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 Abstract 

The increasing importance of systematically studying the intersection of natural spaces and humans is 

evident in various sustainability ventures. Moreover, the ‘human’ element in this interaction furthers the 

need for psychological studies on the same. To do so, the present study aims to establish a basic 

framework with which researchers can operate with, to empirically inquire into pro-environmentalism. 

Specifically, the present study examines multidimensionality in pro-environmental attitudes (PEA). 

This is done using cluster analysis to identify and define clusters in a questionnaire on PEA. Data were 

collected from 129 Indian participants, via multisite online entry for a 55-item questionnaire on PEA 

(Dutta Roy, 2020). No empirical study has been conducted to analyse this tool yet. Therefore, 

hierarchical cluster analysis was used to exploratorily analyse the proposed PEA questionnaire. Based 

on the results, PEA is conceptualized as the cognitive appraisal of environmental issues and solution to 

these issues, along with a tendency to partake in these solutions. Results indicate that the items club into 

3 clusters or dimensions. The three clusters thematically categorize PEA into pro-environmental 

cognitions about existing solutions (PC; Cluster 1), pro-environmental behaviours (PB; Cluster 2), and 

pro-environmental values (PV; Cluster 3). Further analysis of the clusters suggested removal of 27 

items, leading to a 28-item questionnaire with the aforementioned clusters of PC (8 items), PB (13 

items), and PV (7 items). Behavioural, cognitive and evaluative expression of pro-environmentalism is 

highlighted. The present study brings forth a novel categorization of pro-environmental attitudes, and 

provides a baseline for future conceptualization and measurement of these attitudes.  

Keywords: pro-environmentalism, pro-environmental attitudes, tool standardization, cluster analysis 
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Chapter 1: INTRODUCTION 

Pro-environmental attitudes 

 The Sustainable Development Goals (SDGs) by the United Nations show the efforts to act on 

environmental issues, and as environment deterioration continues globally, it becomes increasingly 

important to systematically study the interaction between human life and environment. Psychological 

research in environment, and conservation can greatly contribute to safeguarding the environment. For 

example, by highlighting how to improve pro-environmental attitudes.  

 The roots of environmental psychology are believed to be in the works of Willy Hugo 

Hellpach, who discussed impact of extreme climate on human behaviour in his book Geopsyche (1950; 

c.f. Pol, 2006). Further, in the 1960s, the American Psychological Association (APA) created a task 

force on environment and behaviour. This is now a part of Division 34 of the APA (population and 

environmental psychology; Richards, 2000). In 1970, the first book on environmental psychology was 

published, labelled Environmental Psychology: Man and His Physical Setting (Proshansky et al., 1970). 

During these years, key topics included perceptions of the environment, social uses of space, use of 

environmental resources, perceptions of environmental risk, and attributes of built environments. In 

recent times, conservation is also being focused on, wherein the key topics are regarding solving 

environmental issues through human behaviour (Clayton & Saunders, 2012), and encouraging 

conservation of the natural world (Saunders, 2003). For example, predicting, and creating interventions 

to make people act in a more environment friendly manner.  

  

The need to inspire behavioural changes for the environment has been well documented (as 

aforementioned). However, to do so, first there is a need to be able to define and quantitatively measure 

the constructs within pro-environmentalism. One important construct is that of PEAs. Attitudes are 

latent constructs that provide direction to one’s behaviour. Therefore, they are the likelihood of one’s 

responses. It is conceptualized in terms of the summary aggregations of the following: affective 

response, cognitions, behaviours, and behaviour intentions (Zimbardo & Leippe, 1991). This can be 

adopted for the context of PEAs. Therefore, the next step in environment psychological research would 

be to develop a questionnaire on the basis of these definitions of the multi-domain attitude towards 

environment. Such questionnaires can be used in various scientific investigations. For example, it can 

be used to test for the efficacy of an intervention by measuring PEAs pre- and post-tests. By providing a 

quantitative measure, one can directly draw inferences into whether interventions have the expected 

impact.  

 

 Pro-environmentalism has been closely tied with attitudes, and when taken in the context of 

environment and conservation psychology, PEAs are defined by Schultz et al. (2004) as “a collection of 

beliefs, affect, and behavioural intentions a person holds regarding environmental related activities or 

issues”. It refers to a latent construct, and is postulated to be comprised of the following nine sub-

constructs (unstandardized; Roy, 2021): 

a. Cleanliness: The extent to which people prefer uncontaminated surroundings, and ensure to keep it 

tidy. 

b. Safety: To what extent a person uses the practices, policies and procedures that ensure one's well-

being and safety in the immediate environment. 
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c. Sensitivity to environmental impact: To what extent a person reacts when exposed to scented 

products, cleaning products, laundry detergents, paints, petrochemicals, cigarette smoke, 

pesticides, pets, plants etc.  

d. Perceived control: To what level one can determine his own behaviour to bring about favourable 

outcomes in environment. 

e. Social support: To what extent availability and assistance from other people help in the 

improvement of environment. 

f. Recycling: To what extent an individual is ready to convert waste materials into new materials and 

objects.) 

g. Reuse: To what extent one wants to use an object or resource material again for either the same 

purpose or another purpose without changing the object's structure in a significant way. 

h. Reductionism: To what extent environmental reduction influences one's behaviour. 

i. Conservation: To what extent one protects, prevents, manages or restores natural environment and 

ecological communities. 

 

Objective  

In psychological test construction, multidimensionality of constructs is a critical concern. 

Cluster analysis is one of the multivariate approaches to navigate this. Pro-Environmental Attitude 

questionnaire is a 55-item scale that taps into the aforementioned nine sub-constructs of PEA. This has 

been developed by Dutta Roy (2020) in the Psychology Research Unit of the Indian Statistical Institute. 

This is a 55-item scale. 

Therefore, the objective of the present study is to empirically examine the multidimensional 

properties of the Pro-Environmental Attitude questionnaire using cluster analysis.  

 

The need to study PEAs have already been mentioned above. Research dwells into the 

behavioural output for pro-environmentalism but solemn addresses the encompassing concept of PEA. 

To understand the underlying latent constructs in PEA in a measurable format, the present study aims to 

perform item clustering of a tool on PEA (Dutta Roy, 2020). Previous studies (discussed in the 

Literature Review section (for example, Gifford, 2014)) have utilized the method of clustering to 

understand participant characteristics, but not item characteristics. Therefore, the present study 

elucidates the item characteristics in PEA to identify and remove “bad” items. The exploratory nature of 

the present study will further bring insight into how PEA is expressed, in a data-driven manner. 

Therefore, by allowing the data to guide the results, a novel characterization of PEA is aimed for, along 

with a latent structure of the same.  

 

Analysing psychological questionnaire data 

Clustering of data 

 Clustering of data is a data-mining process of grouping data into clusters or classes such that 

the items within the clusters are highly similar to each other, and those between the clusters are highly 

dissimilar from each other. There are further divided into two methods: hierarchical and partitioning. 

The present study employs the hierarchical method as it is advanced from partitioning method owing to 

the ability to process data based on distance, continuity, and density (Rani & Rohil, 2013).  
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 Hierarchical cluster analysis (HCA). HCA is an instance-based (nonparametric) machine 

learning technique which is an unsupervised (guided by data; there is no supervision of the statistical 

models) approach towards analysing similarities and dissimilarities in data. Here, the objective is to 

club similar data points, or to create “clusters of clusters”. Therefore, HCA creates a tree based 

taxonomic structure (or dendogram) over the data. The tree begins with a single root (which is a single 

cluster of all the data points), and gets divided into multiple prongs or branches (subsets of data) with 

multiple leaves (individual datum; Adams, n.d.). Another visualization technique is the graph with 

pairwise distances. Further, two methods can be used to form a tree: agglomerative and divisive. The 

former starts at the bottom (bottom-up approach), with every datum in a single cluster, and builds 

together to form groups. The latter (divisive clustering) is a top-down approach where the cumulative 

data is chopped down into singleton groups (Adams, n.d.).  

 Euclidean distance. HCA can be performed with various distance measures (measures of 

clubbing the data to form the clusters). To make meaningful sense of the clusters within the data, the 

optimum distance measure needs to be selected otherwise, the clustering of data would be random. 

Therefore, this needs to be based on the phenomenon that is being studied (10.1 - Hierarchical Clustering 

| STAT 555, n.d.). In the present study, the Euclidean distance (the square root of the sum of the square 

differences) is utilized. This utilizes the Pythagorean theory to plot distances between points. Here, the 

length of the line between two points (the smallest distance formed by a right angle between the two 

points with the line connecting the points as the hypotenuse) is considered. Therefore, Euclidean distance 

is essentially the Pythagoras theory extended into a three-dimensional space. The following formula is 

used: 

𝒅(𝒂,𝒃) = √∑(𝒂 − 𝒃)𝟐 

 Using this formula, a Euclidean distance matrix is created which is a nxn matrix representing the 

distance between all points of data in Euclidean space (a three-dimensional space to plot distances). This 

matrix can be further used to assess similarities within and between clusters. 

 Ward’s minimum variance method. Ward’s method is used to assess minimum variance in 

agglomerative HCA. Here, data is clubbed on the basis of optimal value of an investigator’s operation by 

minimizing the total within-cluster variance. These are the squared Euclidean distance between points 

(Murtagh & Legendre, 2014; Ward, 2012).  

 NbClust. Clustering of data is an excellent nonparametric alternative to factor analysis of 

questionnaires. However, it often leaves researchers with a large chunk of data, with various clusters, 

based on certain assumptions. There can be ambiguity when deciding how many clusters to consider, as 

there can be numerous heights within a dendogram. Therefore, this clustering scheme requires some 

structure and a valid method to establish the number of optimal clusters, and a distinction between items 

within a cluster. To tackle this, a R package called NbClust has been used in the present study. This offers 

the optimal number of clusters by considering thirty decision indices (Charrad et al., 2014, 2015).  

 Item clustering. The aim of cluster analysis is to identify similar variable on the basis of their 

characteristics (determined by the Euclidean distance), and how the participants respond to them. 

