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Abstract 

Background: Environmental psychology is the study of how people interact with their 

surroundings, both built and natural. Identifying the determinants of human attitude is useful 

to adjust interventions and lead the civil society toward a stronger commitment to a clean and 

green environment. A pro-environmental attitude refers to a person's concern for the natural 

environment. Objective: This study aims to provide an exploratory analysis of the pro-

environmental attitude questionnaire. Method: To serve the purpose, a pro-environmental 

attitude questionnaire was used with 55 total items and tested among a sample of 129, due to 

the current condition of lockdown google forms were used to collect the data. The 55 items 

were clustered on the basis of response pattern using Hierarchical Cluster analysis. Results: 

Results indicate that each group has its own set of qualities to follow. We discovered three 

unique clusters, and mean comparisons demonstrated that all three groups were statistically 

distinct from one another. Conclusion: The three clusters namely the (i) Negative attitude 

cluster, comprising 24 items; (ii) Pro-environment Commitment cluster that includes 10 items 

related to goal setting and commitment and the third cluster incorporates (iii) Positive attitude 

cluster, comprising 21 items. Suggestions: On the basis of results, recommendation for items 

revisation and tool constructions are proposed. 

Keywords: Pro-environmental attitude, exploratory data analysis, cluster analysis 
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1 Introduction  

Environmental psychology investigates the impact of the environment on human experiences, 

behaviour, and well-being, as well as the impact of humans on the environment, that is, 

variables influencing environmental behaviour and strategies for encouraging pro-

environmental behaviour. In the Oxford handbook of Environmental and Conservational 

Psychology, mentions, environmental attitudes are significant because they frequently, but 

not always, influence behaviour that improves or degrades environmental quality. 

Environmental attitudes might be better understood as having preservation and 

utility dimensions, rather than the traditional cognitive, affective, and conative ones (Barlow 

et al., 2012).  

1.1 Pro environmental attitude 

A mental construct related to a concrete or abstract object is called an attitude. Traditionally, 

there are three parts to an attitude: cognitive (thoughts and interpretations), affective (feelings 

linked), and conative (actions oriented). 

Environmental Attitudes are a psychological tendency characterised by positive or negative 

evaluative responses to the natural environment (Milfont & Duckitt, 2010). 

Pro-environmental attitude refers to the talent construct comprising of cleanliness, safety, 

rancidity to environmental impact, perceived control, self-regulation, social support, 

reductionism, recycling, reuse and conservation. 

The questionnaire is a device composed of a set of questions to assess individual differences 

in human behaviour. It is needed for purpose of classification, intervention, development and 

measurement of outcomes. 

For the present context, the Pro-Environmental Attitude questionnaire is used. Sub constructs 

of the environment attitude questionnaire are:  

a. Safety: Perceived risks associated with environmental factors; and to what extent one 

uses practices, policies, and procedures that ensure one’s wellbeing and safety in the 

immediate environment   
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b. 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. 

c. Social Support: to what extent availability and assistance from other people help in 

the improvement of the environment 

d. Recycling: to what extent an individual is ready to convert waste materials into new 

materials and objects 

e. Reuse: to what extent one wants to use or resource materials again for either the same 

purpose or another purpose without changing the object structure in a significant 

way.  

f. Reductionism: to what extent environmental reduction influences one’s behaviour. 

Reduce use of products.  

g. Conservation: to what extent one protects, prevents, manages, or restores the natural 

environment and ecological communities 

h. Cleanliness: It is a technique for maintaining a clean atmosphere. It's best thought of 

as a basic environmental protection technique for putting unacceptable waste where it 

belongs. This seeks to enhance a sustainable and healthy ecosystem. 

i. Perceived control: To what level one can determine his behaviour to bring about 

favourable outcomes in the environment.  

1.2 Objective of the study 

Concerning the present world scenario, pro-environmental behaviour and attitude poses a 

significant identification. In order to analyse environmental attitude and behaviour, various 

tools have been proposed. The current questionnaire consists of 55 items measuring different 

set of domains. The objective of this study is to explore whether there is any evidence of 

intriguing “natural” groupings of the items in the questionnaire, and to determine the patterns 

followed in those groups.  

Just merely looking at our data it is hard to determine the important characteristics and the 

availability of groups. Exploratory data analysis would be the best choice for this purpose 

because it aids in the preliminary selection of appropriate models, in the determination of 

relationships among explanatory variables, and in the assessment of the direction and rough 

size of relationships between explanatory and outcome variables. (Tukey, 1977)         
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1.3 Exploratory research 

Exploratory research is used to address the research problem or subject for which there are 

considerably fewer previous studies within which to search for information. When a problem 

isn’t precisely identified, it’s conducted. Although exploratory research cannot provide direct 

solutions, it might provide research leads and insights into a specific topic. It aids in the 

establishment of a foundation for future research. It also aids in the development of new ideas 

or concepts (Kothari, 2011).  

Exploratory data analysis does not necessitate the testing of a pre-determined hypothesis, nor 

does it excuse the lack of research questions or ill-defined variables. It differs from 

confirmatory data analysis, which is a collection of statistical processes that use p-values or 

confidence intervals to confirm a pre-formulated hypothesis. It uses data visualization as a 

key tool, as well as abductive reasoning, which states that strong preconceptions are not 

required, only ideas. Tukey (1977) coined the term exploratory data analysis to distinguish it 

from confirmatory data analysis. It concentrates on pattern recognition with the data available 

(Ho Yu, 2010). 

1.4 Unsupervised learning and Cluster analysis 

“Unsupervised learning, also known as unsupervised machine learning, uses machine 

learning algorithms to analyze and cluster unlabeled datasets. These algorithms discover 

hidden patterns or data groupings without the need for human intervention. Its ability to 

discover similarities and differences in information make it the ideal solution for exploratory 

data analysis” (Guru, 2021). 

