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Abstract We analyze data on differentiated waste collection (as a proxy of pro-
environmental behaviors) in Italian provinces in the years 1999–2012. We make use
of a Markov Spatial Transition approach to model the dynamic of local transitions
among different levels of environmental pro-sociality, and we find that behaviors, and
in particular differentiated waste collecting habits, tend to be strongly influenced by
proximity effects, so that provinces with good levels of environmental pro-sociality
may positively influence nearby ones, and vice versa for provinces with poor levels of
environmental pro-sociality. We also show that in the long term separate clusters with
markedly different levels of differentiated waste collection rates emerge.
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1 Introduction

Pro-environmental behaviors associated with waste management issues have taken
increasing prominence in public management and policy, in terms of development
and design of waste recycling schemes and practices, of definition and monitoring of
appropriate targets, of deployment and testing of policy strategies, and so on. A rich
array of interdisciplinary research on how to enable and foster socially sustainable
pro-environmental behaviors has correspondingly developed.

An extensive review of such research would take a full paper in itself, but it can be
useful to draw attention toward some classical approaches and references. Economists
have explored to what extent responsible environmental behaviors can be fostered by
designing suitable incentive mechanisms, including monetary rewards (e.g., Curlee
1986). Law studies have considered the effects of legal measures such as mandatory
recycling laws (e.g., Lanza 1983). Engineering research has compared the relative
effects of alternative technologies and systems of recycling (e.g., Noll 1985). Envi-
ronmental psychologists have focused upon harnessing altruistic motivations (e.g.,
De Young 1986), while sociologists have highlighted the role of social pressures and
environmental constraints (e.g., Burn and Oskamp 1986). Public pedagogues call for
participation and learning processes within the context of a complex array of educa-
tion for sustainable development (ESD) approaches and settings (e.g., Læssøe 2010;
Van Poeck and Vandenabeele 2012). This multifaceted body of evidence clearly illus-
trates the complexity and elusiveness of the nature and dynamics of pro-environmental
behaviors. A more recent approach (Crociata et al. 2015) has explored the effect of
a new factor, substantially overlooked in the previous body of literature: cultural par-
ticipation. The relationship between citizen participation and civic virtue has been in
turn largely explored in the literature (e.g., Putnam 2000), but only in recent times the
distinctive contribution of cultural participation to the emergence of pro-sociality has
been properly highlighted, with all its local, contextual complexity (e.g., Clark et al.
2014). Despite that often cultural participation presents a strong, distinctive social
component, the preliminary evidence by Crociata et al. (2015) shows that also more
individualized forms of participation, like reading a book or listening tomusic at home,
may have a distinctive effect on pro-sociality and on an environmentally related one
in particular.

Most of the literature takes households as the main unit of analysis. According
to Miafodzyeva and Brandt (2013), variables affecting recycling behaviors can be
classified into four groups: sociopsychological, technical-organizational, individual-
socio-demographic and study specific. The strongest predictors of households’
recycling behaviors were identified as: convenience, moral norms, information and
environmental concerns—each of which, we note, has some degree of cultural con-
notation. In this scenario, even though households are generally aware of the social
benefits of recycling, such awareness does not necessarily reflect into actual recycling
practice.

To really appreciate how pro-environmental behaviors evolve in a society, we think
one should go beyond the individual perspective of the household and consider social
transmission effects, and in particular socio-spatial ones. The literature shows, for
instance, that phenomena such as happiness, which clearly can be read and understood
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in individual terms, are characterized by “contagion” patterns whereby happiness lev-
els tend to be strongly influenced by proximity effects (Fowler and Christakis 2008);
similar effects are found in the establishment of the trust and social cooperation condi-
tions for effective co-inventive performance (Cassi and Plunket 2014).We askwhether
a similar dynamics take place for pro-environmental behaviors, and in particular for
attitudes toward waste recycling, as a spatial dependence phenomenon rather than as
a mere reflection of spatial heterogeneity (Espa et al. 2013). We therefore postulate
that, as a working hypothesis, proximity to socio-spatial contexts characterized by
virtuous recycling behavior could positively influence those living in less virtuous
contexts, thereby bringing about pro-social behavioral change. If this should be the
case, we can conclude that conceptualizing an activity with a relevant social and cul-
tural characterization such as waste recycling as not entirely traceable to the domain of
individual analysis, and in particular as highly sensitive to the domain of socio-spatial
analysis, can considerably improve the understanding of waste recycling habits, and
possibly, on a more general note, of pro-environmental behaviors (Bliz and Nadler
2014). Some traces of this approach can already be found in the work of Oskamp et al.
(1991), in their study of residents of a city that had just began a curbside recycling pro-
gram, and where 95% of those who recycled reported that their friends and neighbors
recycled too. Therefore, if people become aware that their neighbors are recycling,
it is more likely that they will recycle too. To capture such factors, in this paper we
consider socio-spatial effects at the province levels, that is, an intermediate level of
spatial aggregation between single households and whole regions.

In this regard, we find an interesting precedent in Brueckner (2003), who refers
to “agents” (decision makers) as “jurisdictions” in the context of a public economics
model. In particular, Brueckner (2003) develops two theoretical frameworks for strate-
gic interaction that yield a reaction function as the equilibrium solution: one is referred
to as a spillover model, and the other as the resource flow model. In our case, we con-
sider the spillover model, where an agent i chooses the level of a decision variable,
yi , but the values of the y variable chosen by other agents (y j , where the j subscript
refers to all agents other than i) affect her objective function as well. For example,
one can think of a strategic framework where an agent has to decide whether to bother
to recycle waste taking into account the behavior of other neighboring agents (see
Anselin 2002a, b).