Therefore, this results in a grouping of items that have high functional homogeneity, meaning that 

variables in a group are highly homogenous and those between groups are highly heterogenous (Hair et 

al., 2006). In the present study, the aim of item clustering is to identify homogenous items in the PEA 

questionnaire and to group them. This will further contribute in a holistic understanding of PEA and its 

characteristics.  
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Chapter 2: LITERATURE REVIEW 

Pro-environmental attitudes 

 The onus of the numerous environmental issues that is faced by the global community is 

widely thought to fall on unsustainable human behaviour (Clayton & Brook, 2005; Laffoley & Baxter, 

2016). Therefore, a solution to this is to improve and reinforce sustainable behaviour to conserve and 

protect the natural environment (Gifford, 2014). These behaviours can be improved by targeting pro-

environmental attitudes, as they play a vital role in determining pro-environmental behaviour (Gifford 

& Sussman, 2012). In fact, this has been observed at a micro-level, with PEAs predicting employee 

green behaviour (both voluntary and required; Tian et al., 2020). Besides acting as a predictor of pro-

environmental behaviours (PEBs), PEAs also act as a gauge for level of public support that is lent to 

environmental action; this has been utilized by policymakers and such.  

 PEAs have been described as having preservation and utilization dimensions, and seem to vary 

according to demographic details such as age, gender, socioeconomic status, nation, urban-rural 

residence, religion, politics, values, personality, experience, education, and environmental knowledge  

(Gifford & Sussman, 2012). Here, preservation refers to protecting existing resources and utilization 

refers to using existing resources to their maximum in a sustainable manner (i.e., reuse, recycle, and so 

on).  

 

 Stern (2000) proposes four main causal variables that impact PEBs. These are: attitudes 

(including norms, beliefs and values), contextual forces, personal capacities, and individualistic habits 

and routines. To further contextualize this, the Theory of Planned Behaviour (TPB) and Value-Belief-

Norm (VBN) have been widely accepted to elucidate PEAs.  

 The former (TPB; Ajzen, 1991) posits that individuals make rational decisions based on 

weighing (maximization of) pros and (minimization of) cons. Therefore, PEBs could directly be 

inferred on the basis of attitudes, subjective norms, and perceived behavioural control. This has 

explained various behaviours such as use of public transport (Heath & Gifford, 2006), and 

environmental behaviour (Kaiser et al., 2005). Therefore, taking the example of recycling. First, 

individuals must believe in the environmental issues. Then, they must link recycling as an effective 

mitigative strategy for these issues, and as a beneficial action before partaking in it.  

 Further, the theory of locus of control is also postulated to play an important role here. 

According to Zimbardo (1985), “a locus of control orientation is a belief about whether the outcomes of 

our actions are contingent on what we do (internal control orientation) or on events outside our personal 

control (external control orientation)” (p. 275). Therefore, beyond rational beliefs (as proposed by 

TPB), individuals must also believe in their competency in aiding the situation. Research findings have 

also suggested a significant association of an internal locus of control and support for conservation 

policies (Pavalache-Ilie & Unianu, 2012). Therefore, the implication is that there needs to be an 

increase in one’s belief about their power to perform PEBs, and a reduction in belief about others’ 

power regarding the same.  

 Building on this, the VBN has been accredited with also incorporating moral judgements in the 

mix. Here, the assumption is that individuals are likely to act in a pro-environmental fashion if they 

perceive a moral obligation to do so, sourced via one’s self, others, or the ecosystem in general. Stern et 

al. (1999) propose a three-tiered classification of values linked with the environment. These are: 

biospheric, social/altruistic, and egoistic. This model has previously explained PEBs such as recycling 
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(Aguilar-Luzón et al., 2006) and evaluation of behaviours supporting sustainability policies (Andersson 

et al., 2005). 

  

 Therefore, various theories have been used to understand pro-environmentalism (including 

PEAs and PEBs). The crux of the matter is that pro-environmentalism is an important aspect of human 

life. It impacts regenerative processes in humans. A study postulated a “regenerative compatibility” 

which indicated that restorative processes are predicted by the synergy between environmental attitudes 

and healthy ecosystems (Giusti & Samuelsson, 2020). Therefore, an attitude towards sustainability is 

seen to lead to greater wellbeing and ecological sustainability. Not only for humans, pro-environmental 

attitudes are also beneficial for natural biodiversity as it is linked with pro-environmental behaviours 

(Bamberg & Moser, 2007).  

 Therefore, owing to the global benefit that pro-environmental attitudes has on human and non-

human life, conducting scientific analyses into this becomes essential. One of the major avenues is how 

to increase sustainability, and uptake of green products. However, research such as these require a 

standardized, quantitative measure of pro-environmental attitudes. Therefore, it becomes essential to 

have a good, statistically sound questionnaire that can measure pro-environmental attitudes.  

 

Measuring pro-environmental attitudes 

 Measurement of PEAs was first done in the 1970s, with the development of the Maloney-Ward 

Ecology Inventory (Maloney & Ward, 1973; Maloney, Ward, & Braucht, 1975). This is based on the 

traditional affect, behaviour, cognitive (ABC) model of attitudes. Weigel and Weigel (1978) developed 

a unidimensional scale called the Weigel Environmental Concern Scale (Weigel & Weigel, 1978). In 

the same year, the New Environmental Paradigm questionnaire was developed (Dunlap and Van Liere, 

1978). This, along with its various revisions, is amongst the most famously used measures of PEA, and 

measures the sacredness people ascribe to natural spaces and Earth.  

 More recently, Milfont and Duckitt (2004) developed a scale based on a completely different 

factor structure. This is the Environment Attitudes Inventory (Milfont & Duckitt, 2004). There are 120 

items in the scale that are parsed into 12 factors, along with 2 overarching factors: preservation and 

utilization. Here, preservation refers to PEBs, and utilization refers to economic liberalism and the 

cognitive appraisal of the importance of conservation of the environment (for human use).   

 

 The struggles of standardizing scales on pro-environmentalism have been made explicit in past 

literature. One of the biggest challenges is to address the gap between attitude and actual behaviour. 

This is to fulfil the basic assumption of a good questionnaire that the items need to be able to 

distinguish people low on pro-environmental attitude from those high on it. Given the ambiguous nature 

pro-environmental behaviour, and a lack of consensus on concepts such as “paper”, “recycling”, and 

“often” (Kormos & Gilford, 2014), difficulties in standardization of the present scale are to be expected.  

 Moreover, questionnaires often have items that are reflective in nature (example, “recycling is 

hectic and inconvenient”). This increases the possible inconsistencies in data on displayed attitude and 

actual attitude towards pro-environmentalism. As attitudes are latent and cannot be observed directly, it 

makes it difficult to collect such data conclusively. Therefore, researchers have to rely on either self-

report measures or implicit techniques (such as, observation, priming, and response competition 
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measure). However, implicit measures can only be measured experimentally. A self-report measure, 

thus, comes in handy when measuring pro-environmental attitudes in a non-experimental setting. 

  

Dimensions in pro-environmental attitudes 

 The three-component model of attitudes (affect, behaviour, cognition) is widely followed when 

setting the items for attitude-based questionnaires on pro-environmentalism. However, this is a 

traditional view of attitude structure. An updated approach is to conceptualize attitudes as evaluative 

tendencies that influence and can be inferred from affects, behaviours, and cognitions (Milfont & 

Duckitt, 2010). Lange and Dewitte (2019) recommend that researchers should first understand the 

underlying processes of pro-environmental behaviours, and collect data along those lines. This can also 

be applied to pro-environmental attitudes where it may be fruitful to collect data on underlying 

dimensions.  

 A 12-factor structure of pro-environmental attitudes has been tested and standardized by 

Milfont and Duckitt (2010). These factors are: attitude towards democracy, altruistic concern, altruistic 

values, biospheric concern, biospheric values, conservatism views, ecological behaviour, economic 

liberalism, egoistic concern, limits to economic growth, openness to change, right-wing 

authoritarianism, self-enhancement views, self-transcendence values, social desirability, social 

dominance orientation, and sustainability. Here, it is apparent that this scale deals with all the issues of 

attitude scales that have been pointed out above by measuring underling dimensions of pro-

environmental attitudes, along with questions on observable behaviours.  

 

 Apart from factor analysis, exploratory methods have also been used to assess PEAs. For 

example, a study used cluster analysis to identify the following four clusters of PEBs, specific to 

purchase behaviours: pro-environment reputation and labels, pro-environmental waste, pro-

environmental contents, and ultra-behaviours (Soutar et al., 1994).  

 Another approach to measuring PEAs is to cluster the participants according to their 

sustainability beliefs. One such study categorized people into the following six groups: enthusiasts, 

pragmatists, aspirers, community-focused, commentators, and self-reliant (Poortinga & Darnton, 2014). 

Another study classified a UK-based sample into those who were pro-environment, neutral majority, 

disengaged, and paradoxical (Rhead et al., 2018). In an Indian sample, two clusters were identified: 

active and passive green activists (Modi & Patel, 2013).  

 A similar study classified Koreans’ PEA into environmentalists, dissatisfieds, inactivators, 

bystanders, honeybees, optimists, and moderates. Further, attitudinal differences were explained via the 

people’s PEBs. For example, it was seen that the environmentalists had a strong disposition towards 

environmental attitudes and behaviours. Dissatisfieds were not inclined towards government action on 

environment while the optimists were. Honeybees (older people) performed environmental practices 

without being aware of it, and bystanders (younger people) were not invested in these issues (Yoon & 

Ahn, 2020). Thus, the importance of cluster analysis in PEA research is highlighted. The research by 

Yoon and Ahn (2020) specifically points to the manner in which such nonparametric tools can be used 

to contextualize PEAs and related PEBs. 
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 These studies point out the difficulties in quantitatively assessing PEAs, and the discrepancy in 

the measurement of the same. The lack of consensus on how to conceptualize PEAs can be traced back 

to the latent nature of the concept. Adding fuel to this fire, is the fact that cultural variables seem to 

impact PEAs, and even the factor structure of these models.  

 

Pro-environmental attitudes in different cultures 

 The aforementioned scales have been widely used across countries. However, the fact that 

these measures have an incomplete outlook of PEAs is undeniable, as they adopt a ‘Western’ 

perspective when conceptualizing PEAs. In contrast, different cultures are postulated to lead to 

expression of PEAs and even PEBs in different manners. A famous Japanese philosopher, Tetsuro 

Watsuji, described Asians as people who live with nature, to a greater degree than ‘Westerners’. As a 

result, the “life environmentalism ideology” emerged which postulates the concepts of living with 

nature (Aoyagi-Usui et al., 2003).  