The technique of splitting a set of data items (or observations) into subsets is known as 

cluster analysis or simply clustering. Because the class label information is given, classifying 

is called supervised learning in machine learning. That is, the learning algorithm is 

supervised in that it is told the class membership of each training tuple. Because attribute 

information is not present, clustering is considered unsupervised learning. As a result, 

clustering is a type of observational learning rather than example-based learning. 

As suggested in various works of literature certain requirements need to be fulfilled to 

conduct clustering analysis on the data.  
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a. Flexibility. To deal with different data types including ratio, interval, ordinal, and 

nominal scales, and sequences, images, and documents. 

b. Ability to detect clusters of any arbitrary shape. Clustering based on Euclidean or 

Manhattan distances can produce perfectly shaped spherical clusters that are easy to 

interpret. However, other methods can also create clusters of unknown and arbitrary 

shapes, pointing to previously unknown trends in data.  

c. Knowledge of the domain. The researcher needs to have expertise in the subject 

domain of the data to determine parameters of the clustering and interpreting the 

results. 

d. Robustness to noise. The data could contain irrelevant and meaningless information 

referred to as “noise” that could bias the results; the clustering algorithm should be 

able to manage this issue. 

e. Insensitivity to input order and subsequent additions. The algorithm should not 

result in highly different sets of clusters every time new data is added to the dataset, 

or if the nominal order of the data is changed.  

f. Ability to cluster multi-dimensional data. While most clustering methods can 

smoothly handle constructs with one or a few dimensions by categorizing them into 

appropriate groups, this could become more complex if the construct is 

multidimensional. The algorithm should be robust to deal with this issue.  

g. Ability to deal with constraints. These constraints could range from statistical 

limitations of the data, or subject matter, to real-world constraints that need to be 

considered before concluding meaningful clusters. 

h. Interpretability. The clusters should be semantically meaningful to the data/subject 

matter the clusters are drawn from for the researcher to interpret and apply to real-

world situations.  

i. Similarity measure. The cluster should be done based on some parameter that can 

detect similarities among the datasets, including the more similar ones into one 

category, and exclude the dissimilar ones. This similarity could be based on distance, 

contiguity (sequential proximity, instead of dispersion), or density. The distance 

measures provide the optimal clustering, but density and continuity measures can 

detect more arbitrary shaped/unknown clusters. 

j. Clustering space. As mentioned before, clustering is more accurate among data with 

a low number of dimensions. Therefore, in the case of high-dimensional data, the 
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clustering done in full space could lead to errors due to irrelevant information, 

outliers, or noise. Therefore, clustering in high-dimensional data will be more 

accurate if conducted in the smaller subspaces within the dataset.       

Furthermore, clustering algorithms are divided into three categories: Hierarchical clustering, 

non-hierarchical clustering (k-mean clustering), and two-step clustering. 

Non-hierarchical clustering as the name suggests deal with the partitioning of data without 

distributing it into certain levels and defines the centroid of a cluster as the mean value of the 

points within the cluster. K means gives us a single set of clusters with no particular 

organization or structure within them, which is frequently referred to as a simple or flat 

partition. It requires a pre-specified numeral for the clusters. While two-step clustering as 

mentioned by (Zhang et al., 1996) and cited by (Ho Yu, 2010)the two-step clustering includes 

“The first step is which is called pre clustering. In this step, the procedure constructs a cluster 

features tree by scanning all cases one by one. And in the next step, the hierarchical 

clustering algorithm is applied to the clusters and then proposes a set of solutions.” 

In the present study hierarchical clustering would be followed because of its nature of 

providing groupings on different levels. Moreover groups are formed on the basis of 

similarity and dissimilarity matrices. Data objects are grouped into a hierarchy or “tree” of 

clusters in a hierarchical clustering method. Here summary is drawn out of the data 

presentation and visualization.  

Depending on whether the hierarchical clustering is created bottom-up (merging) or top-

down (splitting), a hierarchical clustering approach can be either agglomerative or divisive.  

Some of the common methods are:  

 Maximum or total linkage clustering: It computes all pairwise dissimilarities 

between items in cluster 1 and elements in cluster 2, and uses the biggest value (i.e., 

maximum value) as the distance between the two clusters. It produces more compact 

clusters. 

 Minimum or single linkage clustering: It computes all pairwise dissimilarities 

between cluster 1 and cluster 2, and uses the smallest of these as a linkage criterion. 

Long, “loose” clusters are the result. 
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 Mean or average linkage clustering: This method computes all pairwise 

dissimilarities between items in cluster 1 and elements in cluster 2, then uses the 

average of these dissimilarities to determine the distance between the two clusters. 

 Centroid linkage clustering: This method calculates the dissimilarity between the 

centroid of cluster 1 (a mean vector of length p variables) and the centroid of cluster 

2. 

 Ward’s minimum variance method: It reduces the overall within-cluster variance to 

a minimum. At each phase, the clusters with the shortest distance between them are 

merged. 

While defining clustering it has been made clear that distance measure is required to describe 

how two elements are similar and it will also influence the shape of the clusters. For the same 

we are opting for Euclidian distance. 

1.5 Euclidian distance:  

The length of a segment connecting two points in either the plane or 3-dimensional space is 

measured by the Euclidean distance between them. It is the most straightforward method of 

expressing the distance between two places. 

 This is the square root of the sum of the square differences. For 

cluster analysis, it provides distance measures to assess the 

similarities or differences between a pair of objects, or 

items.  (Where dij is the Euclidean distance for two individuals i and j, each measured on q 

variables, xil, xjl, l = 1, …, q.) 