In this paper, we use the differentiated waste collection rate as a proxy of
pro-environmental behavior. In particular,we apply the spatialMarkovChainsmethod-
ology to differentiated waste collection rates in order to obtain the probabilities of
changes in pro-environmental attitudes, conditional on the level of pro-environmental
attitudes of neighboring provinces (Schettini et al. 2011). This technique allows us to
analyze how the level of pro-environmental behavior in a province can be explained by
its geographical environment, and the extent to which such environment influences the
relative position of provinces in the cross-section distribution of differentiated waste
collection rates (Le Gallo 2004). In particular, in order to provide a more detailed
view of the geographic dimension of the socio-spatial pattern of pro-environmental
behaviors, the spatial Markov Chains approach allows us to pose a number of inter-
esting questions concerning the spatial dimension of environmental pro-sociality. For
example, is the probability of a province moving up or down the pro-sociality ranking
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related to the current, or past, dynamics of the ranking of its neighbors? Andmoreover,
can we identify stable clusters as limit outcomes of the spatial Markov Chain?

The identification of stable spatial clusters of homogeneous pro-social attitudes
is relevant from a policy viewpoint, in that it allows us to discriminate provinces
characterized by poor pro-environmental attitudes from highly pro-social ones. In
particular, provinces with poor environmental pro-sociality as to differentiated waste
recycling will call for substantially different policies than the highly pro-social ones.

The paper proceeds as follows: Section 2 introduces and reviews the methodology.
Section 3 presents the data. Section 4 illustrates the results of the spatial Markov
Chains analysis. Section 5 concludes and offers some final remarks.

2 Method: The Spatial Markov Chains (SMCs) Approach

Spatial econometrics is becoming a rapidly expanding area of research (Griffith and
Paelinck 2007; Anselin 2010) that allows to study the socio-spatial dynamics of
relevant phenomena. Spatial Markov Chains (SMCs), in particular, allow us to simul-
taneously study the spatial and time dynamics of a phenomenon (Rey 2001). The
main output of a SMCs model is the spatial transition matrix, that in the context of
our analysis evaluates the positive or negative influence of neighbors on the transition
of a province between different pro-environmental attitudes. In particular, the matrix
provides, for a given province, the probability to move upwards or downwards in the
distribution in the next period (t + 1), conditional to the state of its neighbors in the
current period (t): The transition matrix can thus trace the history of the distribution
over time. More specifically, this technique allows us to track whether a province
with a poor (good) level of pro-environmental behavior tends to remain in that state if
surrounded by other provinces with similarly poor (good) levels of pro-environmental
behaviors, and in particularwhether provinceswith poor pro-sociality negatively affect
their neighbors, by depressing their differentiated waste collection rates, or likewise
provinces with good pro-sociality positively influence their neighbors, boosting their
differentiated waste collection rates. In particular, we can build a dynamic model that
shows the dynamic evolution of these proximity effects over time.

The building of the spatial transition matrix is based on the decomposition of the
traditional Markov transition matrix, that gives the spatial transition probability. In
particular, in this approach the traditional transition matrix is modified so that the
transition probabilities of a province in the next period (t + 1) are conditional to the
average level of pro-environmental behavior at the current period (t) of its neighboring
provinces. In other words, the spatial transition matrix is a K-by-K traditional Markov
transitionmatrix decomposed into K sub-matrices, where each sub-matrix is aK-by-K
matrix. In our case, K is equal to 5, i.e., the number of possible states.

In formal terms, if we consider the kth matrix among the conditional matrices, the
pi j (k) element of such matrix represents the probability that a province located in
class i in the current period (t) ends up in class j in the next period (t + 1), knowing
that the average level of pro-environmental behavior of its neighboring provinces
corresponded to class k in period t . The estimator of a pi j (k) element of a conditional
transition matrix is thus defined as follows:

123

Author's personal copy



Location matters for pro-environmental behavior: a spatial... 299

p̂i j (k) = ni j (k)

ni (k)

where ni j (k) is the number of provinces located in class i in period t and in class j in
period (t + 1), knowing that the average level of pro-environmental behavior of their
neighboring provinces places them in class k in period t ; ni (k) is the total number
of provinces located in class i , knowing that the average level of pro-environmental
behavior of their neighboring provinces places them in class k at time t , during T = 131

annual transitions, i.e., ni (k) = ∑
j ni j (k).

The spatial Markov matrix allows us to appreciate the positive or negative
influence of the neighbors on the transition of a province across levels of pro-
(environmental)sociality. Indeed, the influence of spatial proximity effects is reflected
in the differences between the unconditional2 transition values and the conditional
ones (Le Gallo 2004). For example, in our case with 5 states (K = 5), the first state
groups provinces with the poorest pro-environmental attitude, the third state caters
provinces with intermediate levels of pro-sociality and the fifth state corresponds to
the provinces with the best pro-environmental attitude.3 Consequently, if p35 > p35|1,
the transition probability of moving upwards for a province with an intermediate level
of pro-sociality without proximity effects, i.e., not taking into account the effect of its
neighbors’ pro-sociality, is greater than the transition probabilities of moving upwards
for a province with an intermediate level of pro-sociality conditional to neighbors with
poor pro-environmental attitudes. Likewise, if we consider the probability of mov-
ing upwards for provinces starting from other levels of pro-sociality. Conversely, if
p13 > p13|5, the transition probability of moving upwards for a province with poor
pro-sociality conditional to neighbors with high pro-sociality is greater than the tran-
sition probabilities of moving upwards for a province with low pro-sociality without
proximity effects.

If proximity effects do not matter for transition probabilities, then the conditional
probabilities should be equal to the unconditional initial transition values (Le Gallo
2004):

pi j |1 = pi j |2 = · · · = pi j |5
∀i = 1, . . . , 5

∀ j = 1, . . . , 5

The relevance of the socio-spatial dimension reflects, and therefore the importance
of considering neighbors in determining transition probabilities corresponds to, the
rejection of the null hypothesis of spatial stationarity tests (see Le Gallo 2004). In our
case, we reject the null hypothesis at 5% and, consequently, the transition probability
of a province does depend on the spatial environment and proximity effects matter.