 This discrepancy between Western and Asian countries has also been identified by Schwartz 

(2004). Aoyagi-Usui et al (2003) point out that these discrepancies. Specifically, results of factor 

analysis of Schwartz’s Value Items, in a Japanese sample, point to the existence of three factors: 

biospheric-tradition, altruistic, and egoistic. Here, it was seen that the items that loaded onto these 

factors for data from the United States and the Netherlands were different as compared to Japan. 

Therefore, results suggested that there are differences in the manner that PEA is structured in different 

countries. The first factor had questions that indicated “preference for progress,” and the second factor 

had items that indicated “preference for environment.” Moreover, data from Japan was observed to be 

consistent across items whereas, data from the Netherlands seemed to vary across items such as political 

behaviour, energy-saving behaviour, and green consumer behaviours.  

 Therefore, the differences in cultural expression of PEAs emerged. In the aforementioned 

study, a single questionnaire was used to explore these differences. Moreover, these differences may 

lend to growing disconcert between how PEA is measured. For example, in the Indian context, the 

existence of street animals and humans is normal and expected. However, none of the standardized 

tools take such contextualized instances of environmentalism into account. Therefore, developing a 

contextualized tool, that is specific to the Indian sample is of extreme importance. The present study’s 

sample is drawn from metropolitan cities of India such as Mumbai, Delhi, Guwahati, Jaipur, and 

Kolkata. Therefore, while the results are not generalizable to the entire Indian population, the present 

study acts as an inception to the systematic study of PEAs in India. 

 

The present study 

 Keeping the aforementioned theories and statistical concepts in mind, the present study aims to 

contextualize PEAs, and examine its multidimensional nature. Further, it also aims to identify how the 

elements of PEA can be clubbed, using cluster analysis.  
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Chapter 3: METHOD 

Sample characteristics 

 The data was collected via multi-site online entry, using Google Forms. Snowball sampling 

was used to collect data from 129 Indians (Mage= 27.81 years, range = 18-65 years; SD = 9.64 years). 

Of these, 53.5% were post-graduates (Fig. 1), with Psychology being the most common specialization 

(35.1%; Fig. 2). Reading constituted the most common hobby (34.1%; Fig. 3). Further, most 

participants resided in an urban setting (60.5%; Fig.4). Therefore, it can be seen that majority of the 

participants did not have specialization or interest (hobbies) in environment-related activities. Further, 

living in an urban setting, they were unlikely to be exposed to natural spaces. 

 Therefore, it is evident that all of the participants were comfortable in English; most 

participants resided in urban spaces, and were well-educated. Therefore, this sample cannot be 

considered as representative of India, and the results drawn from this data is not generalizable. 

However, the present study acts as a preliminary inquiry into PEA in Indian metropolitan cities such as 

Mumbai, Delhi, Kolkata, Guwahati, and Delhi. Further research must aim to contextualize this further. 

Figure 1.  

Educational qualification of the participant
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Figure 2.  

Specialization of the participants 

 
Note: There is some missing data in specialization 

 

Figure 3.  

Hobbies of the participants 
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Figure 4.  

Locality of the participants 

 
 

Tool description 

 The Pro-environmental Attitude (unstandardized; Dutta Roy, 2020) questionnaire is a 

comprehensive device that assesses individual differences on pro-environmental attitudes – affect, 

beliefs, and cognitions that are inclined towards environmentalism. This 55-item scale with 9 proposed 

domains is assessed via a 5-point Likert scale that ranges from 1 (Strongly agree) to 5 (strongly 

disagree). The proposed domains are perceived control (1 item), safety (7 items), sensitivity to 

environmental impact (7 items), social support (6 items), recycling (7 items), reuse (7 items), 

reductionism (6 items), conservation (9 items), and cleanliness (5 items). The entire questionnaire with 

the theorized domains is attached in Appendix A.  

 

Data collection 

 The Pro-Environmental Attitude questionnaire (Dutta Roy, 2020) was made available to six 

research interns, who converted it to online format by uploading the questions to Google Forms. 

Further, the questionnaire was sent to potential participants through various social media platforms such 

as WhatsApp and Instagram by all 6 interns. The participants were briefed about the questionnaire by 

the interns (through introductory messages). The administration of the questionnaire was not controlled, 

as the participants were not in complete charge of the self-reported questionnaire. Next, the interns 

compiled all of the collected data to a Google Sheet.  

 

Statistical analyses 

 As aforementioned, the data from all six interns was compiled using Google Sheets, and 

analyses were performed on RStudio version 4.0.5. Data quality was checked by checking for any 

inconsistencies or missing data. There was one repeated item, and therefore, it was removed. No data 

was missing in the main questionnaire items, although there was some missing data in specialization.  

 Next, the items were reversed. In the original form of the questionnaire, lower scores indicated 

greater pro-environmental attitudes, as lower scores indicated agreement to the items. Therefore, the 

positive items were reverse scored (instead of the negative items), such that higher scores now indicate 
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greater pro-environmental attitudes. The valence of the items (positive versus negative) was based on 

unanimous decisions taken by the 6 interns on the basis of their understanding of the subject matter.  

 As 1 item was deleted, the questionnaire had 55 items (56 – 1 repeated item). Therefore, the 

scores could range from 55 to 275. The average score was 3.99 (checked using “mean()” code. 

Therefore, it can be seen that on an average, most participants were pro-environmental across all items. 

Further, to check for outliers, a boxplot (Fig. 5) was made on the basis of the row-means (mean of 

participant’s scores across all items). 3 outliers were found to fall below the mean (the maximum mean 

of these outliers was 3). These were located using the “locator(3)” function, and a new data-frame was 

created after removing the data of these 3 participants.  

 

 Therefore, the final sample in this paper is of 126 people, with an average score of 4.02. 

Therefore, this clean data (Fig. 6) also indicated that the participants scores towards the higher end of 

the questions in the Pro-Environmental Attitudes Questionnaire. 

 

 The following steps were then used to analyse data: 

 

Cluster analysis. Next, cluster analysis was used with Euclidean distance and Ward method to 

assess the (dis)similarity between items in the PEA questionnaire. This is a nonparametric version of 

factor analysis. Therefore, the aim was to explore the multidimensional nature of PEA by clustering the 

data obtained by it, based on a data-driven approach. For example, it can answer a question such as how 

dissimilar is recycling and reuse of plastic from one another. Next, NbClust was used to identify the 

optimal number of clusters in the PEA questionnaire, and the questionnaire was pruned to fit into the 

emergent three cluster-model of PEAs. In the present study, the dimensions of PEA were inferred by 

extracting clusters.  

 Kruskal-Wallis Test. Kruskal-Wallis, or the H-Test is a one-way nonparametric analysis of 

variance. This is used to assess differences between samples, and the null hypothesis is that the groups 

are drawn from the same sample, and is assessed using the medians of the groups (Singh, 2017; Corder 

& Foreman, 2009). This is tested using the following formula: 

 

(N = number in all samples combined; Tj= sum of ranks in j sample; and nj= number in j sample) 

 In the present study, the Kruskal-Wallis test is used to assess the differences between the 

clusters in the pro-environmental attitudes’ questionnaire. The H-test only points out to the overall 

differences between groups but does not give conclusive evidence for which group is different from the 

other. Therefore, a multiple comparison test (from R package ‘kruskalmc’) is used to assess the exact 

pairwise differences between groups (Siegel & Castellan, 1988).  

 

Mood’s Median Test. This is similar to the Kruskal-Wallis test, and checks for whether two 

samples are coming from the same population, and have the same median. Similarly, the null hypothesis 

is that the medians are the same for both the groups, therefore half scores lie above the median. The 

median test is used when there is inequality in variance of the distribution (Singh, 2017; Mangal, 2016). 

Further, a pairwise median test (a post-hoc method after Mood’s median test) gives specific measures of 

which groups are different each other. Mood’s median test was used to identify if the pairs of the three 
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clusters on PEA were distinct from each other. Upon finding significant differences, multiple 

comparison was run to identify the specific differences between the clusters on PEA, and effect size 

was calculated.  

 

Therefore, after performing these first round of analysis, three (Cluster 1, 2, and 3) significantly 

different raw clusters were identified in the data (Appendix A). The next step was to assess the raw 

clusters. 

 

Analysing raw cluster data 

Normality. The basic concept of normal distribution is that a majority of the cases (participants) 

are situated in the middle (near the mean), and decreasingly smaller number of cases are situated towards 

the extremes of a scale. This is graphically represented by a bell-curve or the ‘Normal Distribution Curve’ 

(NDC), and is applicable to most distributions of human physical and psychological traits (Anastasi & 

Urbina, 2007). This is the reason why it is a prerequisite in further statistical analysis. Specifically, if the 

sample data is observed to be normally distributed, the inferences that are drawn from it can be applicable 

to the population from which the sample is drawn, as the sample is a representation of the population.  

Statistical (Shapiro-Wilks test) and graphical (Q-Q plot and histogram) methods were used to 

elucidate that data of raw clusters in PEA. Upon performing these, it was seen that the data does not 

follow a normal distribution in. This indicated that parametric statistics could not be used to further 

analyze the clusters.  

This round of analyses showed that the clusters were not normally distributed. Therefore, the next 

step (item removal to get smallest possible number of items) was to be performed using nonparametric 

statistics. This was done by scrutinizing the Euclidean distance matrix.  

 

Item removal and further analysis 

Item removal. Upon computing the Euclidean distance matrix, it was seen that various items 

within the test were contributing to a larger distance within clusters. These items were identified by using 

the matrix mean, and removed if they had more than half pairs of more than average Euclidean distance 

with other items. 

This removal of items led to a shorter scale with three clusters (PC, PB, and PV), and to 

exploratorily understand it, normal distribution tools were used again, along with tools to assess 

difference between clusters (Kruskal-Wallis, Mood’s median test, multiple comparison Kruskal-Wallis, 

pairwise median test, and Kruskal-effect size).  

Visualizing clusters. The clusters were then visually depicted using distance matrices and heat 

maps, and explained using the theories of planned behaviour, locus of control, and values-belief-norm.    
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Chapter 4: RESULTS 

 The present study sought to explore multidimensionality in PEA questionnaire. No empirical 

study has assessed the PEA questionnaire previously. Therefore, hierarchical cluster analysis is 

conducted in the present study, and to arrive at a novel categorization of these attitudes.  