      The purpose of our study is to explore the presence of groups in the data collected on Pro 

Environmental Attitude Questionnaire. The data are generally collected into a rectangular 

array. It is hard to describe about the available groupings in the data merely by looking. 

Looking at numbers is tedious and boring. Exploratory data analysis techniques have been 

devised as an aid in this situation. To get deeper insight in the matter, review of literature is 

important. 
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2 Review of Literature 

As our study is focusing on exploratory data analysis and pro-environmental attitude, we 

would be focusing on the techniques woven in the term exploratory data analysis and try to 

find its application to our set of data. Moreover we would also try to find some previous 

works based on the environmental attitudes and behaviours.  

2.1 Clustering as a way of exploration  

Researchers are advised not to begin their study with a strong preconception, so modelling 

remains valid in exploratory data analysis. Exploratory data analysis is discussed in the 

context of data mining and resampling, with a focus on three goals: cluster discovery, 

variable selection, and pattern identification. Concrete examples are provided for two-step 

clustering, classification trees, and neural networks, which are powerful strategies for 

achieving these aims (Ho Yu, 2010).  Clustering is an essential data mining tool that aims to 

discover inherent cluster structure in data. The study of cluster ability, which evaluates 

whether data possesses such structure, is an integral part of cluster analysis. However, 

methods for evaluating cluster ability vary radically, making it challenging to select a suitable 

measure (Adolfsson, Ackerman, & Brownstein, 2019).  From the available literature, it 

appears that Hierarchical clustering methods give users a perspective of data at many degrees 

of granularity, making them excellent for visualizing and exploring enormous document 

collections interactively. By organizing enormous volumes of data into a small number of 

relevant clusters, fast and high-quality document clustering algorithms play a vital role in 

offering intuitive navigation and browsing techniques (Zhao & Karypis, 2002). 

Out of the several methods available ward’s minimum variance is found to be of great use. 

The process of the clustering linkage method has its significance (Meyer-Baese, Wismueller, 

& Lange, 2004). Ward method is one of the most popular of all, which get its support from 

(Murtagh & Legendre, 2014) Ward's first description in a 1963 book, the Ward error sum of 

squares hierarchical clustering approach has been frequently employed. In the literature and 

software, two algorithms claim to implement Ward's technique. They provide varied 

outcomes when applied to the same distance matrix. Ward's criterion is preserved in one 

algorithm, but not in the other.  
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2.2 Pro-environmental attitudes and behaviours  

Climate change necessitates a better understanding of why people behave in ecologically 

friendly ways (or not), and personality attributes are ideally adapted to this task. The majority 

of previous research has focused on the relationship between broad domain-level personality 

traits and pro-environmental beliefs and practices. It was discovered that the features, taken 

together, predicted pro-environmental attitudes (Soutter & Mõttus, 2021). In a report  

(Blankenberg & Alhusen, 2019) presents a thorough evaluation of recent economic and 

psychological studies on pro-environmental behaviour. They identified several determinants 

that can be divided into four categories: Factors of socio-economic status (personal 

capabilities) Psychological (attitudinal) factors Individual, social, and institutional habits, as 

well as contextual elements (social and institutional), the study demonstrates that studying its 

drivers individually is no longer feasible and that researchers must instead investigate the 

interplay of different components. 

In the context of students interest in the environmental activities (Pizmony-levy, 

2007)Researchers looked to the extent to which curricular and co-curricular aspects influence 

students' environmental activism. They discovered that learning about environmentalism and 

sustainability in class and joining campus-based environmental organisations had good and 

significant effects. These indicators were linked to higher levels of environmental concern 

and pro-environmental conduct in the public and private sectors. Behaviour may be 

influenced by affective factors that aren't fully reflected by commonly used attitude scales. 

The affect is expected to be more essential for weak attitudes than for strong attitudes. 

According to the findings, bad attitudes are less relevant for good behaviour. It was also 

believed that strong recycling attitudes should play a bigger role in charitable behaviours like 

recycling (Smith, Haugtvedt, & Petty, 1994). 

In the study (Pavalache-Ilie & Unianu, 2012) The link between locus of control and pro-

environmental sentiments among undergraduate students was investigated. Internality 

appears to be linked to eccentric concern and support for interventionist conservation 

strategies. As reported in another study (Sawitri, Hadiyanto, & Hadi, 2015) it says Social-

cognitive theory can be used to explain pro-environmental behaviour. The theory highlights 

personal agency as the capacity of individuals to intentionally choose, execute, and manage 

their actions to actualize expected outcomes. The theory argues that individuals with 



EXPLORATORY DATA ANALYSIS                                                                                  9 

 

favourable contextual condition and high environmental self-efficacy judgments will have 

more outcome expectations.) 

In the regards of values the structure of environmental values in Asian countries differs from 

those in Western countries. While an environmental way of thinking conforms to traditional 

Asian values, Western people believe that such thinking opposes their traditional values. In 

Japan, Bangkok, and Manila, environmental values are linked with both traditional and 

altruistic values (Aoyagi-Usui, Vinken, & Kuribayashi, 2003).  

    From the collected reviews of literature it was found that for the exploration of data, and to 

form clusters, the technique of dividing clusters at different levels is most widely used and 

produced significant results. To perform hierarchical clustering, out of the several methods 

Ward’s method is popular which reduces the overall within-cluster variance to a minimum. 

At each phase, the clusters with the shortest distance between them are merged. In context of 

pro environmentalism it can be observed that there are various determinants that decide for 

the practice of pro environmentalism. Furthermore environmental behaviour is linked with 

the involvement of various green activities. Studies have explored further that strong 

environmental attitude develops in a strong pro-environmental action. Environmental values 

also differ on the basis of cultures and practices of the particular geographical region. 

