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Abstract— Clustering techniques are used to group 

data/observations in a few segments so that data within any 

segment are similar while data across segments are not 

similar. Defining what similar and different observations 

mean is an important part of cluster analysis which often 

requires a lot of contextual knowledge and creativity beyond 

what statistical tools can provide. Based on how we define 

similarities and differences between data observations like 

customers or assets, which can also be defined 

mathematically using distance metrics, one can find different 

segmentation solutions. 
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I. INTRODUCTION 

Clustering techniques are used to identify segments in the 

data. For customer data, even though we may have data from 

millions of customers, these customers may only belong to a 

few segments: customers are similar within each segment but 

different across segments. We may often want to analyze 

each segment separately, as they may behave differently for 

example different market segments may have different 

product preferences and behavioural patterns. 

Key component of clustering and segmentation is  

definition of distance metrics (between observations), which 

need to be defined creatively based on contextual knowledge 

and not only using ‘black box’ mathematical equations and 

techniques. It is often necessary to split the data into segments 

and perform subsequent analysis within each segment in 

order to develop (potentially more refined) segment-specific 

insights. 

The purpose of this research is to know the types of 

people who are, or who could be, visiting their respective 

mall. Segmenting the market will help us designing and 

positioning the shopping mall services better in order to 

attract a few profitable market segments, or to differentiate 

the services (like invitations to events, discounts, etc.) across 

market segments. The goal of this research paper is to have 

clear view of clustering and segmentation. 

II. OBJECTIVES 

 Identification of potential clients through Data Analytics 

techniques: K-Means and Hierarchical techniques 

 Comparison between K-Means and Hierarchical cluster 

outputs 

 Visualisation of segmented clusters through above 

mentioned techniques 

III. DATA COLLECTION 

Market research survey was run with few potential customers. 

In this paper a small survey was run, where each person 

answered six attitudinal questions and a question regarding 

how often they visit the mall, all on a scale 1-7, as well as one 

question regarding their household income. Following are the 

questions asked: 

 
Fig. 1: Questions Asked 

 
Fig. 2: Response Received 

Hundred people responded to above questions. 

Following are the responses for first 10 people: 

IV. STATISTICAL ANALYSIS 

Now we are to find how this data of 40 people can be 

segmented, or are there actually any segments in data 

V. METHODOLOGY 

There is not one single way to for clustering and 

segmentation. We follow the following process: 

 Confirm data in metric  

 Decide whether to scale or standardize the data 

 Decide which variables to use for clustering 

 Define similarity or dissimilarity measures between 

observations  

 Visualize Individual Attributes and Pair-wise Distances 

between the Observations  

 Select the clustering method to use and decide how many 

clusters to have 

 Profile and interpret the clusters 

 Assess the robustness of our clusters 

A. Confirm Data is Metric 

 Mostly clustering methods require data to be metric. This 

means that data should have actual numeric meaning, i.e., 1 

should be less than 2, which should be less than 3 etc. Main 

reason for this is that researcher needs to define distances 

between observations. The main reason for this is that one 

needs to define distances between observations and often 

(“black box” mathematical) distances (e.g. the “Euclidean 

distance”) are defined only with metric data. Descriptive 

statistics of our data is given below: 
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Fig. 3: Descriptive Statistics 

B. Scaling/Standardizing 

Six of the survey questions are on similar scale (1-7), but 

income variable is different. Having variables at different 

scale in data creates problems as most of the results may be 

driven by a few large values. To avoid such issues, data is 

standardized by making raw attributes have mean 0 and 

standard deviation 1, (e.g. scaledIncome = (Income-mean 

(Income)) / sd(Income)), or scaling them between 0 and 1 

(e.g. scaledIncome = (Income-min(Income)) / (max(Income)-

min(Income))). 

Here is for example the R code for the first approach, 

if we want to standardize all attributes: 

 
Fig. 4: Sample R Code 

 
Fig. 5: Standardized Data 

All variables have mean 0 and standard deviation 1. 

Data will not be standardized when we want 

analytics findings to be driven mainly by a few attributes that 

take large values or when different scales of attributes imply 

something about those attributes. 

C. Variables Selection for Segmentation 

Choosing variables which gives us a good sense of what 

variables may distinguish people or products or assets or 

regions is critical. 

We use only a few of the data attributes for 

segmentation (the segmentation attributes) and use some of 

the remaining ones (the profiling attributes) only to profile 

the clusters. In this paper, we use the 6 attitudinal questions 

for segmentation, and the remaining 2 (Income and Mall. 

Visits) for profiling later. 

D. Define Similarity Measure 

Clustering is done to group observations based on similarity. 

It is therefore important that we understand what makes two 

observations (e.g. customers, products, companies, assets, 

investments, etc.) similar. Most statistical methods for 

clustering and segmentation use common mathematical 

measures of distance. Typical measures are, for example, the 

Euclidean distance or the Manhattan distance. The Euclidean 

distance between two observations (customers in our paper) 

is the square root of the average of the square difference 

between the attributes of the two observations (customers).  

