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Abstract. This paper is aimed at identifying the factors that shape consumers’ interest and
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to their stated willingness to comply with the principles of sustainable consumption, as well as the
identification of differences in the forms of manifestation of sustainable consumer behaviour
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sustainable consumption using a path model of CSC Index.
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Introduction
In general, the concept of sustainable consumer behaviour refers to the behaviour in
which users fully or predominantly prefer consuming sustainable substitutes. By
sustainable substitutes, we mean everything related to the life cycle of consumption -
from pre-acquisition (raw materials, production and delivery of products and services
that are necessary for consumption), the acquisition itself (purchase, possession and
use), to recycling and disposal. Sustainable consumer behaviour is also associated with
all the accompanying responsible actions that can benefit the environment and are
crucial for a healthy and sustainable lifestyle in society. Thus, sustainable consumer
behaviour does not only ensure prosperity in the present, but sustainable well-being for
future generations.

Unfortunately, there is no common understanding of what sustainable
consumption actually means in marketing and consumer research. Usually, sustainable
consumption is perceived as purchase and use of environmentally friendly products.



However, this notion is too narrow, as consumer consumption sustainability involves
various forms of manifestation, including purchases of environmentally friendly
products, fair trade products, orientation towards shared consumption of products, as
well as following a more modest and less materialistic consumption lifestyle.

In this paper, our presumption is that sustainable consumer behaviour occurs in
sustainable consumer consumption, and therefore we will avoid distinguishing between
these two concepts. Furthermore, we perceive ‘responsible consumer behaviour’ and
‘sustainable consumer behaviour’ as analogous concepts. In addition, the concept of
‘responsible’ includes the moral (not legal) responsibility to the society, environment
(in particular, the ecological environment) and future generations.

The objectives of this paper are: (1) to discover and systematise new theoretical
and empirical knowledge about the factors that shape consumers’ interest and
propensity for sustainable consumption; (2) to identify heterogeneity between
consumers regarding their stated willingness to comply with the principles of
sustainable consumption, as well as (3) to identify differences in the forms of
manifestation of sustainable consumer behaviour between the households from
different-sized urban areas.

Literature Review and Prior Research

Almost 50 years have passed since John Fisk debated the theory of responsible
consumption in the 70s, but today his rationale for economic development, viewed from
three different perspectives, is even more relevant, namely: (1) the ecological viewpoint
(concern about human survival); (2) views on the growth of neo-Malthusian (thesis: an
increase in the standard of living is directly related to a decrease in the birth rate and
the preservation of natural resources) and neo-Luddite (thesis: modern computer
technologies and artificial intelligence are perceived as a threat to people, and for their
jobs, respectively); and (3) the economic development viewpoint (thesis: environmental
pollution comes from the perverse system of incentives for industry, not from growth).
Even then, Fisk postulated that ,marketing managers can use the theory of responsible
consumption as a guide to marketing policy, even if they do not have social performance
indicators with which they can adapt to their operating environment” (Fisk, 1973, pp.
28-29).

In the 70s, socially responsible behaviour and consumption became a research
interest for a number of authors. Some of them (Anderson and Cunningham, 1972) have
developed the personal sociopsychological construct of "socially conscious behaviour”
and applied it as a basis for market segmentation. Others (Webb et al, 2008; Webster,
1975) have attempted to design and empirically test scales and indices for measuring
the "socially responsible behaviour" using indicators of attitudes, personal
characteristics and social activity of users. Thereafter, the scales and indices of socially
responsible behaviour have been used to identify and profile the segment of the socially
responsible user (Antil, 1984; Antil and Bennett, 1979; Roberts, 1995). At the same
time, the efforts of some authors (Kircova et al, 2016) have been focused on the
definition of factors that influence socially responsible consumption, generally, and in
relation to specific product categories (Ha-Brookshire and Hodges, 2009). In more
recent years, some researchers (Francois-Lecompte and Roberts, 2006; Pérez-Barea et
al, 2018) have attempted to design indices of the socially responsible behaviour by
implementing factor analysis. Unfortunately, none of them are generally accepted.

In the 1990s, Schwepker and Cornwell (1991) developed a scale for measuring
attitudes and buying intentions of the so-called 'environmentally concerned' consumers
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based on their sociopsychological and demographic characteristics. This period has also
been marked by Roberts and Bacon’s (Roberts and Bacon, 1997) prominent research on
the links between environmental issues and environmental conscious consumer
behaviour. Later, Kaiser et al. (Kaiser, Ranney, et al., 1999; Kaiser, Wélfing, et al., 1999)
defined the term ‘ecological’ behaviour as a function of the knowledge about the
environment, a sense of personal and collective responsibility, and shared values. At the
same time, Follows and Jobber’s (Follows and Jobber, 2000) published their attempts to
design and empirically test models of environmentally responsible buying behaviour. It
is noteworthy to highlight that these prominent research efforts were made during a
period in which researchers relied mainly on the structural equation modelling for
measuring the environmentally responsible buying behaviour. Previous research was
mainly based on the application of exploratory and confirmatory factor analysis and/or
reliability analysis.

According to Gupta and Singh (Gupta and Singh, 2020, pp. 130-131), sustainable
consumer behaviour occurs (and could be empirically studied, respectively) in the
following areas:

- Responsible purchasing - considers the purchase of goods and the use of
services that do not harm the environment, as well as the behaviour that leads to
the purchases of such products.

- Responsible usage - refers to sustainable and responsible ways of consuming, as
the use behaviour affects the environment in terms of the ways and habits of
using the purchased products, and resources, respectively.

- Responsible maintenance - refers to the maintenance of purchased and used
products in good conditions through regular inspections and repairs, in order to
extend the life of the product.

- Responsible disposal - covers disposal (if possible, recycling), as well as the
activities of consumers after the disposal of the product. This area is important
because it covers activities for the proper treatment of household waste and
waste from activities outside the home.

- Responsible social activity - includes consumer relations and activities related to
supporting petitions, joining environmental organisations, supporting public
policies, environmental discussions, donations for environmental conservation
and/or recycling, etc.

For consumers, all the above-mentioned areas mean that there are different
ways to consume ‘sustainably’. For companies, they mean that it is necessary to identify
and profile the market segment of the sustainable consumer (Balderjahn and Hiittel,
2019a). A very intuitive, though elementary approach for market segmentation analysis,
is to search for a priori differences between the customers/households depending on
the specificities and regional differences in consumption in the urban environment.