Keeping in mind the above strands our research would try to explore the data using 

hierarchical clustering and try to yield some useful clusters.  
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3 Method 

3.1 Characteristics of sample  

A total sample of 129 was collected including 100 females and 29 males. Google Forms was 

designed, to collect data from the varied masses. The Pro-Environmental Attitude Scale by 

Dr Debdulal Dutta Roy (Dutta Roy & Biswas, 2020) was used. The questionnaire contains in 

total 55 items with 5 points Likert scale. The methodology applied was purposive sampling in 

which the primary consideration is our judgement as to who can provide the best information 

to achieve the objectives of our study, hence we approached to only those people who were 

above 18 and able to read and understand English.  

Demographic details of participants  

Total sample= 129; 98 (F), 31 (M) 

 

Level of education Frequency  

Under graduation 15 

Post-graduation  45 

Above post-graduation  69 

 

Specialisation  Frequency  

Social sciences  69 

Pure sciences  29 

Others  31 

 

 

 

 

 

 

Location  Frequency  

Urban  78 

Rural  18 

Semi urban  33 

Hobbies  Frequency  

Reading  44 

Performing Arts  39 

Sports  10 

Cooking  10 

Others  26 Age intervals Frequency  Percentage  

17-26  89 68.99 

27-36 31 24.03 

37-46 0 0 

47-56 3 2.33 

57-76 6 4.65 

Figure 1 Figures showing demographic details 
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3.2 Description of Tool 

The Pro-Environmental Attitude Scale by Dr Debdulal Dutta Roy (Dutta Roy & Biswas, 

2020) was used. The questionnaire contains in total 55 items with 5 points Likert scale. The 

questionnaire measures an individual on nine (9) domains namely. All items could be 

answered on a scale from 1 (strongly agree) to 5 (strongly disagree), unless otherwise 

specified. Some positive attitude items were recoded so that the highest number was always 

the most positive, (5= strongly agree).    

 Safety 

 Cleanliness 

 Sensitivity to environmental impact 

 Social support 

 Recycling 

 Reuse 

 Reductionism 

 Conservation 

 Perceived control  

3.3 Collection of data and analysis 

The collected data was further noted in a tabular form then scored accordingly. We have used 

purposive sampling for data collection, one of the non-probability sampling techniques which 

allow us to use non parametric statistics for our data. In order to explore, the data was 

assessed for clustering tendency, then obtaining the optimal numbers of clusters. After this 

hierarchical clustering was performed using the Ward linkage method. Further clustering 

validation statistics were also applied by comparing two different dendrograms. As it was 

already made clear that our data would work with non-parametric statistics hence Kruskal 

Wallis was adopted to compare means of the clusters.  

Explanations of statistical functions applied are mentioned below:  
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3.4 Hopkins test  

The Hopkins statistic (Lawson and Jurs 1990) is used to determine a data set's clustering 

propensity by calculating the chance that it was formed by a uniform data distribution. In 

other words, it examines the data's spatial randomness. 

3.5 Kruskal-Wallis Test.  

The Kruskal-Wallis single-direction evaluation of difference by positions is an incredibly 

useful test for determining whether k autonomous examples belong to different populations. 

The test assumes that the variable under investigation has a fundamentally never-ending 

spread. In any case, an ordinal estimation of that variable is required to determine if it is real 

or not (Sidney, 1957). 

3.6 Post-hoc Tests after Kruskal-Wallis Test.  

The Kruskal–Wallis test shows us whether there are differences between groups, but it 

doesn't tell us which groups are distinct from each other. Post-hoc testing can be used to 

establish whether groups are distinct from the others. The Dunn test is probably the most 

common post-hoc test for the Kruskal–Wallis test (Mangiafico, 2016). 
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4 Results  

For the present set of study, our objective was to explore whether there is any evidence of 

intriguing “natural” groupings of the items, and to determine the patterns followed in those 

groups. In this section we would discuss on the steps and procedures followed in order to find 

out clusters.  

4.1  Assessing clustering tendency 

As we performed the Hopkins test on our clean data without outliers, to check clustering 

tendency, the value appeared to be 0.58 which is above 0.5 and as the available literature 

suggests (Adolfsson et al., 2019)We may get three different results 1) H = 0.5 (no clustering 

structure in the dataset. 2) H is close to 1.0, indicating that the data might be cluster able. 3) If 

H is near to 0, the test is inconclusive (data are neither clustered nor random), based on which 

we can interpret that our value is above 0.5 and moving towards 1.0, hence we can try 

clustering the respective data. 

 

 

This picture is visual assessment of cluster 

tendency 

This picture is a visual assessment of cluster 

tendency (Bezdek & Hathaway, 2002), 

according to this, the colour level reflects the 

degree of dissimilarity between observations: 

Pure red indicates great dissimilarity, whereas 

pure blue indicates low dissimilarity. Objects 

from the same cluster are displayed in 

chronological order. The image of the dissimilarity matrix confirms that our data collected 

has somewhat potential for cluster structure. 

 

 

Figure 2 Visual Assessment of clustering 

tendency 



EXPLORATORY DATA ANALYSIS                                                                                  14 

 

4.2 Determining the optimal number of clusters 

Examining the dendrogram produced by hierarchical clustering to determine if it proposes a 

specific number of clusters are a popular and simple technique. Unfortunately, this technique 

is subjective. Hence we opted for several other visualization techniques to find the optimal 

number of clusters. 

We have opted for different methods for 

choosing the optimal number of clusters 

in our data set. These methods include the 

elbow, silhouette and the gap statistic 

methods.  

  

       

 

Figure 3 Figures showing optimal numbers of clusters using Elbow, Silhouette and Gap 

Statistics method 

  

      Elbow method has suggested 4 clusters, as a bend is visible at 4, Silhouette method has 3 

clusters solution suggested whereas Gap statistic method has suggested 2 clusters solution. 