Cluster analysis 

 To use an unsupervised approach, hierarchical cluster analysis was performed to identify the 

relation between items. To do so, the first thing that was done was to transpose the data so that the items 

fall on the columns, and participants fall on the rows. This was done as R computes clusters column-

wise. Next, the Euclidean distance matrix was generated, which had an index for each data point 

(intersection of each item). The unsupervised Ward’s technique allowed for a data-driven analysis of 

the items. Therefore, the items were gradually clubbed on the basis of their closeness to other items. 

Here, there are two aims: to club similar items and to differentiate these from dissimilar items.  

Dendogram 

 On the basis of the hierarchical cluster analysis, a dendogram was produced (Fig. 5), which 

pictorially depicted the Euclidean distance between items. Here, the various branches represented that 

the scale on PEA has two major clusters which is further branches out into various other clusters. While 

the dendogram does an excellent job at depicting clusters, it provides incomplete knowledge. 

Specifically, there is no stopping rule for the number of clusters that can be inferred here.  

 

Figure 5.  

Clusters in PEA questionnaire 

 
 

NbClust (ideal number of clusters) 

 An empirical approach is needed in figuring out what an ideal number of clusters is in the present 

questionnaire, and also which item belongs to which cluster. Using NbClust in R, it was concluded that 

the optimal number of clusters in the dataset is 3. This was concluded as 11 indices (maximum for this 

dataset) of NbClust indicated so. This is also depicted graphically via the D index and the Hubert index 

(Fig. 6-7). In both these plots, a significant peak is sought that determines the optimal number of clusters. 
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Both the statistical and graphical methods therefore, pointed out to 3 as the optimal number of clusters in 

the data on PEAs.  

Figure 6.  

Number of suggested clusters (via NbClust) 

 
Figure 7.  

NbClust’s optimal number of clusters 

 
 

 To further identify which items belongs to which cluster, the data was pruned using the ‘cutree’ 

function on R. This was superimposed on the dendogram and a new dendogram was computed with boxes 

around the three clusters. After this, new data frames were created with only the specific items in each 

cluster. Table 1 has the characteristics of the 3 clusters that emerged using HCA (the categorization of 

the clusters is also present in Appendix A).  

Table 1.  

Cluster characteristics in PEA 
 Mean SD Median Skewness Kurtosis 

Cluster 1 3.92 0.39 3.95 -0.47 0.66 

Cluster 2 4.43 0.41 4.57 -0.99 0.41 

Cluster 3 3.37 0.45 3.36 -0.4 -0.04 
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Normality (within raw clusters) 

 Next, the normality testing was conducted to assess whether the data within the clusters is 

normally distributed. The data did not follow a normal pattern, as revealed by statistical techniques (Table 

2) and visualization (Figs. 8 and 9) techniques.  

Table 2.  

Shapiro-Wilk’s test for raw clusters 
 W p 

Cluster 1 0.97 0.015 

Cluster 2 0.91 0.000 

Cluster 3 0.98 0.000 

 

Figure 8. 

Boxplot of the 3 raw clusters 

 
 

Figure 9.  

Distribution of data in the 3 raw clusters 
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 A ceiling effect was observed in all the three clusters, and the participants were found to lie on 

the upper end across all clusters (Fig. 10; see also Table 1). This was in the expected direction as there 

was an overall ceiling effect in PEA data as well.  

Figure 10. 

Ceiling effect in all 3 raw clusters 

 
Note. The blue line is the mean, and the maximum for all the items is 5.  

 

Density plots were computed to get a visual depiction of the distribution of data. Here, it can be seen that 

Cluster 3 showed more normality that Cluster 1 and 2 but still, failed to meet all the assumptions of 

normality, as there was a peak after the mean as well (Figs. 11-13). 

Figure 11. 

Density plot of Cluster 1  
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Figure 12.  

Density plot of Cluster 2 

 
Figure 13. 

Density plot of Cluster 3 

 
 

 

Differences between raw clusters 

The cluster analysis informs the (dis)similarity between items, and normality checks were used 

to find non-normal distribution of data. To further quantify the significance of difference between the 

three clusters, the Kruskal-Wallis and multiple comparison tests were run. To do so, the data was arranged 

with just the row-wise means of all the clusters. The results indicated an overall significant difference of 

the medians across all three clusters via Kruskal-Wallis test (χ2 (20) = 149, p < 0.000) as well as the 

Mood’s Median test (χ2 (2) = 159.79, p < 0.000). Further, the pairwise median test was run, and results 

indicated a significant difference in the medians of all pairs of clusters (Table 3). Therefore, the Kruskal-

Wallis test indicates overall significant difference in the clusters, and the pairwise median test indicates 

significant differences between the pairs of clusters. However, this was insufficient to figure out which 

pair of clusters were most distinct from others, as these tests do not provide a critical difference value.  



CLUSTERING: PRO-ENVIRONMENTAL ATTITUDES 18 

 

To supplement this, a multiple comparison test (post hoc of Kruskal-Wallis) was run, to identify 

the specific indices of difference between the clusters. It was seen that the difference between Clusters 2 

and 3 were the highest, and the differences between Clusters 1 and 2, and 1 and 3 were almost equal. 

Therefore, the difference between Clusters 2 and 3 needs to be assessed, to check for what is contributing 

to this large, significant difference.  

Table 3.  

Differences between raw clusters using various nonparametric tools 

 Pairwise median 
Multiple comparison (Kruskal-

Wallis) 

Comparison 

groups 

(clusters) 

p 

value 

p value 

(adj) 

Observed 

difference 

Critical 

difference 

p value 

(<0.05) 

1 vs. 2 0.000 0.000 95.71 33.34 TRUE 

1 vs. 3 0.000 0.000 96.86 33.34 TRUE 

2 vs. 3 0.000 0.000 192.56 33.34 TRUE 

 

These tests are complemented by a large effect size (Kruskal effect size) as well (partial η2 = 

0.493), indicating that the size or strength of the difference between the clusters was also extremely high.  

 

Item removal 

 The aforementioned tools act as excellent resources to identify clusters and assess the 

significance of difference between the clusters. Therefore, two objectives of the present study are met by 

the aforementioned results. In addition to these, the present research also aims to obtain the minimum 

number of items that can maximally explain PEA. To do this, item removal needs to be performed. Before 

doing so, “bad” items need to be identified.  

Identifying dissimilar items 

 Given that the present study utilizes the nonparametric tool of HCA to cluster data, “bad” items 

are therefore, items that are most dissimilar from other items in a cluster. These items are the most distant 

(Euclidean distance) from other items in a cluster, and are contributing to variability within clusters. 

Therefore, these are identified using the Euclidean distance matrix for each cluster. Further, the items 

were removed by comparing the distance of item pair with the average of the entire cluster. If a single 

item had more than half number of pairs with greater than overall average distance, the item was removed. 

For example, in Cluster 1, if the overall mean of the distance matrix is 7, and the cluster had 10 items, if 

item A had more than 6 or more pairs with other items wherein the distance was more than 7 (cluster 

average), it was removed. Conversely, if item B had only 5 such pairs, and 5 other pairs with the distance 

less than 7 (cluster average), it was retained. This was done for all clusters. As a result, the 55-item 

questionnaire was reduced to a 28-item questionnaire. 

 Raw cluster 1. Initially, cluster 1 had 21 items. Based on the aforementioned  method, it was 

seen that the cluster average for Euclidean distance is 13.23, and 13 items had 10+ item pairs that were 

more than the cluster average (Fig. 14). Therefore, these items were removed, and Cluster 1 was left 

with 8 items (Appendix A). The revised cluster (after item removal) was labeled pro-environmental 

cognitions (PC). Example of a removed item: item ‘X’ (“The balance of nature is strong enough to cope 

with the manmade changes in the environment”). This item not only had the greatest distance in the 

matrix (23.91 with item V1; “The Earth has plenty of natural resources if we just learn how to develop 
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them”), it also does not have lesser than average distances with any other item. This may be a result of 

the ambiguity in the question with respect to what “develop” indicates. Such decisions were taken for 

each item in the item removal stage.  

 Raw cluster 2. Initially, cluster 2 had 23 items. Based on the aforementioned  method, it was 

seen that the cluster average for Euclidean distance is 11.32, and 10 items had 11+ item pairs that were 

more than the cluster average (Fig. 15). Therefore, these items were removed, and Cluster 2 was left 

with 13 items (Appendix A). The revised cluster (after item removal) was labeled pro-environmental 

behaviours (PB). Example of a removed item: item B1 (“When humans interfere with nature it often 

produces disastrous consequences”). Beyond having the largest distance (15.78) with item G1 (“I am 

not bothered by deforestation”), B1 also does not have above matrix average for most of its item pairs. 

Therefore, this item is also removed, and not considered in further analysis. 

 Raw cluster 3. Initially, cluster 3 had 11 items . Based on the aforementioned  method, it was 

seen that the cluster average for Euclidean distance is 18.49, and 4 items had 5+ item pairs that were 

more than the cluster average (Fig. 16). Therefore, these items were removed, and Cluster 1 was left 

with 7 items (Appendix A). The revised cluster (after item removal) was labeled pro-environmental 

values (PV). Example of a removed item: item R (“I prefer sticking to a plan that works according to 

my needs”). This item not only had the greatest distance in the matrix (22.14 with item L; “The balance 

of nature is very delicate and easily upset”), it also does not have lesser than average distances with any 

other item. This may be a result of the ambiguity in the question with respect to what “needs” indicates. 

Figure 14. 

Heat plot of Cluster 1  

 
Note. Red indicates greater distance, and blue indicates smaller distance from the cluster 

average 
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Figure 15.  

Heat plot of Cluster 2 

 
Note. Red indicates greater distance, and blue indicates smaller distance from the cluster 

average 

 

Figure 16. 

Heat plot of Cluster 3 

 
Note. Red indicates greater distance, and blue indicates smaller distance from the cluster 

average 
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Table 4. 