In this study we start from the hypothesis that sustainable consumption can best
be characterised as a multidimensional latent construct and its empirical analysis could
be used as a useful basis for planning effective market segmentation strategies and
selection, comparison, and application of relevant marketing tools. We believe that
knowing the causes and consequences of conscious sustainable consumer behaviour is a
prerequisite for implementing successful marketing strategies and practices of
sustainable consumption.

Following these assumptions, we have extended and verified the tricomponent
model of consciousness for sustainable consumption (CSC), which was proposed,
designed and further upgraded by Balderjahn et al. (Balderjahn, Buerke, et al., 2013a;
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Balderjahn et al.,, 2018a, 2019; Balderjahn, Peyer, et al., 2013; Balderjahn and Hiittel,
2019b; Balderjahn and Peyer, 2012). The model includes environmental, social and
economic dimensions of sustainable consumption consciousness and their impact on
various aspects of consumer behaviour. We have evaluated the capabilities of our CSC
model in predicting sustainable consumption behaviour and tried to determine whether
the environmental, social, and economic dimensions of sustainable consumption in
different urban settings depend on consumer awareness and consumers’ shared human
values, and how they impact the conscious consumer behaviour.

Measuring conscious sustainable consumer consumption

Conceptual framework

Sustainable patterns of consumer behaviour recreate conscious consumption, which
"..is guided and underpinned by a mindful mindset that reflects a conscious sense of
caring toward self, community, and nature" (Sheth et al, 2011, p. 27). The
consciousness of sustainable consumption is defined as the intention to consume in a
way that enhances the environmental, social, and economic aspects of the quality of life
(Balderjahn, Buerke, et al, 2013b, p. 182). The consciousness of sustainable
consumption involves the creation and observance of reasonable habits in the purchase,
use and disposal of products, as well as the use of services, in which people consider the
consequences of consumption for: (1) the environment (the environmental dimension
that reflects, for example, care for the environment, as well as the protection and gentle
use of natural resources with care for future generations); (2) community (a social
dimension that reflects, for example, the role of social networks and movements,
attitudes towards public goods); and (3) well-being (an economic dimension described
as a conscious sense of concern for long-term economic and personal well-being).
Sustainable consumption refers to the act of consciously avoiding over-buying and
judiciously using goods and services that meet the basic needs of the individuals and
households (Quoquab et al, 2019, p. 769). Following the results of Balderjahn's
research, our initial conceptual framework for measuring conscious sustainable
consumer consumption fits into the following verbal structure:

Table 1. Initial conceptual framework of the research

Consciousness for Sustainable Consumption (CSC)*

Environmentally friendly Socially fair consumption Economically reasonable
consumption (ENV) (S0Q) consumption (ECON)

= Disposal environmentally friendly = Human rights = Sparing consumption

= Packaging = Social minimum standards - Reduced amount of electricity
= Recycling = Non-violence on workers usage

= Ecological technology = Fair compensation

- Reduced amount of water usage
- Ling time usage

- No debt-burdens

- Financial reserve for emergency
- Financial stability

- Safeguarding for future
= Utilitarian and/or hedonistic
consumption

= Environmentally harmless
ingredients and substances

- Do not buy more than needed

- Buy things they are really useful
- Really like and want to own

- Everyone else already owns them

Source: Adapted from Balderjahn, Buerke, et al. (2013a, p. 191)
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In our research, we have expanded and adapted the above-mentioned research
framework by considering country- and region-specific indicators.

Operational framework
The consciousness for sustainable consumption (CSC;) of consumer i refers to socially
and environmentally awareness and concerned way of buying, using and disposing of
goods and services. It implies the understanding of quality of life by following a
reasonable and careful model of consumption, as well as an efficient use of goods and
services. The consciousness of sustainable consumption does not contradict the desire
to meet the basic needs of the current users. It implicitly protects the needs of the future
generations at the same time.

We assume that sustainable consumption consciousness is a multidimensional
construct that can be operationalised as follows (Balderjahn, Buerke, et al., 2013a, p.
184):

CSCyy = {ENV;SOC; ECON} = {zﬁleU X Ij; ijleU X Ijj; Zﬁlei,- X IL-,-}, (1)

where B;; is the belief of consumer i about sustainable product attributes or
consequences j (with j =1,...]). I;; is the importance that consumer i assigns to the
relevant attributes or consequences j associated with sustainable consumption. The
criteria for sustainable consumption J, identified by Balderjahn, are divided into three
separate subgroups - ecological Jgyy, social /5o, and economic Jgcon-

To confirm the validity and reliability of the scale ‘sustainable consumption
consciousness’, it is necessary to define a set of indicators for measuring each of the
three subgroups of criteria and evaluate these indicators using a survey of respondents
(households). We have applied a biased cluster sampling procedure, which allowed us
to identify possible differences in sustainable household consumption in different urban
settings (capital city, large city and small city). We have calculated the score of CSC; for
each respondent i using the above-mentioned formula. The estimated scores of CSC;
allowed us to check if there are statistically significant differences among users in the
observed urban areas and whether they are related to the degree, size and specification
of urbanisation. Our survey questionnaire also included some sociodemographic
variables (e.g. gender, age, household size, educational level, net monthly expenses,
etc.), which have been used for household segmentation and profiling in each of the
analysed urban areas.

Scale development and refinement

We have assumed that consciousness for environmental consumption, consciousness
for social consumption and consciousness for economic consumption are unobservable
hypothetical psychological constructs, which make up the composite structure of
consciousness for sustainable consumption. Thus, the latter should be measured by a
set of observable indicators. Due to the complexity of the economic dimension, we have
assumed that it is composed by three sub-dimensions - striving for voluntary simplicity,
striving for debt-free consumption, and striving for self-restraint consumption. Our
hypothesis was grounded on the results of previous research (Balderjahn, Buerke, et al,
2013a; Balderjahn et al, 2018b), which have been modified and extended after
considering the insights gained from focus groups and expert interviews. We have
conducted three focus groups and defined an initial extended list of possible indicator
statements. After a field pretesting of the questionnaire with a sample of 85 typical
representatives of the target population in the observed cities, we have made several
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adjustments and improvements and come to our final list of candidates (Table 3) for
indicator variables for each the three dimensions of the consciousness for sustainable
consumption.