1 Our period of analysis consists of 14 years, so we have T = 13 annual transitions.
2 For reasons of space, we do not report the values of the unconditional transition matrix. Interested readers
can request them to the authors.
3 We describe more in detail the 5 states in Sect. 4.
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3 Data and preliminary results

In this section, we present the differentiated waste recycling rate (DWR) that we use
in our spatial Markov Chains approach-based analysis. In particular, we use ISTAT
data for the 103 Italian provinces, corresponding to the European level NUTS-3, over
the period from 1999 to 2012. The data come from the Environment section of the
ISTAT database on Territorial Indicators for Development Policies, available online
at http://www.istat.it/archivio/16777.

In many empirical studies (see Arbia 2005), provincial data are used to introduce
the spatial element in empirical analysis, and it is well known that administrative
data aggregate individuals on the basis of arbitrary geographical boundaries reflecting
political and historical situations. The choice of the spatial aggregation unit is therefore
essential as different choicesmay lead to different results in the estimates (Arbia 1988).
Regional data cannot be considered “independently generated” (Anselin 1988;Anselin
and Bera 1998) because of spatial similarities of neighboring regions; thus, standard
estimation procedures4 can provide biased estimators of the parameters. Aggregating
data at the provincial level will allow spatial effects, such as spatial spillovers, to be
properly modelled (Arbia et al. 2002; Arbia 2005).

In particular, the choice of the provinces is made on the basis of the following
reasons: (1) non-availability of data at a finer administrative level (e.g., municipali-
ties); (2) the legislative decree 22 of February 5, 1997, assigns to the provinces the
administrative functions concerning the planning and organization of waste manage-
ment. In particular, article 23 of legislative decree 22 of February 5, 1997, defines the
province as the optimal management area (ATO) for the management of municipal
waste. This makes the province the administrative unit best suited to carry out our
empirical analysis.

The provinces are regulated by Title V (Part II) of the Italian Constitution. The
criteria used for the reviewof the size of the provinces and the creation of newprovinces
are provided by art. 133 of the Italian Constitution. In particular, this article indicates
that the size of the province is based on suitability territorial criteria. Such criteria
are defined on a minimum threshold of population that in the case of the provinces is
equal to 200,000 inhabitants.

Although the population size is comparable in each province, what changes is the
population density, i.e., the number of people living per unit of an area (e.g., per
square mile). This result is obvious because each province has a different spatial
dimension. This is a limitation present in all empirical analysis conducted with spatial
data. However, it is partially overcome by the use of separate waste collection divided
by the amount of waste generated in the province by the resident population. The
problem would amplify if we were to use an absolute variable (e.g., only the amount
of separate waste collection (in tonnes) in each province).

Article 183 of Italy’s Legislative Decree 152/06 (comma f) provides a definition
of differentiated waste collection. Differentiated collection (DC) is defined as: “the
collection which aims to: (1) group the urban waste into homogeneous categories; (2)

4 That is, estimates that do not take into account spatial dependence.
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group the packagingwastematerials separately from other waste.Moreover, an impor-
tant condition is that the waste should be collected for recycling purposes. Finally, the
differentiated collection must be carried out according to criteria of cost-effectiveness,
efficiency, transparency and effectiveness”.

An indicator of differentiatedwaste collection is given by the urbanwaste separately
collected as a percentage of total urban waste. In particular, the above cited Article
183 prescribes the differentiated collection of the following items:

– organic waste (wet waste and gardening waste);
– packaging waste (paper and cardboard, plastic, glass, wood, metal) and multi-
material;

– bulky waste (plastic, glass, wood, metal);
– electrical waste;
– textile waste and secondhand clothing;
– environmentally dangerous waste (batteries and accumulators, expired medicines,
paints and inks, vegetable and mineral oils, etc.);

Waste from construction sites is not included in the differentiated waste collection
figures as it is classified as a special category waste.

The differentiated waste collection rate is calculated as follows:

DW Rit =
∑

i DWit
∑

i DWit +UUW + BW + SDC
∗ 100

where:
∑

i DWi is the sum of the quantities (in tons) of the different categories of differ-
entiated waste collection in the i th province, at time t;
UUW is the quantity (in tons) of unsorted urban waste;
BW is the quantity (in tons) of bulky waste;
SDC are scraps of differentiated collection (in tons).

During the sample period, Italy’s nation-wide recycling rate has increased from13% in
1999 to 40% in 2012; in particular, the gap betweenNorthern andSouthern Italy shrank
by about 10 percentage points (from 11.5% in 1999 to 1.98% in 2012),5 and the gap
between Northern and Central Italy shrank by about 1 percentage point (from 2.56%
in 1999 to 1.60% in 2012). Summarizing, Northern Italy has the best performance in
waste collection (a good pro-environmental attitude). The South, during the sample
period, has improved its position, reducing the gap with Northern Italy. Central Italy
has shown a tendency to converge toward Northern Italy during the sample period
(Fig. 1).

In addition, we can observe (Fig. 2) an uneven distribution of annual average
differentiated waste collection rates. In particular, we find two clusters: a first one,
characterized by a high annual average differentiated waste collection rate (or good

5 In the Italian case, it is customary to distinguish between Southern regions, or Mezzogiorno (namely,
Abruzzo, Molise, Campania, Puglia, Basilicata, Calabria, Sicilia and Sardegna), Northern regions (namely,
Piemonte, Valle d’Aosta, Lombardia, Trentino Alto Adige, Veneto, Friuli Venezia Giulia, Liguria, Emilia
Romagna), and Central regions (Toscana, Umbria, Marche and Lazio).
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Fig. 1 National differentiated waste collection rate, North–South and North-Central divide, 1999–2012.
Source: Our elaboration on ISTAT data

Fig. 2 Annual average differentiated waste collection rate. Source: Our elaboration on ISTAT data. Note
we indicate in parenthesis the number of provinces included in each quartile

pro-environmental behavior), consisting ofNorthern Italy provinces, and a second one,
characterized by a low differentiated waste collection rate (or poor pro-environmental
behavior), consisting of Central and Southern Italy provinces.