Heat map of the distance matrix of Cluster 1 

  A B D E F H K M T X Z I1 J1 K1 Q1 R1 S1 T1 V1 W1 

B 19.08                                       

D 16.82 14.59                                     

E 16.12 17.32 15.72                                   

F 16.25 15.94 14.53 13.56                                 

H 18.11 18.65 15.59 17.55 16.31                               

K 19.7 18.22 15.84 17.26 16.31 19.85                             

M 14.25 15.2 14.97 15.65 14.53 14.39 17.23                           

T 21.17 20.35 16.82 19.13 18.55 16.19 21.73 18.79                         

X 21.68 23.37 19.57 19.54 19.34 18.97 21.68 20.02 17.49                       

Z 15.46 17.52 14.83 14.66 14.04 17.23 15 12.33 19.82 20.12                     

I1 18.03 19.36 15.03 16.64 15.97 15.78 15.97 16.73 18.57 18.41 16.12                   

J1 16.46 18.19 16 16.64 16.94 16.64 18.41 14.28 19.42 20.32 14 16.79                 

K1 18.76 19.34 17.18 18.81 17.61 14.14 20.25 16.28 16.73 17.83 17.58 16.46 16.7               

Q1 18.33 17.32 15 14.83 15.81 15.36 16.67 14.04 18.22 19.95 15.07 16.09 15.72 17.2             

R1 17.15 17.83 15.65 16.85 15.3 14.28 17.32 13.23 15.17 17.44 15.91 14.73 15.84 13.42 14           

S1 19 21.1 17.44 17.8 17.8 15.91 20.02 16 17.46 17.35 16.37 17.2 18.17 16.46 15.59 14.66         

T1 17.46 19.31 16.06 17.06 16.4 19.31 15.59 16 19 18.19 13.34 15.68 16.06 18.79 17.41 15.78 17.49       

V1 16.12 17.26 17.35 17.55 16.79 19.08 19.29 15.65 21.59 23.92 15.33 18.36 16.34 20.49 17.26 18.28 19.42 17.69     

W1 18.71 19.13 17.75 18.55 17.49 15.1 19.95 14.04 17.72 19.65 16.64 17.86 15.91 15.62 15.3 12.81 16.4 19.05 19.03   

A2 16.58 17.12 15.94 17.23 15.52 16.22 17.86 13.49 17.69 19.57 13.78 16.97 13.34 16.09 14.87 14.25 17.26 15.1 15.91 14.8 

Note. The cells in red indicate least distant, and those in green indicate most distant item pair from overall Cluster 1. 
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Table 5. 

Heat map of the distance matrix of Cluster 2 

  C I J N Q S U V Y A1 B1 C1 D1 G1 L1 M1 O1 P1 U1 X1 Y1 Z1 

I 13.78                                           

J 13.42 11.83                                         

N 12.37 11.36 10.54                                       

Q 13.71 11.92 12 10.72                                     

S 14.32 13.3 11.36 10.68 10.63                                   

U 15.65 13.15 13 11.31 11.27 12.33                                 

V 12.53 10.25 10.34 6.93 11.09 10.1 10.49                               

Y 12.17 11.49 10.68 10.25 12.08 10.54 12.77 9.64                             

A1 15.49 12.41 12.96 12.85 13.11 12.85 13.6 11.62 12.25                           

B1 15.62 13.86 13.34 12.29 13.49 13 12.37 11.79 12.96 13.64                         

C1 15.3 13.04 13.64 12.04 14 13.67 13.96 11.36 12.81 13.34 15.17                       

D1 13.15 11.7 9.85 8.72 11.62 11.05 11.22 8 10.25 11.7 12.69 11                     

G1 15.46 14.66 14.11 13.19 14.18 15.03 14.76 13.71 13.53 15.46 15.78 15.26 13.34                   

L1 13.15 11.96 9.95 9.49 10.54 9.27 11.14 9.06 8.66 10.82 11.45 11.53 9.27 14.35                 

M1 12.25 13.86 12.08 12.29 14.28 12.85 14.25 12.04 10.58 15.03 13.71 14.35 12.12 13.6 11.7               

O1 13.34 13.19 11.22 10.63 11.05 10.25 12.21 10.54 9.38 12.81 12.33 12.41 10.54 13.38 8.89 10.86             

P1 11.7 11.18 9.95 9.27 9.85 9.7 12.08 8.94 9.33 11.7 12.77 11.18 8.83 13.19 8.49 11.27 8.77           

U1 14.18 12.61 10.82 9.9 11.36 10.49 11.75 10 9.85 12.29 12.04 12.29 9.38 13.78 8 12.61 8.31 9.17         

X1 13.75 12.45 9.95 10.68 11.62 10.68 12.73 10 10.34 12.45 11.27 11.36 10.39 13.78 8.83 11.79 10.15 9.17 9.7       

Y1 13.15 12.12 11 10.77 12.69 12.41 13.71 10 9.54 13.45 12.69 12.45 10.68 12.17 9.8 11.27 9.75 10 9.7 10.58     

Z1 14.35 14.07 13.71 12.04 13.42 13.82 14.59 11.96 12.81 15.17 13.56 13.93 12.85 15.33 12.04 14.35 13.19 11.62 12.77 12.53 12.12   

C2 13.71 11.58 10.86 9.33 10.3 10.15 10.44 8.66 9.27 10.95 12.08 12.25 9.11 13.6 8.19 12.41 10.1 9.11 8.31 9.64 11 12.33 

Note. The cells in red indicate least distant, and those in green indicate most distant item pair from overall Cluster 2. 
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Table 6. 

Heat map of the distance matrix of Cluster 3 
 G L O P R W E1 F1 H1 N1 

L 19.1          

O 15.78 16.55         

P 19.29 17.41 19.62        

R 18.14 22.14 19.08 21.61       

W 17.94 18.36 14.66 19.29 21.28      

E1 16.52 18 15.49 20.22 20.49 17.75     

F1 18.17 20.66 17.75 18.76 20.71 18 20.71    

H1 15.2 18.87 16.55 19.62 18.71 18.79 18.87 18.14   

N1 18.95 18.17 17.49 16.16 19.85 18.79 19.85 19.92 18.11  

B2 17.32 18.36 18.19 17.83 20.76 17.66 18.73 18.92 16.88 17.23 

Note. The cells in red indicate least distant, and those in green indicate most distant item pair from overall Cluster 3. 
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Normality (revised clusters) 

 Therefore, after removing the dissimilar items from raw clusters, the questionnaire had 28 items 

with a three-cluster structure. To further analyze these clusters, normality testing was conducted to assess 

whether the data within the revised clusters (PC, PB, and PV) is normally distributed. The data did not 

follow a normal pattern for any of the clusters, as revealed by statistical (Table 7) and visualization (Figs. 

17 and 18) techniques. 

Table 7.  

Shapiro-Wilk’s test for revised clusters 
 W p 

Pro-Environmental Cognition 0.94 0.00 

Pro- Environmental Behaviour 0.90 0.000 

Pro- Environmental Values 0.97 0.014 

 

Figure 17. 

Boxplot of the 3 revised clusters 

 
 

Figure 18.  

Distribution of data in the 3 revised clusters 
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 A ceiling effect was observed in all the three clusters, and the participants were found to lie on 

the upper end across clusters (Fig. 19; see also Table 8). 

Figure 19. 

Ceiling effect in all 3 revised clusters 

 

Note. The blue line is the mean, and the maximum for all the items is 5.  

 

Table 8. 

Characteristics of the revised clusters 
 Mean SD Median Skewness Kurtosis 

Pro-Environmental Cognition 3.96 0.5 4 -1.04 3.1 

Pro-Environmental Behaviour 4.45 0.47 4.62 -1.12 0.87 

Pro-Environmental Values 3.4 0.48 3.43 -0.37 0.12 

 

Density plots were computed to get a visual depiction of the distribution of data. Here, it can be seen that 

Cluster 3 showed more normality that Cluster 1 and 2 but still, failed to meet all the assumptions of 

normality (Figs. 20-22). 
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Figure 20. 

Density plot of Pro-Environmental Cognition 

 
Figure 21.  

Density plot of Pro-Environmental Behaviour 

 
Figure 22. 

Density plot of Pro-Environmental Values 
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Differences between revised clusters 

To further quantify the significance of difference between the three revised clusters, the Kruskal-

Wallis and multiple comparison tests were run. To do so, the data was arranged with just the row-wise 

means of all the revised clusters. The results indicated an overall significant difference of the medians 

across all three revised clusters via Kruskal-Wallis test (χ2 (22) = 62.81, p < 0.000) as well as the Mood’s 

Median test (χ2 (2) = 118.52, p < 0.000). Further, the pairwise median test was run, and results indicated 

a significant difference in the medians of all pairs of revised clusters (Table 9). Therefore, the Kruskal-

Wallis test indicates overall significant difference in the clusters, and the pairwise median test indicates 

significant differences between the pairs of clusters.  

To figure out critical difference values, a multiple comparison test (post hoc of Kruskal-Wallis) 

was run, to identify the specific indices of difference between the clusters. It was seen that the difference 

between PB and PV were the highest, followed by the differences between PC and PV and lastly, the 

difference between PC and PB. Therefore, the difference between PB and PV needs to be assessed, to 

check for what is contributing to this large, significant difference. This is especially highlighted as similar 

results were found without item removal. 

Table 9.  

Differences between revised clusters using various nonparametric tools 

 Pairwise median 
Multiple comparison (Kruskal-

Wallis) 

Comparison 

groups 

(clusters) 

p 

value 

p value 

(adj) 

Observed 

difference 

Critical 

difference 

p value 

(<0.05) 

PC vs. PB 0.000 0.000 86.57 33.34 TRUE 

PC vs. PV 0.000 0.000 92.50 33.34 TRUE 

PB vs. PV 0.000 0.000 179.08 33.34 TRUE 

 

These tests are complemented by a large effect size (Kruskal effect size) as well (partial η2 = 

0.426), indicating that the size or strength of the difference between the clusters was also extremely high.  

 

Visualizing the distance matrix of the revised clusters 

 As with the raw clusters, the distance matrix was also computed for the revised clusters. 

Following are the heat plots for PC (Fig. 23), PB (Fig. 24), and PV (Fig. 25). Here, it is very easy to 

visually see that the numbers of red cells have reduced significantly (compared to before item removal), 

contributing to a maximization in within-cluster similarity.  
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Figure 23. 

Heat plot of Pro-Environmental Cognition 

 
Note. Red indicates greater distance, and blue indicates smaller distance from the cluster 

average 

 

Figure 24.  