Samples description and data screening

We have used a biased cluster sampling procedure. The sample comprised of 1049
households with a permanent residence in three different-sized urban areas - capital
city of Bulgaria (Sofia, ca. 1,263K residents, ca. 573K households), a large industrial port
city on the Black Sea coast (Varna, ca. 335K residents, ca. 195K households), and a
relatively small provincial city on the banks of the Danube River (Svishtov, ca 25K
residents, 13K households). The respondents (head or representative of the household
aged 18+) have been recruited from across the three observed cities by considering the
sociodemographic quotas in the locality. The field work was done from February 7,
2021 to April 21, 2021 through CAPI/CAMI

As our research requires assessments of latent variables at individual level for
follow-up analyses and prediction-oriented segmentation, we have applied a composite-
based approach to structural equation modelling with partial least squares algorithm
(PLS-SEM). The application of this approach allowed us to evaluate the out-of-sample
predictions and use the composite scores (e.g., CSC Index) for further analyses. It also
has greater flexibility, because the identification of the model is less constrained
(Ghasemy et al., 2020, p. 1123; Hair, Sarstedt, et al., 2019).

First, we have performed data screening by calculating Little’s missing
completely at random (MCAR) test (Little, 1988). The latter tests a hypothesis that the
observed data are missing completely at random (Brown, 2015, p. 334), which is an
assumption that must be satisfied before replacing missing values using various
imputation techniques. The empirical value of Little’s MCAR test confirms that the
missing values were completely at random. This allowed us to undertake missing values
imputation procedure with MCMC algorithm with logistic regression for categorical
variables to impute incomplete variables (IBM Corporation, n.d.).

Table 2. Description of the sample per observed city
Observed urban area (n = 1049)

Sofia (Capital city, Varna (Large city, Svishtov (Small city,

residents~1,236K, residents~335K, residents~25K,
households=573K), households=195K), households~13K)
n =403 n=2342 n =304
Column N % Column N % Column N %

Age group of household < 25 7.4% 7.6% 15.1%
head (years) 25 to 34 21.3% 19.9% 14.1%

35t0 49 28.5% 31.3% 30.3%

50 to 65 27.5% 24.6% 24.7%

> 65 15.1% 16.7% 15.8%
Number of personsina 1 33.5% 13.5% 28.9%
household 2 29.5% 30.1% 25.7%

3 19.4% 27.2% 21.1%

4 13.6% 23.4% 16.1%

More than 4 4.0% 5.8% 8.2%
Gender of household  Male 66.0% 75.7% 66.8%
head Female 34.0% 24.3% 33.2%
Highest educational Elementary or lower 0.5% 2.3% 1.0%
level of household head education

Secondary education 26.1% 43.6% 44.4%

Higher education 71.5% 52.6% 52.0%

(Bachelor or Master)
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Academic degree 2.0% 1.5% 2.6%

(PhD)
Type of household's Separate house 7.7% 12.3% 17.4%
primary residence House floor 6.5% 9.6% 13.8%
Apartment 83.1% 77.8% 66.4%
Something else 2.7% 0.3% 2.3%
Ownership of the main Own property 54.6% 65.5% 63.2%

housing occupied by the

0, 0, 0,
household Property owned by 13.2% 17.8% 23.0%

parents or relatives
(no rental)

Rental property 27.3% 15.8% 11.5%

No answer 5.0% 0.9% 2.3%
Source: Authors’ own research

Structural equation modelling generally requires large data samples to provide
reasonable and reliable estimates of the model parameters. According to Wolf,
Harrington, Clark and Miller (Wolf et al., 2013), 10 cases per variable (Nunnally and
Bernstein, 1994) or at least 10 observations per estimated parameter (Bentler and
Chou, 1987, p. 91) are not sufficient. These rules-of-thumb do not fit for all situations
and the sample size estimates may vary. However, a larger data sample (more than 500)
is recommended (Yurdugiil, 2008), especially when the distribution of observed
variables is not normal and if subsequent group analysis of the results is required. In
our study, at desired anticipated effect size of 0.15 and statistical power of 0.8, we have
calculated that the minimum sample size to detect an effect was 742 observations
(Soper, 2021). After removing the outliers, based on the Mahalanobis distance measure,
our sample has been reduced to 1011 observations, which was more than required.

Our confirmatory factor analysis (CFA) model includes 17 observed variables. As
we initially intended to use maximum likelihood estimation for CFA, we have checked if
the requirement for multivariate normality was satisfied. We used tests for normality
and an outlier detection procedure in IBM SPSS AMOS (Arbuckle, 2020). We have found
that critical ratio of multivariate kurtosis does not meet the tolerable threshold of 5
(Byrne, 2016, p. 104), which implies that the assumption is not met. Following the
procedures of Korkmaz et. al. (2014), we have also performed three alternative tests for
multivariate normality (Mardia’s test, Henze-Zirkler’s test, Royston’s test, and Doornik-
Hansen’s test). All of them have failed to confirm the hypothesis of a multivariate
normal distribution of the data. After identifying and deleting multivariate outliers
using the Mahalanobis distance test (Kline, 2015, p. 73), the sample size was reduced to
1000, which is more than enough for subsequent analysis, but the assumption of
multivariate normality was still violated. It was quite clear that the variables in our
analysis reflect a significant departure from multivariate normality. Multivariate non-
normality may lead to an inflation in the value of the Chi-square test and an incorrect
rejection of a good model.

We have applied a bootstrapping method to correct for the bias associated with
parametric extraction of non-normal data (Diaconis and Efron, 1983; Efron, 1982, chap.
5) and avoid any subsequent problems with inflated Chi-square test values,
underestimated standard errors, model misspecification, and incorrect inferences of the
model parameters (e.g,. path coefficients, covariances among factors or residuals). We
have chosen bootstrapping procedures over the asymptotically distribution-free
estimation (both are available in AMOS) because the asymptotically distribution-free
method will perform very poorly and can yield severely distorted estimated values as
the sample size was at the lower limit of acceptability (Byrne, 2016, p. 123). Guided by
these considerations, we have performed a bootstrapping procedure for all necessary
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evaluations and assessed the overall model fit using Bollen-Stine corrected p-value
(Enders, 2002; Kim and Millsap, 2014).