We conclude this section by drawing Moran’s scatter plot6 (Anselin 1993) for
provincial annual average differentiated waste collection rates. Moran’s I coefficient

6 The Moran scatter plot provides a tool for visual exploration of spatial autocorrelation (Anselin 1996,
2002a, b). The four different quadrants of the scatterplot identify four types of local spatial association
between a province and its neighbors:

– (HH) a province with a good pro-environmental behavior (high differentiated waste collection rate)
surrounded by neighbors with good pro-environmental behavior (quadrant I);

– (LH) a province with a poor pro-environmental behavior (low differentiated waste collection rate)
surrounded by neighbors with good pro-environmental behavior (quadrant II);

– (LL) a province with a poor pro-environmental behavior surrounded by neighbors with poor pro-
environmental behavior (quadrant III);

– (HL) a province with a good pro-environmental behavior surrounded by neighbors with poor pro-
environmental behavior (quadrant IV).

Quadrants I and III represent positive spatial dependence, while quadrants II and IV represent negative
spatial dependence (Rey and Montouri 1999).
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Fig. 3 Moran’s scatter plot of
annual average differentiated
waste collection rate of
provinces. Source: Our
elaboration on ISTAT data. Note
MEAN is the annual average
differentiated waste collection
rate of provinces; W_MEAN is
the spatial lag of the annual
average differentiated waste
collection rate of provinces

of spatial autocorrelation is strongly linked to spatial Markov Chains analysis, and
the Moran’s scatter plot is an intermediate step of our analysis before carrying out the
SMCs analysis proper. In particular, Moran’s I coefficient is defined as follows:

I =
∑

i
∑

j Wi j (Xi − µ)
(
X j − µ

)

∑
j

(
X j − µ

)2

where Xi and X j indicate the variable describing the phenomenon under analysis,
respectively, in province i and in province j , µ is the average value in the sample
and Wi j is the standardized matrix of spatial contiguity, which specifies the criteria
for defining contiguity. In this analysis, the neighboring relationships are based on the
sharing of a common border (Anselin 1988).

This index allows us to determine the relationship between a phenomenon observed
in a given province j , and the same phenomenon observed in contiguous provinces.
Moran scatterplot (Fig. 3) shows Moran’s I coefficient as the slope of the regression
line in the scatter plot, where the spatial lag of the annual average differentiated
waste collection rate is on the vertical axis and the annual average differentiated
waste collection rate is on the horizontal axis (both standardized variables). Figure 3
indicates a high positive value of the Moran’s I coefficient (0.8028),7 that stands for
positive spatial correlation for the annual average differentiated waste collection rate.8

This result highlights a spatial proximity effect at work among Italian provinces in
terms of pro-environmental attitudes. In particular, Fig. 3 shows spatial spillovers
between contiguous provinces. According to these results, it will be interesting to
verifywhether the provinceswith better (worse) pro-environmental attitudes are able to

7 The null hypothesis of the Moran’s I test is spatial independence. According to the results, we reject the
null hypothesis at the 1% level, and we conclude that the annual average of provinces’ differentiated waste
collection rate presents spatial autocorrelation.
8 The Moran’s I test, carried out on differentiated waste collection rates for each year analyzed, always
rejects the null hypothesis of spatial independence. For reasons of space, we do not report these results, but
interested readers can request them to the authors.
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influence the oneswithworse (better) pro-environmental attitudes, thus determining an
improvement (deterioration) of their performance in the differentiatedwaste collection
process.

This hypothesis will be tested in the next section by means of the SMCs analysis.

4 Spatial Markov Chains analysis

The transition spatial Markov matrix is calculated by using the differentiated waste
collection rate as a proxy of pro-environmental behavior. According to this method-
ology, the transition of pro-environmental behavior states is considered between two
subsequent time periods; in our analysis, we have thirteen possible transitions in the
period 1999–2012 (e.g., 1999–2001, 2001–2002,…, 2011–2012), and for each couple
of years we calculate the number of cases for each state. As we have 103 provinces
(n), 13 years (t − 1) from 1999 to 2012 and 5 (K ) states,9 it is possible to obtain, at
most, (103 × 5 × 13) = 6695 cases of transitions.10

We report the SMCs results as in Rey (2001). In particular, we define five feasi-
ble states (K = 5) based on the state variable values (differentiated waste collection
rate) with respect to the mean (M) (Schettini et al. 2011). In this case, we have states
denoting:

– poor pro-environmental behavior (P), with a characteristic value of differentiated
waste collection rate lower than the mean to 3/4 of a standard deviation (0.125);

– lacking pro-environmental behavior (L), with a characteristic value of differen-
tiated waste collection rate lower than the mean to 1/4 of a standard deviation
(0.430);

– average pro-environmental behavior (M), with a characteristic value of differenti-
ated waste collection rate equal to 1.156 (the average sample value);

– fair pro-environmental behavior (U), with a characteristic value of differentiated
waste collection rate higher than the mean to one standard deviation (1.742);

– good pro-environmental behavior (H), with a characteristic value of differentiated
waste collection rate higher than the mean to 11/2 standard deviation (3.713).

In summary, the five states are set in the following order: P < L < M < U < H.
The results of conditioning the transition probabilities on the spatial lag11 of a

given province are reported in Table 1, where column 4 lists the number of cases in
each situation. For example, line 8 indicates the transition probability of a province
that starts in t with a M level of pro-environmental behavior to move to other pro-
environmental behavior classes in the following year (t+1), given that it is surrounded
by L neighbors. If we consider pairs of consecutive years, there are 62 cases (line 8
column 4) of provinces in that situation.

