Not assuming the null hypothesis.a. 

Using the asymptotic standard error assuming the null hypothesis.b. 

 
2.2 By Industrial Sector: 
 
                    TABLE N°10                                                TABLE N°11 

Chi-Square Tests

668.509a 21 .000

553.491 21 .000

136.356 1 .000

4219

Pearson Chi-Square

Likelihood Ratio

Linear-by-Linear Association

N of Valid Cases

Value df
Asymp. Sig.

(2-sided)

3 cells (9.4%) have expected count less than 5. The minimum
expected count is 1.49.

a. 

Symmetric Measures

.398 .000

.230 .000

.225 .019 11.616 .000

4219

Phi

Cramer's V

Nominal by
Nominal

GammaOrdinal by Ordinal

N of Valid Cases

Value
Asymp.

Std. Error
a

Approx. T
b

Approx. Sig.

Not assuming the null hypothesis.a. 

Using the asymptotic standard error assuming the null hypothesis.b. 

 
 

2.3 By Plant Location: 
 
                   TABLE N°12                                                 TABLE N°13 

Chi-Square Tests

88.547a 3 .000

93.171 3 .000

25.882 1 .000

4222

Pearson Chi-Square

Likelihood Ratio

Linear-by-Linear
Association

N of Valid Cases

Value df
Asymp. Sig.

(2-sided)

0 cells (.0%) have expected count less than 5. The
minimum expected count is 117.11.

a. 

Symmetric Measures

.145 .000

.145 .000

.149 .028 5.250 .000

4222

Phi

Cramer's V

Nominal by
Nominal

GammaOrdinal by Ordinal

N of Valid Cases

Value
Asymp.

Std. Error a Approx. T b Approx. Sig.

Not assuming the null hypothesis.a. 

Using the asymptotic standard error assuming the null hypothesis.b. 
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