Specification and identification of the CSC model

We have extracted from the data set six latent constructs with a meaningful
interpretation (Table 3) using explorative factor analysis with principal component
method at the preliminary stage. Cronbach’s alpha was used to assess the internal
consistency of extracted latent constructs. Alpha coefficients of reliability for each
construct (except HEDO (Hedonistic consumption)) show a fairly high internal
consistency (> 0.7). We have excluded construct HEDO from the structural model of
CSC. Remaining factors explain over 70% of the cumulative variance and each one has
eigenvalue over 1, which agrees with the Kaiser criterion (Braeken and van Assen,
2017; Kaiser, 1960).

Table 3. Results of preliminary exploratory factor analysis

CSCscale B: We buy things if we believe that ... EFA  Internal % of
factor Consistancy  Variance
x loading (Cronbach's  extracted
I: How important is it for your household that ... Alpha)
Constructs / items
ENV (Environmentally friendly consumption) 0.897 32.419
Envl ..they can be disposed of in an environmentally friendly manner 0.821
Env2 ..their packaging can be recycled 0.846
Env3 ..they are made of recyclable materials 0.814
Env4 ..they are made according to ecological technologies 0.839
Env5 ..they don't contain any environmentally harmful ingredients and/or substances 0.740
DEBT (Debt-free consumption) 0.886 15.735
Debtl ..we don't have to take money from our financial reserve for emergency cases for it 0.826
Debt2 ... the expenses don’t unduly burden our financial situation 0.811
Debt3 ... we don’t become overindebted in the long term 0.815
Debt4 ... we don’t have to forego future purchases 0.799
SOC (Socially fair consumption) 0.936 9.208
Socl ...the workers are not abused in their production 0.900
Soc2 ...they are produced by workers who are treated fairly or are fairly compensated 0.889
Soc3 ...the workers’ human rights are adhered to in their production 0.913
SPAR (Sparing consumption) 0.798 6.850
Sparl ... this will reduce the amount of electricity used 0.863
Spar2 ... this will reduce the amount of water used 0.859
Spar3 ... we will be able to use them for a long time 0.509
UTIL (Utilitarian consumption) 0.708 5.981
Utill .. we don't buy more than we need at the moment 0.837
Util2 ... they are really useful 0.739
HEDO* (Hedonistic consumption) 0.412* 4.109
Hedl ..everyone else already owns them 0.821
Hed2 .. we really like them and want to own them 0.725
* Poor internal consistency (Cronbach's Alpha value < 0.7) Source: Authors’ own research

Next, we have proved how the items are ordered within the constructs using
their factor loadings. Using confirmatory factor analysis, we have tested whether items
of extracted constructs were consistent with our understanding of the nature of
hypothetical dimensions. We have used a second-order CFA to test the assumption that
the relationships among the set of first-order factors that reflect the consumption
reflect the same dimension of sustainable household consumption. Following Brown's
approach for developing and testing a second-order factor model (Brown, 2015, p. 290),
we have developed a conceptually valid first-order CFA model (Figure 1, left part),
comprised of five latent constructs identified through factor analysis - environmentally
friendly consumption (ENV), debt-free consumption (DEBT), socially fair consumption
(SOC), sparing consumption (SPAR), and utilitarian consumption (UTIL). We have
evaluated the correlations among the first-order factors to determinate if it is
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reasonable to compose a second-order factor, which is able to produce associations
among the first-order factors. Pattern and structure coefficients indicate strong
relationships between the first-order factors and their indicators. The correlations
between DEBT, SPAR, and UTIL are relatively strong (r;; > 0.5), while the correlations
between these three factors and the other two (ENV and SOC) are relatively low (r;; <
0.5). The pattern of correlations suggests that one second-order factor may explain the
correlation between DEBT, SPAR, and UTIL. Logically, we have called this factor
“economically reasonable consumption” (ECON).

First-order CFA Second-order CFA

Fit indexes: Fit indexes:

Chi square (CMIN) = 350.745 (df = 104) 1 Chi square (CMIN) = 292.590 (df = 104)
CMIN/df = 3,373 ) CMIN/df = 2.813

Bollen-Stine corrected p-value = 0.002 3) Bollen-Stine corrected p-value = 0.002
AGFI = 0.946 4) AGFI = 0.953

CF1=0.977 5) CFI=0.982

GFI=0.963 6) GFI1=0.968

RMSEA =0.048 (7 RMSEA = 0.042

Figure 1. First- and second-order CFA for CSC scale development
Source: Authors’ own research

The proposed second-order factor model (Figure 1, right part) includes five first-
order factors and one second-order factor. The second-order factor ECON is composed
to account for the correlation between the first-order factors DEBT, SPAR, and UTIL.
The standardized loadings in the model are the correlations between the indicator
variables and the latent factors. The double-headed arrows among the latent factors
represent correlations. The double-headed arrows between error terms represent
correlations among the errors. The correlation between ENV and ECON is r = 0.45,
whereas the correlation between ENV and SOC is r = 0.48. The correlation between
SOC and ECON is r = 0.36.

The model fits very well to the data (Table 3). Using the modification indices
approach (Arbuckle, 2020), theoretical consideration, and common sense, we have
added several additional parameters, which significantly improved the goodness-of-fit
of our model. The traditional approach for testing a model for goodness of fit is the Chi-
square test. It is used to evaluate whether a model departs significantly from one that
fits exactly to the data. Traditionally, if p<0.05, then we reject the null of an exact-fitting
model. Technically, the p-value should be greater than 0.05, i.e. statistically
insignificant. However, in practice the p-value is very sensitive to the sample size and
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frequently results in rejection of a well-fitting model (Chen and Tsai, 2007, p. 1118). We
do not report significance level (Bollen-Stine corrected p-value) of Chi-square (CMIN) in
this paper as the role of significance testing in structural equation modelling is much
smaller in comparison with the other standard regression based statistical techniques
(Kline, 2015, p. 17). One of the reasons is that the view of specific effects represented in
the model takes precedence over the entire model. Moreover, the higher the number of
sample size, the lower the probability for insignificant p-value of Chi-square test. Due to
this limitation of Chi-square test, other model fit indices are more important to check
model fit. However, there is still a debate on this issue. According to Barret (2007)
"..the Chi-square exact-fit test is the only substantive test of fit for SEM, but, its
sensitivity to discrepancies from expected values at increasing sample sizes can be
highly problematic if those discrepancies are considered trivial from an explanatory-
theory perspective". The ration of Chi-square value and degree of freedom is acceptable.
Comparative fit index (CFI=0.982) may be considered as evidence of ‘superior fit’
(Byrne, 2016, p. 97; Hu and Bentler, 1999). Considered as an ‘absolute fit index’, the
Root mean-squared error of approximation (RMSEA=0,042) is below 0.06. According to
Browne and Cudeck (1992, p. 239), it indicates a close fit of the model to the data in
relation to the degrees of freedom. Because our sample size is more than 500, we have
reported as fit index the Standardized Root Mean Squared Residual (SRMT) as well,
which is a measure of the mean absolute covariance residual. According to Kline (2015,
p. 277), values of SRMR>0.10 may indicate poor fit. In our case, SRMR is 0.045, which is
excellent. We have also reported the results from p-close test. If we assume that an
RMSEA value < 0.05 represents a close-fitting model, then a p-close test value, where
p>0.05, can be viewed as supporting the null hypothesis of close model fit. In our case,
p-value of PCLOSE test statistics is 0.993, which is definitely much higher than the
critical value of 0.05. This suggests not to reject the null hypothesis of close fit (i.e.,, it
does support our model).