9 The number of states (=5) is given by default by the software Space–Time Analysis of Regional Systems
(STARS) and it is not editable.
10 With n provinces, K states and tyears, there are (t − 1) × K × n possible cases of transitions.
11 The spatial lag is the average differentiated waste collection rate of neighboring provinces. The spatial
lag is a weighted average, where the weights are represented by the elements of the contiguity matrix.
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Table 1 SMCs matrix

Line T No. of cases (t + 1)

Neighborhood
condition

P L M U H

1 P P 27 0.815 0.185 0 0 0

2 L 7 0 1 0 0 0

3 M 0 0 0 0 0 0

4 U 0 0 0 0 0 0

5 H 0 0 0 0 0 0

6 P L 32 0.375 0.625 0 0 0

7 L 259 0.023 0.861 0.116 0 0

8 M 62 0 0.226 0.774 0 0

9 U 0 0 0 0 0 0

10 H 0 0 0 0 0 0

11 P M 1 0 1 0 0 0

12 L 65 0 0.831 0.169 0 0

13 M 220 0 0.005 0.927 0.068 0

14 U 83 0 0 0.096 0.892 0.012

15 H 2 0 0 0 0.5 0.5

16 P U 0 0 0 0 0 0

17 L 0 0 0 0 0 0

18 M 88 0 0 0.932 0.068 0

19 U 243 0 0 0.041 0.934 0.025

20 H 79 0 0 0 0.241 0.759

21 P H 0 0 0 0 0 0

22 L 0 0 0 0 0 0

23 M 8 0 0 0.75 0.25 0

24 U 64 0 0 0.016 0.875 0.109

25 H 99 0 0 0 0.121 0.879

Note: the largest value in each row is presented in boldface. Italicized values indicate permanence in the
same situation between years

Lines 1–5 represent provinces sitting in neighborhoodswith a poor pro-environmen-
tal behavior (P); lines 6–10 represent provinces sitting in neighborhoods with a
lacking pro-environmental behavior (L); lines 11–15 represent provinces sitting in
neighborhoods with an average pro-environmental behavior (M); lines 16–20 rep-
resent provinces sitting in neighborhoods with a fair pro-environmental behavior;
finally, lines 21–25 represent provinces sitting in neighborhoods with a good pro-
environmental behavior. It is interesting to note that the shaded cells generally deploy
the highest values for each line, and as such cells denote the main diagonal, this
reveals the presence of inertia: The probability of a province to remain in the same
pro-environmental behavior class is relatively high, and in some cases this probability
is over 0.90.
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If we focus on provinces with a under-average pro-environmental behavior (P and
L), we observe that the probability of remaining below the mean is:

– high forLprovinces sitting in neighborhoodswith a poor pro-environmental behav-
ior (P); in particular, it is equal to one (sum of the cells up to L, line 2). The same
probability is equal to one for the P provinces (sum of the cells up to L, line 1);

– high for both P and L provinces sitting in neighborhoods with a lacking pro-
environmental behavior (L): one for P provinces (sum of the cells up to L, line 6)
and almost 0.90 for L provinces (sum of the cells up to L, line 7);

– high for both P and L provinces sitting in neighborhoods with an average pro-
environmental behavior (M): one for P provinces (sum of the cells up to L, line
11) and 0.83 for L provinces (sum of the cells up to L, line 12). In particular, L
provinces have a probability of 0.169 of improving if they are surrounded by M
provinces (the cell in correspondence of M, line 12);

– finally, it is interesting to note that, in the case of neighborhoods with fair and good
pro-environmental behavior (U and H), both P and L provinces have a probability
equal to zero because they are never surrounded by U and H neighbors (lines 16
(21) and 17(22)).

We now consider provinces starting off with fair or good pro-environmental behavior
(in the year t), that is provinceswith above themean pro-sociality (U andH), but sitting
in neighborhoods with poor or lacking pro-environmental behavior (P and L) (lines 4,
5, 9, 10). In this case, we can determine the probability of remaining above average or
falling below in the subsequent period. In particular, we note that P provinces have no
effect on U and H provinces, as the latter are never surrounded by P neighbors (lines 4
and 5), and this result is also found in the case of neighboring provinces with a lacking
pro-environmental behavior (lines 9 and 10).

When provinces starting with good or fair pro-environmental attitudes are sur-
rounded by provinces with a good pro-environmental attitude (U and H provinces)
(lines 19, 20, 24 and 25), we observe that:

– U provinces, if surrounded by other U provinces, have a higher probability to
worsen their pro-environmental (0.041) attitude than to improve it (0.025) (line
19). H provinces surrounded by U provinces have a probability of 0.24 to worsen
their pro-environmental attitude (line 20).

– U provinces, if surrounded by H provinces, have a probability of about 0.11 to
improve their pro-environmental attitude (line 24); on the contrary, H provinces
surrounded by other H provinces have a 0.12 probability to worsen their pro-
environmental attitude (line 25).

Finally, if U and H provinces are surrounded by M provinces, we observe that: U
provinces have a probability of about 0.10 (0.012) to worsen (improve) their pro-
environmental attitude (line 14), whereas H provinces have a probability of 0.5 to
worsen their pro-environmental attitude (line 15).

In summary, we observe that provinces with an under-average pro-environmental
behavior (poor or lacking) are closely linked in terms of proximity effects: P provinces
affect L provinces and vice versa, but this influence is negative because it worsens
pro-environmental attitudes; in other words, such provinces experience a perverse
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Table 2 Ergodic separate
collection rate distributions

Lag P L M U H

P 0 1 0 0 0

L 0.024 0.645 0.331 0 0

M 0 0.015 0.571 0.404 0.01

U 0 0 0.354 0.586 0.06

H 0 0 0.032 0.509 0.459

spatial lock-in from mutual lack of positive pro-social behavioral cues. On the con-
trary, provinces with under-average pro-environmental behavior, if surrounded by
M provinces, improve their attitudes in the differentiated waste collection process.
Moreover, provinces with under-average pro-environmental attitudes are never influ-
enced by provinces with good or fair differentiated waste collection rates, due to
mutual geographical segregation. Accordingly, provinces with a under-average pro-
environmental attitude do not affect provinces with good or fair pro-environmental
attitudes. Finally, U provinces negatively affect H provinces, but not vice versa, while
provinces with good pro-environmental attitudes positively affect themselves.