According to these observations, it’s impossible to define optimal number of clusters in the 

data. The elbow and average silhouette approaches have the drawback of only measuring a 

global clustering characteristic. Apart from the above-mentioned techniques, we opted for the 

NbClust technique. To receive optimal numbers of clusters running the codes among all 

indices it was concluded that, the best number of clusters is 3. 
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Figure 4 Figures showing the result for optimal numbers of clusters using NbClust; 

according to which 3 is the optimal number of clusters 

 

After choosing the number of clusters, the next step was to perform clustering. As discussed 

earlier, we would be following hierarchical clustering in order to divide the items at different 

levels.  
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4.3 Hierarchical Clustering 

Hierarchical clustering is a useful approach for creating tree structures out of data similarities. 

We can observe how distinct sub-clusters are related to one another, as well as the distance 

between data points. 

The dissimilarity metrics, such as the Euclidean distance between two clusters, are frequently 

used to determine cluster similarity. As a result, the greater the space between two clusters, 

the better it is. In the present context, the type of hierarchical clustering preferred is 

agglomerative clustering, in which groups object into clusters based on their similarity. 

AGNES is another name for it (Agglomerative Nesting). 

 

Figure 5 Dendrogram showing three clusters 

 

The key to understanding a hierarchical cluster analysis is to look at the place in the tree 

diagram where any particular set of cards "come together." Cards that come together sooner 

have a higher degree of similarity than cards that join together later. After observing minutely 

it could be interpreted that in cluster 1 item G1, C,M1,Y,Y1 are similar, U,O,S are 

similar,O1,P1,C2,L1,U1 are similar; J,X1 are similar; M,D1,N,V are similar; B1,Z1,C1,I,A1 

are similar. Likewise in cluster 2 items L,B2,P,N1 are similar; R,G,H1,E1,O,W are similar. In 

cluster 3 items J1,A2,O1,R1,W1 are similar;X,T,S1,H,K1 are similar;V1,A,F1 are similar ; 

I1,K,Z,T1 are similar; and E,F,B,D are similar. 
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Figure 6 Scatter plots of clusters 

For a better method of visualization, a scatter plot was created in which observations are 

represented by points in the plot and a frame is constructed around each cluster using 

principal components. A circular visualization technique was also adopted to make the 

exploration easier.     

 

Figure 7 Circular dendrogram 

4.4 Verifying the cluster tree 

After linking the items of the data set into a hierarchical cluster tree, we wished to check 

whether the distance in the tree reflect the original distances appropriately or not. To fulfil the 

purpose we computed the correlation between the cophenetic distances and the original 

distance. The connecting of objects in the cluster tree should have a strong correlation with 

the distances between objects in the original distance matrix if the clustering is valid(Clarke, 
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Somerfield, & Gorley, 2016). The value obtained is 0.3378488, though which is not strong 

concerning correlation but falls positive. Further average linkage method was also adopted as 

it appears to produce higher values. The value obtained is 0.8907412 which is strong and 

proves that using a different linkage strategy results in a tree that slightly better captures the 

original distances. We have followed our previous mode of linkage to keep track of our 

objective. 

To explore our clusters more we also tried a comparison of dendrograms made up of two 

different linkages. Here we opted for “average” and “ward D2” to serve the purpose. The 

result shows “unique” nodes, which are marked with dashed lines and include a combination 

of labels/items not found in the other three. The entanglement function can be used to assess 

the quality of the two trees’ alignment. Entanglement is a scale that ranges from 1 (complete 

entanglement) to 0 (no entanglement). A good alignment is defined by a low entanglement 

coefficient. 

 

Figure 8 Comparison of clusters using two different methods 

After performing various techniques we attempted to test differences between the clusters 

after combining all three clusters.  
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Kruskal Wallis: So far, we know data was collected non randomly.As a result, a Kruskal-

Wallis test would be more appropriate than a one way ANOVA to test for significant 

differences between groups. The Kruskal Wallis test has conducted the results indicated that 

clusters are significantly different (χ2 =208.78, p< 2.2e-16). 

 

Figure 9 Kruskal Wallis result 

 chi-squared – This value corresponds to the Kruskal-Wallis chi-square test 

statistic. The chi-square statistic is compared to the appropriate chi-square critical 

value as denoted by the degrees of freedom. 

 df – The degrees of freedom associated with the test.   

 p-value – The p-value corresponding to the two-sided test based on the chi-square 

distribution.  

Post-hoc Analyses for the Kruskal-Wallis Test: The Kruskal Wallis test gives us an overall 

result. However, we want to know about the details of the differences between groups. To do 

this we carried out post hoc test. This means that we took the groups and compare them pair 

by pair. In this way we explore the data more fully and can describe exactly how each group 

relates to the others. 

 

Figure 10 Dunn post hoc results 

A significance level of 0.05 indicates a 5% risk of concluding that a difference exists when 

there is no actual difference. If the p value is less than or equal to the significance level, we 

reject the null hypothesis and conclude that not all the group medians are equal. 
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Figure 11 Pairwise comparison 

4.5 Analysisng the clusters  

After getting the required clusters we tried to take a close look at the data. For this descriptive 

statistics were used. Descriptive statistics are used to not only describe the data but also to 

identify if there are any inconsistencies. It would give us a preliminary idea. 

 Groups  N Mean Sd Stderr LCL UCL Median min Max 

<fct> <int> <dbl> <dbl> <dbl> <dbl> <dbl> <dbl> <dbl> <dbl> 

1. A 126 4.42 0.413 0.368 4.34 4.49 4.54 3 4.96 

2. B 126 3.33 0.445 0.396 3.25 3.41 3.3 1.9 4.3 

3. C 126 3.90 0.379 0.338 3.83 3.97 3.95 2.57 4.62 

Figure 12 Descriptive statistics of clusters 

 Group – The levels corresponding to our independent variable ‘Group’. 

 n – The number of observations. 