Table 4. Goodness-of-fit of second-order CFA model

Second-order CFA Model Fit Measures Cutoff Criteria*

Measure Estimate Threshold Interpretation Measure Terrible Acceptable Excellent

CMIN 292.590 -- -- CMIN/DF >5 >3 >1

DF 104.000 -- CFI <0.90 <0.95 >0.95

CMIN/DF 2.813 Btw.land3  Acceptable SRMR >0.10 >0.08 <0.08

CFI 0.982 >0.95 Excellent RMSEA >0.08 >0.06 <0.06

SRMR 0.046 <0.08 Excellent PCLOSE <0.01 <0.05 >0.05

RMSEA 0.042 <0.06 Excellent *Note: According to Hu and Bentler (1999) and

PCLOSE 0.993 >0.05 Excellent Gaskin and Lim (2016) recommend combinations
of measures,

Source: Authors’ own research

Validation of the CSC model

As part of the confirmatory factor analysis, we have checked four different types of
validities: content validity, convergent validity, discriminant validity, and nomological
validity (Homburg and Giering, 1996). Because content validity is determined by the
degree to which the variables in a given measurement model belong to the semantic
area of the studied construct, and the constructed elements fully reflect all content
aspects of the construct, we have not evaluated this explicitly. Convergent validity is
explained by the extent to which there are strong associative relationships between the
indicator variables describing a latent construct. To estimate the convergent validity, we
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have first calculated average variance extracted test statistic (AVE). AVE is just the
average of the squared standardized pattern coefficients for indicators that depend on
the same factor, but are specified to measure no other. Recommended values are
greater than 0.5 (Kline, 2015, p. 313). In addition, we have assessed internal composite
reliability (CR). Our expectations for AVE were to be greater than 0.7 (Fornell and
Larcker, 1981). We have also used heterotrait-monotrait ratio of correlations (HTMT)
as an alternative to Fornell-Larcker CR criteria of discriminant validity (Henseler et al,
2015), where if HTMT value is below 0.90, discriminant validity has been established
between two reflective constructs.

The main indicators for measuring the construct validity of the model are shown
in Table 5a and Table 5b. The threshold values for assessing the validity are accepted as
suggested by Hu and Bentler (1999) and Gaskin, James, and Lim (2019). HTMT criterion
for assessing discriminant validity is based on the prominent work of Henseler, Ringle,
and Sarstedt (2015). Thresholds are 0.850 for strict and 0.900 for liberal discriminant
validity. It is clear that there are no validity concerns here. All estimates exceed the
standard minimum thresholds. The square root of the AVE for all constructs (in bold)
are more than one absolute value of the correlation with another factors.

Table 5. Convergent and discriminant validity of second-order CFA model

a. b.
Validity Analysis HTMT Analysis
CR AVE MSV MaxR(H) ENV SOC ECON ENV SOC ECON
ENV  0.894 0.628 0.227 0.896 0.793 -
socC 0.936 0.831 0.227 0.942 0.476™ 0.911 0.480
ECON 0.856 0.667 0.205 0.876 0.453™ 0.356™ 0.817 0.386 0.330

Significance of Correlations: *** p < 0.001
Source: Authors’ own research

CSC differences based on degree of urbanization

Table 6 presents standardized estimates of the parameters of the second-order factor
model, for the entire data sample and separately for the three observed cities. In the
standardized solution, the variances of all latent and manifest variables are fixed to one.
Therefore, the standardized regression weights provide information on how strongly
the indicator variables correlate with the hypothetical exogenous constructs. The
squared value of these weights indicates the explained variance of a manifest variable
(indicator's reliability). For example, for the whole sample (All), the construct ENV
explains 0.794% = 0.6304 of the variance of the variable Envl ‘We buy things if we
believe that they can be disposed of in an environmentally friendly manner’. Consequently,
a variance of 1 — 0.6304 = 0.3696 remains unexplained. This means that only 37% of
the unit variance of the variable Env1 is due to measurement errors and possibly non-
relevant variable effects. The other values should also be interpreted accordingly.
Interpretation of standardized regression weights is straightforward. For example,
when ENV goes up by 1 standard deviation, Env1 goes up by 0.794 standard deviations.
According to Kline (2015, p. 301) an ideal result in CFA is that the model explains the
majority of the variance (>0.50) in every indicator. Hair et al. (2019, p. 694) also
provided rules of thumb suggesting that standardized indicator loadings should be at
least 0.5 and ideally 0.7 or higher. There are many studies that have reported that factor
loadings should be greater than 0.5 for better results (Chen and Tsai, 2007; Truong and
McColl, 2011). While exploring pro-environmental consumer behaviour, Ertz, Karakas
and Sarigolli (2016) have considered factor loadings of 0.4 and above for their
confirmatory factor analysis. According to later suggestions, our results (with one
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exception, Utill <— UTIL for a small city) confirm that the indicators are strongly related
to their associated constructs and can be considered as one of the indications of good
convergent validity (high factor loadings).