Heat plot of Pro-Environmental Behaviours 

 
Note. Red indicates greater distance, and blue indicates smaller distance from the cluster 

average 
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Figure 25. 

Heat plot of Pro-Environmental Values 

 
Note. Red indicates greater distance, and blue indicates smaller distance from the cluster 

average 

 

 Through all of these analyses, the objective of the research is met. Firstly, the exploration of 

clusters in PEA contributes to understanding how PEA is expressed, along with an empirical evidence of 

which units (items) of PEA are similar to each other. Further, these units are clubbed based on HCA, 

leading to the emergence of three clusters in PEA. Additionally, the three clusters undergo a process of 

item removal. Here, the original questionnaire which had 55 items is seen to reduce to 28 items, and still 

have a significantly distinct cluster structure. Therefore, these 28 items can be said to maximally measure 

PEAs in the current sample. The three clusters that emerged from nonparametric analysis provide a novel 

theoretical understanding of how PEAs are expressed.  

 It is observed that in the current study, cognitions (about solutions and values regarding pro-

environmentalism) and behaviours about environment are at the forefront. Therefore, PEAs is 

conceptualized as the cognitive appraisal of environmental issues and solution to these issues, along with 

a likelihood to partake in these solution. The psychological theoretical underpinnings of these findings 

are discussed in the next section.  
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Chapter 5: DISCUSSION 

The present study set out explore multidimensionality a 55-item questionnaire on pro-

environmental attitudes. Multidimensionality is a critical in psychological test construction as it gives a 

holistic understanding of a concept. Human faculty is more often than not, a conglomerate of smaller 

units. For example, pro-environmental behaviour is made up of various differing acts such as 

conserving what we already have, creating new green solutions, partaking in green drives, and so on. 

All of these activities are derivatives of different internal and latent constructs. Therefore, a 

multidimensional approach allows one to get a bird’s eye view of larger concepts.  

As limited research has previously addressed the PEA questionnaire empirically, the present 

study was exploratory in nature. It was seen that three significantly different raw clusters emerge in 

PEA questionnaire. Upon further analysis, the 55-item questionnaire is reduced to a 28-item 

questionnaire with three significantly distinct clusters: pro-environmental cognitions (PC), pro-

environmental behaviours (PB), and pro-environmental values (PV). This cluster structure is novel, and 

brings new insight into the understanding of PEA. 

 

Item clustering 

 As mentioned above, three significantly different clusters are seen to emerge from the PEA 

questionnaire, and a similar level of significant difference is observed when the 55-item questionnaire is 

cut down to 28 items. The proposed 9-factor structure is rendered inapplicable, with these proposed 

factors spread out all across the three emergent clusters.   

 Some overarching interesting observations are that the factor of ‘Perceived control’ and most 

negative items are removed during the item removal stage. This could be owing to the fact that there 

was only a single item on ‘Perceived control’ and the chunkiness of the negative items. The items that 

are removed are generally seen to present multiple ideas. For example, lets take the item “It is better to 

use roof, balcony and windows for gardening.” There is a lot of ambiguity in this item with respect to a) 

roof, balconies, and windows are better than what (farm, garden)? b) gardening what (flowers, basic 

vegetables, spices)? Hence, these items may have led to different inferences owing to ambiguity and 

thus, lending to their removal from the questionnaire. 

   

Defining emergent cluster  

 The items that are retained have been are found to cluster into 3 groups that explain PEAs. 

Further, each cluster was labelled and defined on the basis of the common, underlying theme of the 

items in the clusters. In this manner, the latent constructs are identified. These are: 

 Pro-environmental cognitions (PC). The beliefs one holds about pre-existing solutions to 

environmental issues such as inconvenience of recycling, that also lend to own solution-oriented 

behaviours such as using plastics when there is no alternative.  

 Pro-environmental behaviours (PB). The inclination to actions that lead to betterment of the 

immediate (such as reusing materials) and distant (such as willingness to change lifestyle to reduce 

environmental damage) environment of an individual, encompassing of the beliefs about such 

personally-relevant actions (such as the belief that reuse protects the environment).  
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 Pro-environmental values (PV). The values and beliefs one hold about environmental issues 

such as belief in the delicate balance of nature.  

 

 Here, it is evident that this cluster structure is close to the ABC (affect-behaviour-cognition) 

model of attitudes. However, the questionnaire employed in the present study did not have items on 

affective states so that cannot be confirmed.  

 Moreover, this cluster structure is a bit advanced as cognitions are seen to be two-pronged. One 

is the cognitions about existing solutions and the other is cognitions about pro-environmentalism in 

general. This distinction of cognitions is important and points to the possibility of different underlying 

psychological processes in these.  

  

 Specifically, in PC, the locus of control seems to be salient wherein, the items not only reflect 

cognitions about solutions, but also the inclination and efficacy to perform these solutions by oneself 

(for example, “As soon as I see an environmental problem, I start looking for a possible solution”). 

Locus of control has previously been linked with greater pro-environmentalism (Cleveland et al., 2005; 

Cleveland & Kalamas, 2015; Giefer et al., 2019; Nazneen & Asghar, 2017). Thus, the crux is that those 

who believe that their actions can have positive impact on the environment are likelier to hold PEAs 

and perform PEBs. As opposed to PC, PV has more generic items regarding cognitions about pro-

environmentalism in general.  

 Here, the aforementioned TPB model of behaviour that posits rationality as a proponent of 

behaviours comes to the forefront. Therefore, considering PEBs as a viable solution to environmental 

issues and favourable subjective norms about these behaviours is important. Past research has linked 

these with PEBs such as reduction in meat consumption (Çoker & van der Linden, 2020) and purchase 

intentions (Kumar, 2012) of green products (Zhang et al., 2019). Therefore, it can be inferred that the 

PC cluster operates from a combination of the TPB model and locus of control, when framed about 

existing solutions.  

 

This influence of these models (loci of control and TPB) is also observed in the 2nd cluster (PB), 

and to a larger degree as this cluster has to do only with how people express pro-environmentalism 

behaviourally (for example, “I try to find ways to conserve power in daily life”) or intend to do so (“I 

intend to save natural resources whenever possible”). Here, the focus is completely on actions, and thus 

an internal locus of control. The concept of controllability has been found to be salient in pro-

environmentalism to the extent that it also has roots in the brain anatomy and functions. Specifically, 

research has linked greater PEBs with task-independent baseline activation in the right lateral prefrontal 

cortex. This right lateral prefrontal cortex is associated with cognitive and self-control processes, and is 

further linked with differences in PEBs (Baumgartner et al., 2019). Therefore, apart from the underlying 

psychological processes that separate behaviours and cognitions towards the environment, brain 

functions are also implicated in pro-environmentalism.  

An interesting observation about PB is that there are no negative items in this cluster despite 

having similarly framed negative items (that are found to be redundant and therefore, are discarded 

from the final version of the questionnaire). For example, “I am not bothered to save water.” Therefore, 

it can be assessed that the participants respond preferably to positively worded items on PEBs, as 

opposed to negatively worded items.  
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Another interesting observation about PB is that, when pitched against PV in pairwise median 

tests, this forms the most distinct pair of clusters in the present study. That is, the difference between 

this pair of clusters is greater than the difference between other cluster pairs. This is further explained 

by the distinction between cognitions and behaviours. As PV has items on general cognitions about pro-

environmentalism, and PB has items on solutions and one’s solution-orientation, this distinction is 

likely to exist. Moreover, this distinction is also contrasted with the distinction between PB and PC. As 

aforementioned, both PB and PC have a common underlying concept of locus on control. This may be 

leading to a smaller difference between these two clusters, and further highlighting the difference 

between PB and PV.  

 

The third cluster, PV, seems to be the most distant from the other two clusters as this is the only 

one which is not action oriented. Instead, this seems to house the values and beliefs about pro-

environmentalism (for example, “Environment should be protected for wellbeing of plants and animals 

rather than humans”). Here, the aforementioned VBN model of behaviours comes to the fore, with a 

specific focus on morality. These items are framed in terms of environmental issues, and are not action-

oriented (unlike PC and PB). Therefore, the importance of the issue of environmental degradation 

would lead to greater elicitation of morality. This has also been found in previous research wherein 

biospheric and altruistic values are seen to moderately impact the perceived issue importance 

subsequently, affecting PEBs (Yakut, 2021). The VBN model has previously been linked with various 

PEBs such as travel choice (Lind et al., 2015), preservation of nature and biodiversity (Fornara et al., 

2020), and energy related choices (Steg et al., 2005; Abrahamse & Steg, 2011).  

 

Therefore, the present study suggests three dimensions in PEA. A lot of overlap found between 

existing theories of pro-environmentalism but, the lines between these theories are blurred. Especially, a 

novel multidimensional structure is presented that is based on various combinations of the theories of 

TPB, locus of control, and VBN. Thus, the present study elucidates the parallels between behaviour-

based items (that are further classified into cognitions about such actions, and actual actions). The 

values system is seen to form a completely distinct model. Therefore, it is concluded that PEA can be 

explained by theories of behaviours, but not in their existing forms. Therefore, the importance of 

studying PEAs in specific contexts is extremely crucial. This study further points out to how the results 

of a specific nation cannot be generalized to another nation.  

 

Limitations 

 The present paper is not without limitations. Firstly, the standardization process of the scale is 

severely hampered because of the small sample size. This is bound to impact the normality of the data 

distribution, and every parametric statistic from then on. Secondly, the study is limited to administration 

of the survey in English, and on an online forum. This affects the generalizability of the results to 

populations that do not speak English and are not fluent in, or do not have access to technology.  

Thirdly, the scale also lacks a control for social desirability (given how pro-environmentalism is viewed 

socially, it is vital to have an inbuilt check for social desirability in the present scale). Apart from these, 

the items of the scale are also chunky, complex, and hard to read and understand. Especially, most of 

the negative items are seen to be redundant. Therefore, these items could be simplified to present a 

single idea at a time.  
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Scope 

 The scope of this exploratory study is vast. To begin with, data can be collected from a larger 

sample. This may lead to normal distribution in the data that will further allow parametric statistics. 