 Mean – The mean value  

 SD – The standard deviation of each treatment. 

 Stderr – The standard error.  That is the standard deviation / sqrt (n). 

 LCL, UCL – The upper and lower confidence intervals of the mean 

 Median – The median value  

 min, max – The minimum and maximum value  

The box plot is a graphical representation of the five-number summary which is an easy way 

of summarizing the center and dispersion of data for the three clusters. Here x lab shows the 

Clusters and y lab shows the mean values.      
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Figure 13 Boxplots of clusters 

To compare the given means of the clusters we tried presenting the clusters through a Q-Q 

plot to check whether these groups follow normalcy, though initially, we have applied non-

probability sampling for data collection. 

 In Q-Q plots the vast majority of points should follow the theoretical normal reference line 

and fall within the 95% confidence interval bands. However, deviation from normality can be 

observed. 

 

Figure 14 Q-Q plots of clusters 
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4.6 The naming of clusters 

After going through the items present in clusters it was found that cluster 1 includes items 

that are concerned towards negative attitude and where participants faced majorly cognitive 

dissonance, hence it could be named as Negative Attitude Cluster (NAC). The second cluster 

which has comparatively fewer items appears to be mediocre, where items talk about major 

goal setting and commitment towards pro-environment, hence it could be named as Pro-

environment Commitment cluster (PEC) and the last third cluster majorly incorporates items 

with prompt behaviour which felicitate positive attitude towards pro-environment, termed as 

Positive Attitude Cluster(PAC).     
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5 Discussion 

Environmental psychology is the discipline that studies the interplay between individuals and 

the built and natural environment. Human attitude plays a key role in the rise and severity of 

environmental problems. The main objective of this study was to explore our collected data 

and to find groupings available. For the purpose collected data on 129 individuals’ analysed 

using one of the unsupervised learning technique, here hierarchical clustering was applied to 

divide it into clusters or groups. Further, the means of clusters were compared using Kruskal 

Wallis which yields that not all the group means are equal. Hence all groups have a different 

set of characteristics followed. 

As our key objective was to ignore the earlier classification done by the author and the data to 

be “explored” to determine whether there is any evidence of intriguing “natural” groupings of 

the items, and if so, whether these groups relate to the author’s classification in any manner 

or not. For the particular concern, we have executed the exploration of our clusters that are 

too divided into some levels according to their dissimilarity and similarity distance (refer to 

table 3 of the appendix).   

The investigation identified three distinct clusters, and group-wise comparisons based on the 

mean revealed that all three groups were statistically different from one another. For the 

conceptual relationship among items in each cluster, Euclidian distance matrix was used to 

compare. 

The first cluster i.e., NAC (Negative Attitude Cluster) as per the clustering, our first cluster is 

of a total of 24 items. Taking reference from the author’s classification of domains, we tried 

clubbing items falling into the respective domain. Out of 24 items maximum of 5 items 

belong to the domain of sensitivity to environmental impact, 4 items of conservation and 

reuse each, 3 items of safety, social support and recycling each and the lowest 1 item of 

reductionism and cleanliness each. The second cluster PEC ( pro-environment commitment 

cluster) is made up of 10 items, in which the highest frequency is of conservation, 2 items of 

safety, reuse and cleanliness each and the lowest 1 item of reductionism. The third cluster 

PAC (Positive Attitude Cluster) is made up of 21 items, where the highest frequency of items 

fall into reductionism and recycling with 4 items each and 3 items of social support. 
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Sensitivity to environmental impact, safety, conservation, and cleanliness with 2 items of 

each domain. The lowest item with 1 frequency goes to reuse and perceived control.  

After going through the distance matrices and the formed clusters it is evident that cluster 1 is 

made up of majorly reuse and conservation domain. It appears that the other items of domains 

like safety, social support and recycling gave similar frequency that shows they are similar 

and also provide a minimum distance matrix. It shows that as the economy is less burdened 

by reusing materials rather than developing new items from virgin materials could be 

considered as the best way towards conservation.  

Similarly in cluster 2 where populated items again related to conservation can be brought into 

the concern that attitude of conservation is popular among the masses has a significant 

relatedness to other domains. As our population sample maximum contains the youth, it can 

be driven that participants are aware of the environmental concerns. Environmental 

protection in the activity of individuals, goals are to protect natural resources and the current 

natural environment, as well as to repair harm and reverse trends whenever possible. 

Cluster 3 PAC (positive attitude cluster) has summed up with major items from reductionism 

and recycling which enables a person’s ability to convert waste materials into new materials 

and to minimalize the use. Support to this statement can be inferred from the concept of three 

R of sustainable development that includes reducing the amount of packaging, reusable water 

bottles, recycling aluminium cans etc., (Beaty, 2013). Clusters together incorporate 

component related to safety, social support and sensitivity to environmental impact having 

the availability and assistance from other people help in the improvement of the environment, 

one uses practices, policies, and procedures that ensure one’s wellbeing and reaction to 

exposed items has shown a positive mutual relationship in the context of social and 

environmental concern (Shove, 2004). 

Interpreting the results psychologically as 3 components of attitude involving affect, 

behaviour and cognition, the affect component can be seen in the domains of social support 

and sensitivity to environmental impact. We assessed the behavioural component through 

reductionism, conservation reuses and recycles. A cognitive component is measurable in the 

domain of perceived control and safety where one uses his/her consciousness to decide upon 
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logically. Though our questionnaire is divided into these three components, still further code 

of research can be followed to assess the psychological impact of pro-environmental attitude. 