In addition, we consider the ergodic distribution12 that can be interpreted as the
long-run distribution of pro-environmental attitudes at the provincial level. Additional
insights about the relationship between a province’s transition probabilities and the
pro-environmental behavior class of its spatial lag can be gained by considering the
ergodic distributions implied by each of the estimated conditional transition matrices
from Table 1. Five different ergodic state vectors are reported in Table 2.13

Similar to the initial distributions, the long-run distributions are strongly biased.
Indeed, when provinces are surrounded by neighbors with above-average pro-
environmental attitudes, the final distribution is more and more skewed upwards: The
probability to maintain a good pro-environmental behavior on the long run is strong
(Table 2, columns 5 and 6). Alternatively, when provinces are surrounded by neigh-
bors with under-average pro-environmental behavior, the ergodic distribution is more
and more negatively skewed: The probability to maintain a poor pro-environmental
attitude is very strong (Table 2, column 3).

In Tables 3 and 4, we report the information extracted from the results presented in
Table 1. In particular, Table 3 shows the probability of a province to stay in the same
class of pro-environmental behavior, independently of its neighborhood (Schettini
et al. 2011); in this case, we observe that this probability is high for L, M and U
classes, respectively, 0.54, 0.68 and 0.54; less high for H class (0.43), while the lowest
probability is registered for P class (0.24).

12 “The ergodic distribution should be viewed as a “thought experiment” that illustrates how space may
influence transition dynamics, rather than as a guide to what would transpire in reality” (Rey 2001). The
ergodic distribution returned by the software is computed for each of the five transition matrices. For more
details on the ergodic distribution concept, see Rey (2001) and Le Gallo (2004).
13 Some conditional transition probabilities are computed on a small number of observations (in two cases
there are only 1 and 2 observations, e.g., lines 11 and 15) and hence may be over- or underestimated. This
problem occurs in all the empirical studies conducted with this method (Le Gallo 2004; Schettini et al.
2011).
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Table 3 Probability of staying
in the same pro-environmental
behavior class

Probability P L M U H

0.238 0.5384 0.6766 0.5402 0.4276

Table 4 Summary of SMCs analysis

Cases of provinces
with better neighbors

Cases of provinces
with better neighbors
and that got better

Probability of getting
better with better
neighbors

Getting better A B B/A

249 47 0.1887

Cases of provinces
with worse neighbors

Cases of provinces
with worse neighbors
and that got worse

Probability of getting
worse with worse
neighbors

Getting worse A B B/A

233 42 0.1802

Following Schettini et al. (2011), we count in Table 4 all the cases of provinces
whose neighbors are classified in better pro-environmental behavior classes (Table 4,
column A) and, among these, count the cases of provinces that improve their situation
(Table 4, columnB). At this point, we calculate the probability of moving to better pro-
environmental behavior classes, given that the province is surrounded by neighbors
with a better pro-environmental behavior (column B/A in Table 4); the same method
is applied to the cases of pro-environmental behavior class worsening (see Table 4,
rows 5 and 6).

The calculations reported in Table 4 show that: (1) if a province is surrounded by
neighbors with better (worse) pro-environmental behavior, it has a probability of about
0.18 to improve its performance; (2) the probabilities of improving vs. worsening the
pro-environmental behavior class are the same. We can thus conclude that the pull
effect (i.e., the impact of neighbors with a good pro-environmental behavior in the
improvement of a province’s pro-environmental attitude) is identical to the drag effect
(i.e., the effect of neighbors with a bad pro-environmental behavior in the worsening
of a province’s pro-environmental attitude) (see Schettini et al. 2011).

The results of this analysis have shown the importance of neighbors with a good
pro-environmental attitude in promoting an improvement in the differentiated waste
collection process in a given province. In addition, the adverse proximity effects
produced by bad neighbors should also not be underestimated, especially when under-
average pro-environmental attitudes are concentrated in one specific quadrant of the
country and show a time-space persistence. If not mitigated by policy makers, this
persistence would result in a widening of the dualism in terms of pro-sociality—in our
case, of the dualism between Northern and Southern Italy in terms of differentiated
waste collection rates. This effect is evident from the results of the local Moran test
(Anselin 1995) which allows to identify the presence of spatial clusters (see Table 5).
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The localMoran test (Anselin 1995) can be used to identify local clusters (provinces
where adjacent areas have similar values) or spatial outliers (areas distinct from their
neighbors). In particular, the local Moran statistic decomposes the Moran’s I into
contributions for each location, Ii . The sum of Ii for all observations is proportional
to Moran’s I, an indicator of a global pattern. Thus, there are two interpretations of
Local Moran statistics, i.e., one considering them as indicators of local spatial clusters
and the other one considering them as a diagnostic tool for outliers in global spatial
patterns. In Table 5, we report the results from the application of the local Moran
statistics to the differentiated waste collection rate (a proxy of pro-environmental
behavior) in each of the years considered; in the fourth column, we report the number
of years for which the local Moran statistic provides indications of clustering using a
pseudo-significance level of p = 0.05; we also report the number of years for which
the statistic is significant in each of the four quadrants of the Moran’s scatter plot
(columns 5–8). These results show that:

– 100% of significant local indicators fall in either quadrants I and III of theMoran’s
scatter plot, reflecting HH and LL clustering, respectively;

– two strong provincial clusters emerge and seem to be persistent in the 14 years
under analysis. The first cluster, i.e., the Northern one, is characterized by good
pro-environmental behavior and includes two provinces of Liguria (Genova and
La Spezia), the whole of Lombardy and Trentino Alto Adige regions, and some
provinces ofVeneto (Verona,Vicenza,Belluno andTreviso), each ofwhich appears
in quadrant I when its local Moran is significant. The second one, i.e., the Southern
Italy one, is characterized by poor pro-environmental behavior and includes some
provinces of Abruzzo (Pescara and Chieti), and the whole of Molise, Campania,
Puglia, Basilicata andCalabria regions, each ofwhich appears in quadrant III when
its local Moran is significant.