Thus, the emergent cluster structure can be explored using parametric tools. The data seems to be 

moving towards the more traditional (but complex version of the) ABC (affect-behaviour-cognitive) 

model of attitudes. Therefore, the construct of affect (yet unexplored in the present study) can be 

employed in similar analyses to check for the prevalence of the ABC model in PEAs. To address the 

behaviour-intention gap, the model developed in the present study can also be observed empirically, or 

assessed experimentally to get a truer measure of behaviours emerging from these PEAs. Lastly, the 

present study can contribute to building a novel theory on PEAs, owing to its specialized and 

contextualized cluster structure.  
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Chapter 6: CONCLUSION 

 The importance of pro-environmentalism has been well documented in previous research. It is 

beneficial not only for humans, but even more so for the development of flora and fauna. For this 

reason, psychological research on PEAs becomes essential. Such research requires a quantitative 

measure of PEAs. The hardships of measuring PEAs quantitatively have been widely documented. 

Moreover, the fact that culture has also been concluded to be an influencer of PEAs, the need for a 

standardized tool on PEAs becomes even more salient. Therefore, the  present paper aimed to explore 

the multidimensionality of one such scale (Dutta Roy, 2020), and to also understand the underlying 

latent phenomena in it. As no previous studies have empirically studied this questionnaire, the present 

study was exploratory in nature. Therefore, nonparametric tools were used to exploratorily assess PEAs. 

Based on these analyses, PEA is conceptualized as the cognitive appraisal of environmental issues and 

solution to these issues, along with the likelihood to partake in these solutions. Three clusters emerged: 

pro-environmental cognitions (PC), pro-environmental behaviours (PB), and pro-environmental values 

(PV). This cluster structure is deviant from other factor- or cluster-structures explored in previous 

literature. Therefore, it is seen that PEA is multidimensional in nature, and is made up of behaviours 

and cognitions, and cognitions are further classified into cognitions about pro-environmentalism in 

general (PV) and about existing solutions. The present study suffers from a small and non-

representative sample that fails to reach normality assumptions. Therefore, the results of the study are 

not generalizable to the entire Indian population. However, the present study provides an excellent 

starting point to assess PEAs in an Indian sample, by providing a baseline for a novel, prospective 

theoretical model. Future studies can aim to understand whether affective states also fit into this cluster 

structure, and to parametrically standardize a tool based on this theoretical framework.  
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Appendix A 

Item 

codes 

Domains 

(Proposed) 
Items Valence 

Raw 

clusters 

Revised 

clusters 

D SS 
It is possible to improve quality of care if 

Governmental guidelines are provided. 
Positive 1 PC 

H CON 
Conservation lowers peoples’ standard of 

living. 
Negative 1 PC 

M REC Recycling is hectic and inconvenient. Negative 1 PC 

Z SR 
As soon as I see an environmental problem, I 

start looking for a possible solution. 
Positive 1 PC 

Q1 SR Plants are taken care of in this institution. Positive 1 PC 

R1 RED Segregation of waste materials is inconvenient. Negative 1 PC 

T1 REU 
I prefer not using plastics even if there are no 

alternatives. 
Positive 1 PC 

A2 REC 
It disgusts me to see recyclable things thrown 

away. 
Positive 1 PC 

J SR 
I prefer to change the things if it adversely 

affects the environment. 
Positive 2 PB 

N REU Reuse preserves resources. Positive 2 PB 

S CON 
Regular environment awareness programs can 

help conserve the natural environment. 
Positive 2 PB 

V REU Reuse helps protect environment. Positive 2 PB 

Y SEI 
I prefer using dustbins instead of littering on 

the street. 
Positive 2 PB 

D1 REU I prefer materials that can be reused. Positive 2 PB 

L1 REU 
I am willing to change my lifestyle to reduce 

environmental damage. 
Positive 2 PB 

O1 SEI 
I think compassion towards animals is 

necessary. 
Positive 2 PB 

P1 SS 
People should carry out Government’s 

recommendation to control global warming. 
Positive 2 PB 

U1 CON 
I intend to save natural resources whenever 

possible. 
Positive 2 PB 

X1 SR 
I am willing to consider other ways of making 

the environment better. 
Positive 2 PB 

Y1 SS 
Plants and animals have as much right as 

humans to exist. 
Positive 2 PB 

C2 CON 
I try to find ways to conserve power in daily 

life. 
Positive 2 PB 

G REU 
I am enthusiastic to use old goods provided by 

others. 
Positive 3 PV 

L RED 
The balance of nature is very delicate and 

easily upset. 
Positive 3 PV 

O CON 
We should conserve environment even if 

peoples’ welfare suffers. 
Positive 3 PV 
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W CON 
Loss of rainforests restricts development of 

new medicines. 
Positive 3 PV 

H1 SR 
I have a hard time setting goals relating to 

environment. 
Negative 3 PV 

N1 CLE Dusting increases productivity. Positive 3 PV 

B2 REU 
I think using bottles to plant trees help 

environment. 
Positive 3 PV 

A CLE 
I think spending time in maintaining a clean 

household is boring 
Negative 1 - 

B SEI 

Nature is important because of what it can 

contribute to the pleasure and welfare of 

humans. 

Positive 1 - 

E RED 
It is better to use roof, balcony and windows 

for gardening. 
Positive 1 - 

F REC 

Industry should be required to use recycled 

materials even when this costs more than 

making the same products from new raw 

materials. 

Positive 1 - 

K PC 
Humans will eventually learn enough about 

how nature works to be able to control it. 
Positive 1 - 

T RED 
The so-called “ecological crisis” facing 

humankind has been greatly exaggerated. 
Negative 1 - 

X CON 
The balance of nature is strong enough to cope 

with the manmade changes in the environment. 
Negative 1 - 

I1 SS 
Authority provides little fund to conserve the 

environment. 
Positive 1 - 

J1 SS 
Different sections in the institution should 

provide different waste bins. 
Positive 1 - 

K1 REC 
Humans have the right to modify the natural 

environment to suit their needs. 
Negative 1 - 

S1 REC 
Recycling a product reduces its productivity 

and quality. 
Negative 1 - 

V1 RED 
The Earth has plenty of natural resources if we 

just learn how to develop them. 
Positive 1 - 

W1 SEI I think using solar energy is inconvenient. Negative 1 - 

C SR 
I do not believe protecting the environment is 

an important issue. 
Negative 2 - 

I SEI 
Saving one plant instead of cutting reduces 

global warning. 
Positive 2 - 

Q SEI 
Participating in decision making process helps 

one to be aware of the environment. 
Positive 2 - 

U REC 
Recycling prevents buying new materials and 

protects environment. 
Positive 2 - 

A1 SS 
I prefer to use separate waste bins for 

recyclable and non-recyclable products. 
Positive 2 - 

B1 RED 
When humans interfere with nature it often 

produces disastrous consequences. 
Positive 2 - 
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C1 REC Recycling plastics help the environment. Positive 2 - 

G1 SEI I am not bothered by deforestation. Negative 2 - 

M1 CON I am not bothered to save water. Negative 2 - 

Z1 CLE 
Humans are seriously abusing the cleanliness 

of the environment. 
Positive 2 - 

P CLE Loss of goods occurs due to regular dusting. Negative 3 - 

R SR 
I prefer sticking to a plan that works according 

to my needs. 
Negative 3 - 

E1 CON 
Environment should be protected for wellbeing 

of plants and animals rather than humans. 
Positive 3 - 

F1 CLE Maintaining cleanliness is time consuming. Negative 3 - 
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Appendix B – Rscript codes (raw data) 

 

#Importing data (from google sheet) 

pea=read.table(file="clipboard",header=T,sep="\t") 

dim(pea) 

 

#Removing outliers 

boxplot(pea) 

pearmean=apply(pea,1,mean) 

boxplot(pearmean,main="Outliers in PEA",ylab="Scores",col=333) 

locator(3) 

pearmean<3 

rpea=pea[-c(16,36,91),] 

dim(rpea) 

rpearmean=apply(rpea,1,mean) 

boxplot(rpearmean,main="No outliers in PEA",ylab="Scores",col=333) 

mean(rpearmean) 

mean(pearmean) 

 

#Checking normalcy 

shapiro.test(rpearmean) 

qqnorm(rpearmean,main="Q-Q plot of PEA") 

qqline(rpearmean,col=333) 

plot(density(rpearmean),main="Distribution of PEA") 

pearmean1=read.table(file="clipboard",header=T,sep="\t") 

 

ggplot(b, aes(x = Scores), labs(X="Row-wise mean of PEA", Y="Density of PEA")) + 

  geom_histogram(aes(y = ..density..), colour= "black", fill = "white") + 

  geom_density(fill="blue", alpha = .2) + 

  labs(x="Row-wise means of PEA",y="Density") 

 

#Cluster analysis 

a=rpea 

dim(a) 

ta=t(a) 

dim(ta) 

 

d=dist(ta,method="euclidian") 

d 

print(d) 

fit=hclust(d,method="ward.D") 

plot(fit) 

rect.hclust(fit, k = 3, border = 2:5) 

 

#NbClust 

a.nbclust=NbClust(a,distance="euclidean",min.nc=2,max.nc=10,method="ward.D",index ="all") 

factoextra::fviz_nbclust(a.nbclust) + theme_minimal() + ggtitle("NbClust's optimal number of clusters") 

#Pruning data 

cutree(fit,k=3,h=NULL) 

table(cutree(fit,k=3,h=NULL)) 

 

#Creating clusters 

clust1=a[,c("A","B","D","E","F","H","K","M","T","X","Z","I1","J1","K1","Q1","R1","S1","T1","V1","

W1","A2")] 

dim(clust1) 

https://docs.google.com/spreadsheets/d/1Vw3MbA01OZWEDFYLPIVzWonlzUe80lJzIyiNXUqqJe4/edit#gid=326777390
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clust2=a[,c("C","I","J","N","Q","S","U","V","Y","A1","B1","C1","D1","G1","L1","M1","O1","P1","U

1","X1","Y1","Z1","C2")] 

dim(clust2) 

 

clust3=a[,c("G","L","O","P","R","W","E1","F1","H1","N1","B2")] 

dim(clust3) 

 

#Obtaining distance matrix for each cluster 

c1=t(clust1) 

c1d=dist(c1,method="euclidian") 

c1d=round(print(c1d),2) 

fviz_dist(c1d, lab_size = 8) 

rc1d=as.matrix(c1d) 

write.csv(rc1d, file="Cluster 1") 