5.1 Suggestions for Future Studies 

Suggestion could be drawn from the present set of study that the author should reconsider the 

division of items in different domains. It was also observed from the response pattern, items 

should be revised and formulated with less ambiguity. Further, this study could be developed 

as a full-fledged study that establishes the questionnaire as an appropriate measure of 

different constructs associated with the pro-environmental attitude. Furthermore, the study of 

attitude could also be taken a qualitative turn in future for understanding the individual 

approach towards our environment. This study could also draw the attention of authorities 

and communities to make changes in their daily habits to yield concern for the natural 

environment and reflect common attitudes and opinions toward the ecological environment.  

5.2 Limitations 

The present study had the following limitations. 

a) Purposive sampling was used because the study was conducted during the lockdown 

period. The small sample size had an impact on inter-rater variability, which proved to be 

a study constraint. 

b) Other varied statistical tools could be applied to gather more accurate analysis. 

c) The questionnaire was in English hence was accessible to a limited English understanding 

population.  

d) The domains in the questionnaire were divided in an unequal fashion that could also play 

a significant role in the determination of the significance of the tool. 
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6 Conclusion  

From the present study, our objective was to explore whether there is any evidence of 

intriguing “natural” groupings of the items, and to determine the patterns followed in those 

groups. After performing the hierarchical clustering on the 55 items, we found that three 

groups formed, where 24 items are there in the Negative attitude cluster related to negative 

orientation and showed that people hold pessimistic outlook towards the environment. It 

includes statements like ``I do not believe protecting the environment is an important issue.“ ; 

“I am not bothered to save water.” etc Group 2 consists of 10 items that fall in the Pro-

environmental commitment cluster which proclaims that people have shown the orientation 

to have goals related to the environment. It includes statements like “ I prefer sticking to a 

plan that works according to my needs.” ;”We should conserve the environment even if 

peoples’ welfare suffers.” etc In group 3, 21 items formed a Positive attitude cluster which 

showed that people have a positive outlook towards the environment. It includes statements 

like “The balance of nature is strong enough to cope with the manmade changes in the 

environment.”; “As soon as I see an environmental problem, I start looking for a possible 

solution.”etc,.  
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Appendix A 

Items in the Pro- Environmental Attitude Questionnaire 

Serial no. Order Statement 

1 A   I think spending time in maintaining a clean household is boring. 

2 B  Nature is important because of what it can contribute to the 

pleasure and welfare of humans. 

3 C I do not believe protecting the environment is an important issue. 

4 D It is possible to improve quality of care if Governmental guidelines 

are provided. 

5 E It is better to use roof, balcony and windows for gardening. 

6 F Industry should be required to use recycled materials even when 

this costs more than making the same products from new raw 

materials. 

7 G I am enthusiastic to use old goods provided by others. 

8 H Conservation lowers peoples’ standard of living. 

9(removed) Removed  The balance of nature is very delicate and easily upset. 

10 I Saving one plant instead of cutting reduces global warning. 

11 J I prefer to change the things if it adversely affects the environment. 

12 K Humans will eventually learn enough about how nature works to be 

able to control it. 

13 L The balance of nature is very delicate and easily upset. 

14 M Recycling is hectic and inconvenient. 

15 N Reuse preserves resources. 

16 O We should conserve environment even if peoples’ welfare suffers. 

17 P Loss of goods occurs due to regular dusting. 

18 Q Participating in decision making process helps one to be aware of 

the environment. 

19 R I prefer sticking to a plan that works according to my needs. 

20 S Regular environment awareness programs can help conserve the 

natural environment. 



EXPLORATORY DATA ANALYSIS                                                                                  31 

 

21 T The so-called “ecological crisis” facing humankind has been greatly 

exaggerated. 

22 U Recycling prevents buying new materials and protects environment. 

23 V Reuse helps protect environment. 

24 W Loss of rainforests restricts development of new medicines. 

25 X The balance of nature is strong enough to cope with the manmade 

changes in the environment. 

26 Y I prefer using dustbins instead of littering on the street. 

27 Z As soon as I see an environmental problem, I start looking for a 

possible solution. 

28 A1 I prefer to use separate waste bins for recyclable and non-recyclable 

products. 

29 B1 When humans interfere with nature it often produces disastrous 

consequences. 

30 C1 Recycling plastics help the environment. 

31 D1 I prefer materials that can be reused. 

32 E1 Environment should be protected for wellbeing of plants and 

animals rather than humans. 

33 F1 Maintaining cleanliness is time consuming. 

34 G1 I am not bothered by deforestation. 

35 H1 I have a hard time setting goals relating to environment. 

36 I1 Authority provides little fund to conserve the environment. 

37 J1 Different sections in the institution should provide different waste 

bins. 

38 K1 Humans have the right to modify the natural environment to suit 

their needs. 

39 L1 I am willing to change my lifestyle to reduce environmental 

damage. 

40 M1 I am not bothered to save water. 

41 N1 Dusting increases productivity. 

42 O1 I think compassion towards animals is necessary. 

43 P1 People should carry out Government’s recommendation to control 
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global warming. 

44 Q1 Plants are taken care of in this institution. 

45 R1 Segregation of waste materials is inconvenient. 

46 S1 Recycling a product reduces its productivity and quality. 

47 T1 I prefer not using plastics even if there are no alternatives. 

48 U1 I intend to save natural resources whenever possible. 

49 V1 The Earth has plenty of natural resources if we just learn how to 

develop them. 

50 W1 I think using solar energy is inconvenient. 

51 X1 I am willing to consider other ways of making the environment 

better. 