Table 6. Standardized regression weights (default model) in multigroup comparison scenario

Standardized Estimates*

Consequent Antecedent All Sofia (Capital city) Varna (Large city) Svishtov (Small city)

n=1049 n =403 n =342 n =304

DEBT <« ECON 0.711 0.704 0.660 0.792
SPAR « ECON 0.883 0.866 0.885 0.949
UTIL « ECON 0.846 0.813 0.856 0.721
Envl <« ENV 0.794 0.734 0.786 0.882
EnvZ <« ENV 0.820 0.771 0.856 0.817
Envd <« ENV 0.801 0.810 0.864 0.704
Env4 <« ENV 0.799 0.811 0.813 0.788
EnvS <« ENV 0.747 0.761 0.717 0,758
Debt4 <« DEBT 0.690 0.653 0.708 0.697
Debt3 <« DEBT 0.800 0.805 0.804 0.780
Debt2 « DEBT 0.897 0.869 0.939 0.880
Debtl <« DEBT 0.722 0.747 0.765 0.576
Socl « SOC 0.925 0.915 0.942 0.906
Soc2 « SOC 0.872 0.874 0.872 0.860
Soc3  « SOC 0.935 0.927 0.946 0.926
Sparl <« SPAR 0.704 0.749 0.677 0.723
Spar2 <« SPAR 0.708 0.723 0.700 0.709
Spar3 « SPAR 0.704 0.749 0.694 0.517
Utill <« UTIL 0.677 0.771 0.760 0.377
Util2 « UTIL 0.797 0.693 0.836 0.958

* All estimates are significantly different from zero at the 0.001 level (two-tailed).
Source: Authors’ own research

We have conducted a multigroup analysis, where the groups are different at the
model level. To check if there are statistically significant differences in the estimated
regression weights among observed urban areas, we have conducted Chi-square
difference test between our unconstrained multigroup model and constrained one (i.e.,
a model in which the regression measurement weights are constrained to be equal to
each other). The test result (Table 7) confirmed our preliminary hypothesis that there
were statistically significant differences in effect sizes between at least two of the three
compared cities. Therefore, observed groups are significantly different at the model
level.

Table 7. Chi-square difference test in multigroup comparison scenario

Chi-square df p-value
Overall Model
Unconstrained 1005.253 416
Fully constrained 1081.916 458
Number of groups 3
Difference 76.663 42 0.001

Source: Authors’ own research

The results demand for checking and comparing path differences between cities
in multigroup comparison scenario. We have calculated the differences between the
estimates of regression weights and their standard errors and confidence intervals to
determinate if they are significant at 95% confidence level. Using the critical ratios for
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each pair of parameter estimates, we have conducted a test of the hypothesis that the
two parameters are equal (Gaskin, 2016).

Differences in consciousness for sustainable consumption orientation across
households living in different-sized urban areas has been presented in Table 8. As we
can recognize, there are significant differences in the estimates of regression weights
SPAR <« ECON (p<0.05), Debt3 <« DEBT (p<0.01) and Utill <« UTIL (p<0.05) between
the capital city and large city; Env3 <— ENV (p<0.01), Env5 < ENV (p<0.05), Debt3 <«
DEBT (p<0.01), Debt2 < DEBT (p<0.05), Debtl <« DEBT (p<0.01), Spar3 <« SPAR
(p<0.01) and Utill « UTIL (p<0.01) between the capital city and small city; Env2 <«
ENV (p<0.01), Env3 < ENV (p<0.01), Env4 < ENV (p<0.05), Debtl <« DEBT (p<0.05),
Spar3 « SPAR (p<0.05) and Utill < UTIL (p<0.01) between the large and small city.

Table 8. Differences in Consciousness for Sustainable Consumption Orientation across
households living in different-sized urban area

Sofia vs. Varna Sofia vs. Svishtov Varna vs. Svishtov

Estimate Estimate z-score p-value | Estimate Estimate z-score p-value | Estimate Estimate z-score p-value
DEBT <« ECON 0.837 0.68 -1.149 0.125 0.837 0.895 0.380 0.648 0.680 0.895 1.581 0.943
SPAR « ECON 1.198 0.879 -1.786 *0.037 1.198 0975 -1.226 0.110 0.879 0.975 0.638 0.738
Env2 <« ENV 0.966 1.118 1.595 0.945 0.966 0.851 -1.383 0.083 1.118 0.851 -3.183 *¥0.001
Envd <« ENV 0.982 1.084 1.113 0.867 0.982 0.741 -2.849 _ **¥0.002 1.084 0.741 -4.051 @ **0.000
Env4 <« ENV 0.998 1.051 0.569 0.715 0.998 0.864 -1.572 0.058 1.051 0.864 -2.195 *0.014
Env5 <« ENV 1.055 0974 -0.798 0.212 1.055 0.862 -2.078 *0.019 0.974 0.862 -1.251 0.105
Debt3 <« DEBT 1.336 0.991 -2.779 | **0.003 1.336 0.942 -3.064 @ **0.001 0.991 0.942 -0.467 0.320
Debt2 <« DEBT 1.318 1.169 -1.209 0.113 1.318 1.074 -1.899 *0.029 1.169 1.074 -0.834 0.202
Debtl <« DEBT 1.175 1.057 -1.103 0.135 1.175 0.83 -2.950 | **0.002 1.057 0.830 -2.116 *0.017
Soc2 « SOC 0.925 0.889 -0.736 0.231 0.925 0.885 -0.724 0.235 0.889 0.885 -0.064 0.474
Soc3  « SOC 1.018 0.983 -0.765 0.222 1.018 1.025 0.121 0.548 0.983 1.025 0.801 0.788
Spar2 « SPAR 0.999 1.061 0.628 0.735 0.999 1.056 0.503 0.693 1.061 1.056  -0.051 0.480
Spar3 <« SPAR 0.977 0.985 0.060 0.524 0.977 0.654 -2.529 @ **0.006 0.985 0.654 -2.331 *0.010
Utill <« UTIL 1.127 0.891 -1.740 *0.041 1.127 041 -4.833  **0.000 0.891 0.410 -3.86 _**0.000

Notes: Significantly different at the level ** p-value < 0.01; * p-value < 0.05 (one-tailed).
Source: Authors’ own research

Developing a consciousness for sustainable consumption index using

structural regression model

To develop a consciousness for sustainable consumption index at the individual
household level, we have built a partially latent structural regression model. It consists
of some latent and some observed variables. We have followed best practice using a
two-step modelling approach. First, we have developed and confirmed a second-order
measurement model, and second, we have composed a structural model using
measurement components (Figure 2). CSC index model demonstrates excellent
goodness-of-fit (Table 9).
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Figure 2. Partially latent structural regression model for CSC Index at individual household level
Source: Authors’ own research