The effect of a persistent dualism in pro-environmental behavior in the differentiated
waste collection process is a problem that must be seriously considered by policymak-
ers, especially when provinces with poor pro-environmental behavior are surrounded
by neighbors with similar attitudes, as it is the case in the Southern Italy cluster, where
the probability of worsening of a province’s pro-social attitude is equal to 0.18.

5 Conclusions and final remarks

In this paper, we have studied proximity effects at the provincial (NUTS-3) level in the
Italian case in the socio-spatial dynamics of pro-environmental behaviors, in particular
in terms of differentiated waste collection habits. We have found in particular that
proximity matters, both in reinforcing positive pro-social dynamics among neighbors
and in worsening negative ones, and that inertia plays a large role in making transition
processes sticky.

Our results suggest in particular that not only the level of pro-sociality of neighbors
can influence a province’s pro-social attitude, but also that, due to the cumulative effect
over time, the gap between areas with good pro-social attitudes and those with poor
ones can widen in time, giving rise to structured clusters where good pro-sociality is
self-reinforced and bad pro-sociality perversely locks-in. These phenomena could be
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Table 5 Summary of local measures of spatial association: differentiated waste collection rate, 1999–2012

Macro area Regions Provinces p < 0.05 Q1 Q2 Q3 Q4

N–W Piemonte Torino 1 1 0 0 0

N–W Piemonte Vercelli 0 0 0 0 0

N–W Piemonte Novara 12 12 0 0 0

N–W Piemonte Cuneo 0 0 0 0 0

N–W Piemonte Asti 0 0 0 0 0

N–W Piemonte Alessandria 0 0 0 0 0

N–W Piemonte Biella 0 0 0 0 0

N–W Piemonte Verbano–Cusio–
Ossola

0 0 0 0 0

N–W Valle d’Aosta Aosta 0 0 0 0 0

N–W Liguria Imperia 0 0 0 0 0

N–W Liguria Savona 0 0 0 0 0

N–W Liguria Genova 14 14 0 0 0

N–W Liguria La Spezia 10 10 0 0 0

N–W Lombardia Varese 10 10 0 0 0

N–W Lombardia Como 11 11 0 0 0

N–W Lombardia Sondrio 12 12 0 0 0

N–W Lombardia Milano 8 8 0 0 0

N–W Lombardia Bergamo 1 1 0 0 0

N–W Lombardia Brescia 14 14 0 0 0

N–W Lombardia Pavia 14 14 0 0 0

N–W Lombardia Cremona 9 9 0 0 0

N–W Lombardia Mantova 9 9 0 0 0

N–W Lombardia Lecco 13 13 0 0 0

N–W Lombardia Lodi 14 14 0 0 0

N–E Trentino Alto Adige Bolzano 10 10 0 0 0

N–E Trentino Alto Adige Trento 14 14 0 0 0

N–E Veneto Verona 11 11 0 0 0

N–E Veneto Vicenza 14 14 0 0 0

N–E Veneto Belluno 11 11 0 0 0

N–E Veneto Treviso 4 4 0 0 0

N–E Veneto Venezia 0 0 0 0 0

N–E Veneto Padova 0 0 0 0 0

N–E Veneto Rovigo 2 2 0 0 0

N–E Friuli Venezia Giulia Udine 0 0 0 0 0

N–E Friuli Venezia Giulia Gorizia 6 6 0 0 0

N–E Friuli Venezia Giulia Trieste 0 0 0 0 0

N–E Friuli Venezia Giulia Pordenone 0 0 0 0 0

N–E Emilia Romagna Piacenza 0 0 0 0 0

N–E Emilia Romagna Parma 0 0 0 0 0
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Table 5 continued

Macro area Regions Provinces p < 0.05 Q1 Q2 Q3 Q4

N–E Emilia Romagna Reggio Emilia 0 0 0 0 0

N–E Emilia Romagna Modena 0 0 0 0 0

N–E Emilia Romagna Bologna 0 0 0 0 0

N–E Emilia Romagna Ferrara 0 0 0 0 0

N–E Emilia Romagna Ravenna 0 0 0 0 0

N–E Emilia Romagna Forlì 0 0 0 0 0

N–E Emilia Romagna Rimini 3 3 0 0 0

C Toscana Massa 0 0 0 0 0

C Toscana Lucca 1 1 0 0 0

C Toscana Pistoia 0 0 0 0 0

C Toscana Firenze 0 0 0 0 0

C Toscana Livorno 0 0 0 0 0

C Toscana Pisa 0 0 0 0 0

C Toscana Arezzo 0 0 0 0 0

C Toscana Siena 0 0 0 0 0

C Toscana Grosseto 0 0 0 0 0

C Toscana Prato 1 0 0 1 0

C Umbria Perugia 12 0 0 12 0

C Umbria Terni 12 0 0 12 0

C Marche Pesaro 9 0 0 9 0

C Marche Ancona 14 0 0 14 0

C Marche Macerata 11 0 0 11 0

C Marche Ascoli Piceno 8 0 0 8 0

C Lazio Viterbo 3 0 0 3 0

C Lazio Rieti 1 0 0 1 0

C Lazio Roma 1 0 0 1 0

C Lazio Latina 12 0 0 12 0

C Lazio Frosinone 0 0 0 0 0

S Abruzzo L’Aquila 0 0 0 0 0

S Abruzzo Teramo 3 0 0 3 0

S Abruzzo Pescara 12 0 0 12 0

S Abruzzo Chieti 10 0 0 10 0

S Molise Campobasso 12 0 0 12 0

S Molise Isernia 14 0 0 14 0

S Campania Caserta 9 0 0 9 0

S Campania Benevento 7 0 0 7 0

S Campania Napoli 10 0 0 10 0

S Campania Avellino 14 0 0 14 0

S Campania Salerno 14 0 0 14 0

S Puglia Foggia 13 0 0 13 0
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Table 5 continued