 

c2=t(clust2) 

c2d=dist(c2,method="euclidian") 

c2d=round(print(c2d),2) 

fviz_dist(c2d, lab_size = 8) 

rc2d=as.matrix(c2d) 

write.csv(rc2d, file="Cluster 2") 

 

 

c3=t(clust3) 

c3d=dist(c3,method="euclidian") 

c3d=round(print(c3d),2) 

fviz_dist(c3d, lab_size = 8) 

rc3d=as.matrix(c3d) 

write.csv(rc3d, file="Cluster 3") 

 

#Describing and visualizing clusters 

clust1mean=apply(clust1,1,mean) 

clust2mean=apply(clust2,1,mean) 

clust3mean=apply(clust3,1,mean) 

 

describe(clust1mean) 

describe(clust2mean) 

describe(clust3mean) 

 

ggboxplot(z, x = "clusters", y = "scores",  

  color = "clusters", palette = c("#00AFBB", "#E7B800", "#FC4E07"), 

  order = c("A", "B", "C"), 

  ylab = "Scores", xlab = "Clusters", main = "Distribution of data in PEA clusters") 

 

ggline(z, x = "clusters", y = "scores", 

       color = "clusters", palette = c("#00AFBB", "#E7B800", "#FC4E07"), 

       add = c("mean_se", "jitter"), 

       order = c("A", "B", "C"), 

       ylab = "Scores", xlab = "Clusters", main = "Distribution of scores in clusters") 

 

#Kruskal-Wallis Test 

kruskal.test(clust1,clust2,clust3) 

kruskalmc(z$scores,z$clusters,probs=0.05,cont=NULL) 
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kruskal_effsize(z,scores~clusters,ci=FALSE,conf.level=0.95,ci.type="perc",nboot=1000) 

 

#Median test 

##arrange data for only row-wise means for each cluster 

z=read.table(file="clipboard",header=T,sep="\t") 

mood.medtest(scores ~ clusters, data = z, exact = FALSE) 

##make the clusters as factors 

z$clusters=factor(z$clusters,levels=c("A","B","C")) 

z$clusters=as.factor(z$clusters) 

#Pairwise analysis (median test post hoc) 

PT = pairwiseMedianTest(scores~clusters,data=z,exact=NULL,method="fdr") 

PT 

pairwiseMedianMatrix(scores~clusters,data=z) 

cldList(PT$p.adjust~PT$Comparison,data=PT,threshold=0.05) 
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Appendix C – Rscript codes (cluster data) 

#Importing data 

clustmeans=read.table(file="clipboard",header=T,sep="\t") 

 

#Checking normalcy 

shapiro.test(clust1mean) 

ggplot(clustmeans, aes(x = Cluster.A.mean), labs(X="Row-wise mean of PEA", Y="Density")) + 

  geom_histogram(aes(y = ..density..), colour= "black", fill = "white") + 

  geom_density(fill="blue", alpha = .2) + 

  labs(x="Row-wise means of Cluster 1",y="Density") 

 

shapiro.test(clust2mean) 

ggplot(clustmeans, aes(x = Cluster.B.mean), labs(X="Row-wise mean of PEA", Y="Density")) + 

  geom_histogram(aes(y = ..density..), colour= "black", fill = "white") + 

  geom_density(fill="blue", alpha = .2) + 

  labs(x="Row-wise means of Cluster 2",y="Density") 

 

shapiro.test(clust3mean) 

ggplot(clustmeans, aes(x = Cluster.C.mean), labs(X="Row-wise mean of PEA", Y="Density")) + 

  geom_histogram(aes(y = ..density..), colour= "black", fill = "white") + 

  geom_density(fill="blue", alpha = .2) + 

  labs(x="Row-wise means of Cluster 3",y="Density") 

 

#Ceiling effect plots 

par(mfrow=c(1,3)) 

plot(clustmeans$Cluster.A.mean, type="l", main = "Ceiling effect in Cluster 1" , xlab = "Participants", 

ylab = "Scores",col=3,legend="bottomleft",legend=c("Scores","Mean"))+ 

  lines(clustmeans$Clus1m,type="l",lwd=2,col=4) 

 

plot(clustmeans$Cluster.B.mean, type="l", main = "Ceiling effect in Cluster 2" , xlab = "Participants", 

ylab = "Scores",col=3,legend="bottomleft",legend=c("Scores","Mean"))+ 

  lines(clustmeans$Clus2m,type="l",lwd=2,col=4) 

 

plot(clustmeans$Cluster.C.mean, type="l", main = "Ceiling effect in Cluster 3" , xlab = "Participants", 

ylab = "Scores",col=3,legend="bottomleft",legend=c("Scores","Mean"))+ 

  lines(clustmeans$Clus3m,type="l",lwd=2,col=4) 
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Appendix D – Rscript codes (revised cluster data) 

#Creating clean clusters with removed items 

PC=clust1[,c("D","H","M","Z","Q1","R1","T1","A2")] 

dim(PC) 

PCmean=apply(PC,1,mean) 

describe(PCmean) 

 

PB=clust2[,c("J","N","S","V","Y","D1","L1","O1","P1","U1","X1","Y1","C2")] 

dim(PB) 

PBmean=apply(PB,1,mean) 

describe(PBmean) 

 

PV=clust3[,c("G","L","O","W","H1","N1","B2")] 

dim(PV) 

PVmean=apply(PV,1,mean) 

describe(PVmean) 

 

#Importing data cluster-wise 

PC1=read.table(file="clipboard",header=T,sep="\t") 

PB2=read.table(file="clipboard",header=T,sep="\t") 

PV3=read.table(file="clipboard",header=T,sep="\t") 

 

#Checking normality of clean clusters 

describe(PCmean) 

shapiro.test(PCmean) 

ggplot(PC1, aes(x = Scores), labs(X="Row-wise mean of PC", Y="Density")) + 

  geom_histogram(aes(y = ..density..), colour= "black", fill = "white") + 

  geom_density(fill="blue", alpha = .2) + 

  labs(x="Row-wise means of PC",y="Density") 

 

 

describe(PBmean) 

shapiro.test(PBmean) 

ggplot(PB2, aes(x = Scores), labs(X="Row-wise mean of PB", Y="Density")) + 

  geom_histogram(aes(y = ..density..), colour= "black", fill = "white") + 

  geom_density(fill="blue", alpha = .2) + 

  labs(x="Row-wise means of PB",y="Density") 

 

describe(PVmean) 

shapiro.test(PVmean) 

ggplot(PV3, aes(x = Scores), labs(X="Row-wise mean of PV", Y="Density")) + 

  geom_histogram(aes(y = ..density..), colour= "black", fill = "white") + 

  geom_density(fill="blue", alpha = .2) + 

  labs(x="Row-wise means of PV",y="Density") 

 

#Ceiling effect plots of each cluster 

par(mfrow=c(1,3)) 

plot(PC1$Scores, type="l", main = "Ceiling effect in PC" , xlab = "Participants", ylab = 

"Scores",col=3,legend="bottomleft",legend=c("Scores","Mean"))+ 

  lines(PC1$Average,type="l",lwd=2,col=4) 

 

plot(PB2$Scores, type="l", main = "Ceiling effect in PB" , xlab = "Participants", ylab = 

"Scores",col=3,legend="bottomleft",legend=c("Scores","Mean"))+ 

  lines(PB2$Average,type="l",lwd=2,col=4) 
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plot(PV3$Scores, type="l", main = "Ceiling effect in PV" , xlab = "Participants", ylab = 

"Scores",col=3,legend="bottomleft",legend=c("Scores","Mean"))+ 

  lines(PV3$Average,type="l",lwd=2,col=4) 

 

#Checking Euclidean distance in clean clusters 

rc1=t(PC1) 

rc1d=dist(rc1,method="euclidian") 

rc1d=round(print(rc1d),2) 

fviz_dist(rc1d, lab_size = 8) 

rc1m=as.matrix(rc1d) 

write.csv(rc1m, file="Clean Cluster 1") 

 

rc2=t(PB2) 

rc2d=dist(rc2,method="euclidian") 

rc2d=round(print(rc2d),2) 

fviz_dist(rc2d, lab_size = 8) 

rc2m=as.matrix(rc2d) 

write.csv(rc2m, file="Clean Cluster 2") 

 

rc3=t(PV3) 

rc3d=dist(rc3,method="euclidian") 

rc3d=round(print(rc3d),2) 

fviz_dist(rc3d, lab_size = 8) 

rc3m=as.matrix(rc3d) 

write.csv(rc3m, file="Clean Cluster 3") 

 

#Visualizing data distribution in all clusters 

cleanclusters=read.table(file="clipboard",header=T,sep="\t") 

ggboxplot(cleanclusters, x = "clusters", y = "scores",  

          color = "clusters", palette = c("#00AFBB", "#E7B800", "#FC4E07"), 

          order = c("PC", "PB", "PV"), 

          ylab = "Scores", xlab = "Clusters", main = "Distribution of data in PEA clusters (clean)") 

 

ggline(cleanclusters, x = "clusters", y = "scores", 

       color = "clusters", palette = c("#00AFBB", "#E7B800", "#FC4E07"), 

       add = c("mean_se", "jitter"), 

       order = c("PC", "PB", "PV"), 

       ylab = "Scores", xlab = "Clusters", main = "Distribution of scores in clusters (clean)") 

 

#Kruskal-Wallis Test between revised clusters 

kruskal.test(PCmean,PBmean,PVmean) 

kruskalmc(cleanclusters$scores,cleanclusters$clusters,probs=0.05,cont=NULL) 

kruskal_effsize(cleanclusters,scores~clusters,ci=FALSE,conf.level=0.95,ci.type="perc",nboot=1000) 

 

#Mood’s Median Test between revised clusters 

mood.medtest(scores ~ clusters, data = cleanclusters, exact = FALSE) 

##Making revised clusters as factors 

cleanclusters$clusters=factor(cleanclusters$clusters,levels=c("PC","PB","PV")) 

cleanclusters$clusters=as.factor(cleanclusters$clusters) 

#Pairwise median test between revised clusters 

PT = pairwiseMedianTest(scores~clusters,data=cleanclusters,exact=NULL,method="fdr") 

PT 

pairwiseMedianMatrix(scores~clusters,data=z) 