Table 9. Goodness-of-fit of CSC Index model
CSC Index Model Fit Measures

Measure Estimate Threshold Interpretation
CMIN 272.975 -- --

DF 105 - --

CMIN/DF 2.600 Between1and 3  Excellent

CFI 0.984 >0.95 Excellent
SRMR 0.034 <0.08 Excellent
RMSEA 0.039 <0.06 Excellent
PClose 0.999 >0.05 Excellent

Source: Authors’ own research

In order to estimate household scores on each latent factor and use it as an
observed characteristic (household’s index) in different type of analyses, as well as to
determine their ranking, we have stored the predicted values after the implantation of
the CFA. Because factor scores are essentially the averages of the indicator “weighted”
by the strength of the factor loading, they are not identical to the simple averages. To
calculate CSC index score for each household in the sample we have imputed weighted
average composite variables based on the loadings and error in the second-order CFA
model. This is much more accurate than using the simple unweighted averages. We have
applied regression imputation procedure (DiStefano et al., 2009), where the model has
been first fitted using maximum likelihood. After that, model parameters have been set
to be equal to their maximum likelihood estimates. A linear regression has been used to
predict the unobserved values for each case as a linear combination of the observed
values for that same case. Then, the predicted values have been plugged in for the
missing values (Arbuckle, 2020).

The model has allowed us to also calculate the following seven indices: CSC
index, ECON index, UTIL index, SPAR index, SOC index, DEBT index, and ENV index. Also,
the analysis has been performed using the databases for each of the cities and by
aggregating the overall database. As all latent variables CSC, ECON, UTIL, SPAR, SOC,
DEBT, ENV are factor scores, which have been generated as a result of the multigroup
analysis, we have rescaled them to bring their values in the range from 0 to 100 using
unity-based normalisation procedure.

Table 10 includes the mean values of the seven indices generated from the CSC
Index model using the overall database of 1049 cases. It is interesting to test if there are
any significant differences in the level of the CSC Index between the capital city, large
and small city, as well as regarding households’ socio-demographic characteristics. We
have used One-way ANOVA procedure. We could not identify any significant differences
in the level of the CSC Index regarding the size of the city, age of the head of the
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household, size of the household, ownership of the main housing unit occupied by the
household, type of the primary residence of the household, and the living area of the
primary residence of the household. The first significant difference in the level of the
CSC Index we have managed to identify is regarding the gender of the head of the
household (F=5.525, Sig.=0.034<0.05). CSC Index is significantly higher for women than
for men. (0.5399> 0.5149).

Another interesting and significant difference in the levels of the CSC Index has
been identified regarding the household’s waste sorting behaviour (Yes=347 and
No=702; F=123.640, Sig.=0.000<0.01). As expected, the average value of the CSC Index
for those households who sort waste is higher than for those who do not sort waste
(0.6036>0.4825).

Table 10. Descriptive statistics of the variables in the CSC Index model for the overall database

N Minimum Maximum Mean

CSCIndex 1049 .00 1.00 .5226
ECONIndex 1049 .00 1.00 .6486
UTILIndex 1049 .00 1.00 .6624
SPARIndex 1049 .00 1.00 .6280
SOCIndex 1049 .00 1.00 .5901
DEBTIndex 1049 .00 1.00 .7286
ENVIndex 1049 .00 1.00 4788
Valid N (listwise) 1049

Source: Authors’ own research

As one of our objectives was to identify heterogeneity between consumers in
regards to their stated willingness to comply with the principles of sustainable
consumption, we have applied Ward'’s hierarchical agglomerative clustering method.
The clustering has been conducted in two ways: (1) by using as inputs only the data
regarding households’ stated willingness to comply with the principles of sustainable
consumption (i.e., ECON index, SOC index and ENV Index); (2) by adding socio-
demographics of the households to the dataset in (1). The dendrogram that was
constructed using the Ward’s linkage approach suggests the presence of two distinctive
clusters. We have achieved a similar result by applying a two-step clustering method
(Table 11), which confirms the existence of two segments ‘Sustainable conscious’
(42.2%) versus ‘Sustainable unconscious’ (57.8%).

We have repeated the cluster analysis by adding socio-demographic variables of
the households and city size to the three indices of sustainable consumption. The results
of the extended segmentation confirm the existence and proportion of the two above-
mentioned segments ‘Sustainable conscious’ and ‘Sustainable unconscious’. In
comparison with sustainable unconscious households (Table 11), sustainable conscious
households have higher levels of socially fair (0.44<0.80), economically reasonable
(0.57<0.76) and environmentally friendly consumption (0.36<0.63).

Figure 3 illustrates the relative importance of predictors (varying from 0.0 (least
important) to 1.00 (most important)) that have been used as inputs of the extended
two-step clustering. Socially fair consumption is considered as the most significant
predictor with the strongest impact. Waste sorting and the three indices ECON Index,
SOC Index and ENV Index are the only significant predictors of the cluster membership.
Neither socio-demographic characteristics, nor the size of the cities contribute for the
differentiation between sustainable conscious and sustainable unconscious households.
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Table 11. Two-step clustering of households on the basis of their stated willingness to comply with
the principles of sustainable consumption

Input (Predictor) Importance

M 10 0.8 0.6 0.4 0.2 0.0
Cluster 1 2
Description Sustainable conscious Sustainable unconscious
Size 42.2% (441) 57.8% (605)
Inputs SOCIndex SOCIndex

0.80 0.44

ENVIndex ENVIndex
0.63 0.37

ECONIndex ECONIndex
0.76 0.57

Source: Authors’ own research

SOCIndex

ECONIndex

ENVIndex

Waste sorting

Number of children
Observed urban area
Gender of HH Head
Living area of HH
Education of HH Head
Ownership of the main housing
Age of HH Head

Number of persons in HH
Type of HH residence
Age of HH Head

Mountly net HH Incomes

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

Figure 3. Predictor importance
Source: Authors’ own research

Relative importance of the sustainable index dimensions

Following the Crohn's method-based approach (Croon, 2002), suggested by Devlieger
and Rosseel (2017, p. 32) and Kelcey et al. (2021, p. 4), we have used the measurement
models to perform a factor analysis for each latent variable ENV Index, SOC Index, and
ECON Index separately, and then we have calculated their factor scores. We have
created a path model (Figure 5) and performed a classical factor score path analysis
using AMOS.