Macro area Regions Provinces p < 0.05 Q1 Q2 Q3 Q4

S Puglia Bari 10 0 0 10 0

S Puglia Taranto 5 0 0 5 0

S Puglia Brindisi 13 0 0 13 0

S Puglia Lecce 13 0 0 13 0

S Basilicata Potenza 14 0 0 14 0

S Basilicata Matera 14 0 0 14 0

S Calabria Cosenza 14 0 0 14 0

S Calabria Catanzaro 14 0 0 14 0

S Calabria Reggio Calabria 14 0 0 14 0

S Calabria Crotone 14 0 0 14 0

S Calabria Vibo Valentia 3 0 0 3 0

I Sicilia Trapani 6 0 0 6 0

I Sicilia Palermo 6 0 0 6 0

I Sicilia Messina 10 10 0 0 0

I Sicilia Agrigento 14 0 0 14 0

I Sicilia Caltanissetta 6 0 0 6 0

I Sicilia Enna 0 0 0 0 0

I Sicilia Catania 11 11 0 0 0

I Sicilia Ragusa 10 10 0 0 0

I Sicilia Siracusa 0 0 0 0 0

I Sardegna Sassari 0 0 0 0 0

I Sardegna Nuoro 7 0 0 7 0

I Sardegna Cagliari 10 0 0 10 0

I Sardegna Oristano 12 12 0 0 0

We indicate with N–E, N–W, C, S and I, respectively: North–East Italy, North–West Italy, Central Italy,
Southern Italy and the Islands.
p < 0.05: number of years the local statistic is significant at 0.05.
Q1: number of years for which the local statistic is in quadrant I of Moran’s scatterplot
Q2: number of years l for which the local statistic is in quadrant II of Moran’s scatterplot
Q3: number of years for which the local statistic is in quadrant III of Moran’s scatterplot
Q4: number of years for which the local statistic is in quadrant IV of Moran’s scatterplot

understood in terms of social learning processes. As Krasny et al. (2010) point out,
environmental education efforts should not be seen as self-contained, sectoral initia-
tive (e.g., in schools and for schools only), but rather as a complex and multifaceted
component of a social strategy that addresses all citizens, local communities and orga-
nizations. Proximity effects contribute to social learning in many ways through a
variety of relational, social and technological forms (Greunz 2003; Basile et al. 2012),
as vehicles of information, ideas, practices, beliefs, traditions and values, with sensible
impact on local patterns of pro-sociality, both in the short and the long term. This is
an area of major relevance for policy research and design, and especially so in view
of the huge challenges that large-scale waste collection and recycling issues pose in
densely populated, fast growing areas of the world (Yan et al. 2014).
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In the Italian case, both good and bad neighbors have an influence on a province’s
pro-social attitude, but due to geographical segregation provinces with good pro-
sociality are seldom exposed to bad neighbor habits, and accordingly provinces with
poor pro-sociality have little chance to learn from more virtuous neighbors. This
inevitably leads to more territorial inequality in pro-sociality. Environmental edu-
cation, however inclusive and comprehensive, cannot in itself suffice in breaking a
perverse lock-in state in the absence of powerful social incentives that make pro-
sociality more relevant at the local level. This condition is all the more critical if close
neighbors are in a similar situation. On the other hand, once a positive transforma-
tional social dynamic is at work, proximity with relatively better neighbors can give
a powerful push forward. The implication of these results is that in poorly pro-social
geographical clusters, rather than single isolated action, a coordinated effort toward
pro-sociality should be undertaken by neighboring regions to dismantle the negative
influence of proximity effects.

The two main clusters that emerge from our analysis, the Northern and Southern
Italy ones, not only reflect a gap in environmental pro-sociality, but are also in striking
contrast in terms of many other forms of socioeconomic inequality: income, employ-
ment, quality of education, quality of welfare services, infrastructures, and so on. It is
also interesting to notice that, in the Italian case, the Northern and Southern clusters
are separated by a “buffer zone”: Central Italy. Here, we have a somewhat intermedi-
ate situation where proximity effects are less definite and the resulting socio-spatial
dynamics is not strong enough to generate a cluster, even if Central Italy tends to
converge more toward the North than toward the South.

The environmental pro-sociality gap can be seen as a specific instance of the gap
in social capital caused by the high-trust/low-trust divide in Italian regions that is
a consequence of long-term historical processes, as argued in the classical analysis
of Putnam (1993), and of resulting gaps in governance quality (e.g., Kyriacou et al.
2015). But on the other hand, environmental pro-social movements have recently been
powerful drivers of social change (Jamison 2001), and therefore, one should not con-
sider poor environmental pro-sociality as a permanent historical legacy, but rather as
a stimulus for policy action that might positively reverberate also on other aspects
of socioeconomic inequality, for instance, by leveraging upon innovative sustainable
neighborhood development strategies (Valkering et al. 2013) calling for public–private
partnerships and collaboration, and focusing upon extensive social cooperation to
exchange and co-produce pro-socially useful knowledge and practices. It is also
intriguing to consider innovative policy design options that exploit new opportuni-
ties from social innovation. For example, in light of the Crociata et al. (2015) result
that differentiated waste recycling performance is positively influenced by the level
of cultural participation, one could think of cultural policies as an as yet unexplored
channel for eliciting large-scale behavioral change, also in view of the large resource
availability for structural policies in the Southern Italian regions in the context of the
EU cohesion policy. If cultural participation improves pro-social environmental atti-
tudes, carefully designed interregional cultural could provide a big push to break the
sociocultural lock-in. We look forward to more research and policy experimentation
in this promising direction.
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