52 Y1 Plants and animals have as much right as humans to exist. 

53 Z1 Humans are seriously abusing the cleanliness of the environment. 

54 A2 It disgusts me to see recyclable things thrown away. 

55 B2 I think using bottles to plant trees help environment. 

56 C2 I try to find ways to conserve power in daily life. 
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Appendix B 

Distance Matrices of Clusters 

Cluster 1 

 

Cluster 2 

 

Cluster 3 
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Appendix C 

R Script 

# Import data 

> my.data=read.table(file = "clipboard",header=T,sep = "\t") 

> my.data 

> dim(my.data) 

# To calculate row wise mean 

> rmean=apply(my.data,1,mean) 

> rmean 

> boxplot(rmean,col=2) 

# To locate outliers 

> boxplot(rmean,col=2)$out 

> outliers=rmean>2.91 

> table(outliers) 

> outliers 

# Removal of outliers 

> outliers=rmean[-c(16,36,91)] 

>df=data.frame 

# Assessing cluster tendency 

>library(clustertend)  

# Compute Hopkins statistic  

>hopkins(df, n=nrow(df)-1) 

# Visual method 

>fviz_dist(dist(df), show_labels = FALSE) 
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# Elbow method 

> fviz_nbclust(df, FUN = hcut, method = "wss") 

# Average silhouette method 

> fviz_nbclust(df, FUN = hcut, method = "silhouette") 

# Gap statistics method 

> gap_stat <- clusGap(df, FUN = hcut, nstart = 25, K.max = 10, B = 50) 

>fviz_gap_stat(gap_stat) 

# NbClust 

> NbClust(data = NULL, diss = NULL, distance = "euclidean", min.nc = 2, max.nc = 
15, method = NULL, index = "all", alphaBeale = 0.1) 

# entanglement 

>dend_list <- dendlist(dend1, dend2) 

>tanglegram(dend1, dend2, highlight_distinct_edges = FALSE,  
common_subtrees_color_lines = FALSE,   common_subtrees_color_branches = 
TRUE,  main = paste("entanglement =", round(entanglement(dend_list), 2))  ) 

# Transposing data in order to perform cluster anlaysis 

> ta=t(my.data) 

> dim(ta) 

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

#Working with dendograms 

> hc1=hclust(d,method = "ward.D") 

> plot(hc1, cex = 0.6, hang = -1, main = "Dendrogram of ward")  

> hc5= hclust(d, method = "ward.D2" ) 

> plot(hc5) 

#In order to identify sub-groups (i.e. clusters), we cut the dendrogram 

# Cut in 3 groups and color by groups 
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> fviz_dend(res.hc, k=3, cex = 0.5, k_colors = c("#2E9FDF", "#00AFBB", "#E7B800"), 
color_labels_by_k = TRUE, rect = TRUE ) 

#To draw scatter plot of clusters 

fviz_cluster(list(data = df, cluster = grp), palette = c("#2E9FDF", "#00AFBB", 
"#E7B800"), ellipse.type = "convex", # Concentration ellipse repel = TRUE, # Avoid 
label overplotting (slow) show.clust.cent = FALSE, ggtheme = theme_minimal()) 

# Package requirements  

> library("ggplot2") 

> library("qqplotr") 

> library("dplyr") 

> library("DescTools") 

> library("FSA") 

> library("PMCMRplus") 

# Import data 

> c2=read.table(file = "clipboard",header = T,sep = "\t") 

> dim(c2) 

# Designate Group as a categorical variable  

> c2$Group<-as.factor(c2$Group) 

# Produce descriptive 

statistics by group 

> c2 %>% select(Group, GM) %>% group_by(Group) %>%  

+     summarise(n=n(),  

+               mean=mean(GM, na.rm = TRUE),  

+               sd=sd(GM, na.rm = TRUE), 

+               stderr=sd/sqrt(n), 

+               LCL = mean - qt(1 - (0.05 / 2), n - 1) * stderr, 

+               UCL = mean + qt(1 - (0.05 / 2), n - 1) * stderr, 



EXPLORATORY DATA ANALYSIS                                                                                  37 

 

+               median=median(GM, na.rm = TRUE), 

+               min=min(GM, na.rm = TRUE),  

+               max=max(GM, na.rm = TRUE), 

+               IQR=IQR(GM, na.rm = TRUE), 

+               LCLmed = MedianCI(GM, na.rm=TRUE)[2], 

+               UCLmed = MedianCI(GM, na.rm=TRUE)[3]) 

# Produce Boxplots and visually check for outliers 

> ggplot(c2, aes(x = Group, y = GM, fill = Group)) + 

+     stat_boxplot(geom ="errorbar", width = 0.5) + 

+     geom_boxplot(fill = "light blue") +  

+     stat_summary(fun=mean, geom="point", shape=10, size=3.5, color="black") +     
ggtitle("Boxplot") +  

+     theme_bw() + them e(legend.position="none") 

#Test each group for normality 

> c2 %>% 

+     group_by(Group) %>% 

+     summarise(W = shapiro.test(GM)$statistic, 

+               p.value = shapiro.test(GM)$p.value) 

#Perform QQ plots by group 

> ggplot(data = c2, mapping = aes(sample = GM, color = Group, fill = Group)) + 

+     stat_qq_band(alpha=0.5, conf=0.95, bandType = "pointwise") + 

+     stat_qq_line() + 

+     stat_qq_point(col="black") + 

+     facet_wrap(~ Group, scales = "free") + 

+     labs(x = "Theoretical Quantiles", y = "Sample Quantiles") + theme_bw() 

#Perform the Kruskal-Wallis test 
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> m1<-kruskal.test(GM ~ Group, data=c2) 

> print(m1) 

#Dunn's Kruskal-Wallis post-hoc test 

> posthocs1<-dunnTest(GM ~ Group, data=c2, method="holm") 

> print(posthocs1) 

#Dwass, Steel, Critchlow, Fligner post-hoc test 

> posthocs2<-dscfAllPairsTest(GM ~ Group, data=c2) 

> print(posthocs2) 

 

 

 

 