Pl  ENVindex

S0CIndex

51 CSClndex

h] ECONIndex

Figure 5. Path model of CSC Index

Vol. 16, No. 3, pp. 187-209, ISSN 2069-8887| Management & Marketing. Challenges for the Knowledge Society



Source: Authors’ own research

The model has an exceptional goodness-of-fit (R? = 0.96). Regression and
correlations coefficients of the model are presented in Table 12.

Table 12. Regression and correlation coefficients of the path model (entire data sample)
(All - Default model)

Standardized Regression Weights Estimate Correlations Estimate
CSCIndex <« ECONIndex 0.285** ENVIndex < SOCIndex 0.501**
CSCIndex «— ENVIndex 0.633** ECONIndex < SOCIndex 0.374**
CSCIndex <« SOCIndex 0.268** ECONIndex o ENVIndex 0.514**

Notes: Significantly at the level ** p-value < 0.01; (two-tailed).
Source: Authors’ own research

The values of the standardized regression coefficients, calculated on the basis of
the entire data sample, suggest that the ENV Index has the strongest impact on the CSC
Index, which is more than 2.5 times stronger than the effects of the SOC Index and ECON
Index (Table 12, left part). At the same time, there is a relatively high correlation
between all dimensions of the CSCs Index (Table 12, right part), which means that the
economic and ecological dimensions, as well as the ecological and social dimensions are
strongly interrelated. The association between the economic and social dimensions is
weaker than the other two above-mentioned associations.

The multigroup comparisons between the capital city, large and small city
confirm our conclusions (Table 13) that the environmental dimension is the most
significant predictor of the consciousness for sustainable consumption.

Table 13. Regression and correlation coefficients of the path model in multigroup comparison

scenario
Sofia (Capital city)
Standardized Regression Weights Estimate Correlations Estimate
CSCIndex «  ECONIndex 0.309** ENVIndex R SOCIndex 0.603**
CSCIndex <«  ENVIndex 0.603** ECONIndex R SOCIndex 0.508**
CSCIndex «  SOCIndex 0.225** ECONIndex =S ENVIndex 0.659**
Notes: Significantly at the level ** p-value < 0.01; (two-tailed).
Varna (Large city)
Standardized Regression Weights Estimate Correlations Estimate
CSCIndex «  ECONIndex 0.304** ENVIndex o SOCIndex 0.470**
CSCIndex <«  ENVIndex 0.699** ECONIndex © SOCIndex 0.366**
CSCIndex «  SOCIndex 0.130** ECONIndex =S ENVIndex 0.630**
Notes: Significantly at the level ** p-value < 0.01; (two-tailed).
Svishtov (Small city)
Standardized Regression Weights Estimate Correlations Estimate
CSCIndex «  ECONIndex 0.199** ENVIndex R SOCIndex 0.425**
CSCIndex <«  ENVIndex 0.604** ECONIndex R SOCIndex 0.208**
CSCIndex «  SOCIndex 0.483** ECONIndex = ENVIndex 0.228**

Notes: Significantly at the level ** p-value < 0.01; (two-tailed).
Source: Authors’ own research

No matter the size of the city, the environmental dimension has the strongest
effect on the consciousness for sustainable consumption. It is interesting to recognise
that the social dimension has approximately 2.0 times stronger effect on the
consciousness for sustainable consumption in the small city in comparison with the
capital and large city. The multigroup analysis also reveals that the ecological and social
dimensions are interrelated in a strongest way for the capital city.
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Discussion

In this paper, we have verified and extended the CSC model designed by Balderjahn et
al. (2013a; 2018a; 2013). We have proposed a second-order factor model, which
includes five first-order factors (environmentally friendly consumption, debt-free
consumption, socially fair consumption, sparing consumption, and utilitarian
consumption) and one second-order factor (economically reasonable consumption, which
is comprised by three of the above-mentioned first-order factors - debt-free
consumption, sparing consumption, and utilitarian consumption). Using this model and
by applying multigroup analysis, we have identified some significant differences in
consciousness for sustainable consumption orientation across household groups living
in different-sized urban areas.

More specifically, we have developed and proposed a CSC Index model at the
individual household level using a partially latent structural regression model. The
model includes seven sub-indices, which represent the dimensions of the consciousness
for sustainable consumption. After applying a unity-based normalization to the values
of all indices and one-way ANOVA procedure, we have not managed to identify any
significant differences in the level of the CSC Index regarding the size of the city, age of
the head of the household, size of the household, ownership of the main housing unit
occupied by the household, type of the primary residence of the household, and the
living area of the primary residence of the household. However, we found two
significant differences: (1) CSC Index is significantly higher for women, who recognized
themselves as the head of the household, than for men, and (2) CSC Index is significantly
higher in households who sort waste than those who do not sort waste.

As one of our objectives was to check if the households in different-sized urban
settings differ in their sustainable consumer behaviour, we have conducted both two-
step clustering method and Ward'’s hierarchical agglomerative clustering method. We
have identified two distinctive segments ‘Sustainable conscious’ versus ‘Sustainable
unconscious’. We have found that only socially fair consumption, followed by
environmentally friendly consumption and economically reasonable consumption, as
well as waste sorting are predictors of the cluster membership. Neither socio-
demographic characteristics, nor the size of the cities contribute for the differentiation
between sustainable conscious and sustainable unconscious households.

We have also designed and evaluated a path model of the CSC Index to identify
the relative importance of the dimensions of the consciousness for sustainable
consumption. Using this model, we found that, no matter the size of the city, the
environmental dimension has the strongest effect on the consciousness for sustainable
consumption.

To our knowledge, no similar empirical results have been reported in recent
years. We consider the problem to be important, especially in the context of the
increasing concentration of urban populations towards large cities and the capital and
the resulting depopulation of small towns. In this context, the findings could be used as
a recommendation for the development of municipal strategies to launch a waste-
sorting campaign regardless of the level of urbanisation. In addition, companies
operating in local urban markets should take these specificities into account and define
an appropriate regional marketing strategy whose communication component focuses
on segment specificities.

The results and conclusions of this study are subject to limitations. First, our
sample is not representative of the population of Bulgaria as a whole. Our sample
included respondents from the capital, a typical large city and a typical small city.
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Accordingly, we cannot make valid statements about household consumption by rural
areas as a whole, but at best for the part of the population whose profiles are covered by
this study. On the other hand, practical marketing requires representative data. For the
development of scales and indicators, however, too heterogeneous data are not always
well suited. However, we consider the CSC Index construction methodology robust
enough to be applied to larger samples.
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