For example, the distance of the first customer in our 

data from customers 2-10 (summarized above), using their 

responses to the 6 attitudinal questions is: 

 
Fig. 6: Response O Attitudinal Questions 

If we use the Manhattan distance metric, these 

distances change as follows: 

 
Fig. 7: Using Manhattan Metrics 

This step may require multiple iterations. 

E. Visualization of Pair Wise Distance 

Using various distance metrics, distance between two pairs to 

be visualized now. If there are indeed multiple segments in 

data, some of these plots should show “mountains and 

valleys”, with the mountains being potential segments. For 

example, in our case we can see the histogram of, the first 2 

variables:   

 
Fig. 8: Histogram of First Variable 

 
Fig. 9: Histogram of Second Variable 

 
Fig. 10: Histogram of All Pair Wise Distances for the 

Euclidean Distance 
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F. Number of Segments and Method 

Method chosen should be statistically robust, interpretable, 

and actionable. In this paper we will use the K means 

Clustering Method, and the Hierarchical Clustering Method. 

If we do not consider methodology, the only difference to 

highlight is that K-means requires the user to define how 

many segments to create, while Hierarchical Clustering does 

not Various Types of clustering are explained below:. 

1) Hierarchical Clustering 

We will first use hierarchical Clustering method, as we do not 

know how many segments there are in the data. It will help 

us visualise how the data may be clustering together. Plot 

called the Dendrogram will be generated. Hclust command 

was used in R to create it (using Euclidean distance and the 

ward.D hierarchical clustering option as well as help(hclust) 

in R). 

 
Fig. 11: Observed Data 1 

We can draw as many clusters are we want here we 

choose to make 3 clusters around the branches of the 

Dendrogram. 

In Dendrogram, observations from data are grouped 

together, starting from pairs of individual observations that 

are the closest to each other, and merging smaller groups into 

larger ones, depending on which are the groups closest to 

each other. Eventually all the data are merged into single 

segment. The heights of branches of the tree indicate how 

much difference is there in the clusters merged at that level of 

the tree. Longer lines indicate that clusters below are very 

different. The heights of the tree branches increase as we 

traverse the tree from the end leaves to the tree root- this 

method merges data points/groups from the closest ones to 

the furthest ones. 

Dendrograms are very helpful visualization tool for 

segmentation, even if the number of observations is very 

large. The tree typically grows logarithmically with the 

number of data. However, these can be misleading. Once two 

data points are merged into the same segment they remain in 

the same segment throughout the tree. This tendency of 

rigidity of the Hierarchical Clustering method may lead to 

segmentations which are suboptimal in numerous ways. 

Though, the dendrograms are useful in practice to help us get 

some understanding of the data, including the potential 

number of segments we would have in the data. Moreover, 

there are various ways to construct the dendrograms, not only 

depending on the distance metric we defined in the earlier 

steps above, but also depending on how the data are 

aggregated into clusters (help command in R- help (hclust), 

for example, which provides the following options for the 

way the tree is constructed: ward, single, complete, average, 

mcquitty, median or centroid). We can also plot distances 

travelled before we need to merge any of the lower and 

smaller in size clusters into larger ones - the heights of the 

tree branches that link the clusters as we traverse the tree from 

its leaves to its root. If we have n observations, this plot has 

n-1 numbers. 

As a thumb rule, we can select the number of 

clusters as the “elbow” of this plot. Elbow is the place in the 

tree where, if we traverse the tree from the leaves to its root, 

we need to make the ‘longest jump’ before we merge further 

the segments at that tree level. Obviously actual number of 

segments can be very different from what this rule of thumb 

may indicate, in practice we usually explore different 

numbers of segments, possibly starting with what a 

hierarchical clustering Dendrogram may indicate, and then 

we select the final segmentation solution using both statistical 

and qualitative criteria, as discussed below. 

 
Fig. 12: The Components 

Different numbers of segments should be explored, 

that is multiple iterations, and the final choice should be made 

based on both statistical and qualitative criteria. For this paper 

we consider the 3-segments solution found by the 

Hierarchical Clustering method (using the Euclidean distance 

and the hclust option ward.D). 

We can also see which segment each observation 

(respondent) belongs to for the first 10 people: 

 
Fig. 13: Observed Data 2 

2) K-Means Clustering 

K-means can also be performed using numerous distance 

metrics, same like hierarchical clustering. There are 

variations of K-means (like Hartigan-Wong, Lloyd, or 

MacQueen, for knowing more we can see help(k-means) in 

R). K-means does not necessarily lead to the same solution 

every time you run it. Here are the clusters our observations 

belong to when we select 3 clusters and the Lloyd k-means 

method, for the first 10 people (cluster IDs may differ from 

those from hierarchical clustering): 
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Fig. 14: Observed Data 3 

The observations need not be in the same clusters as 

different methods are used, neither do the segment profiles. 

Though, a characteristic of statistically robust segmentation 

is that observations will be grouped in similar segments 

independent of the approach used. Also, the profiles of the 

segments should not differ much when different approaches 

are used.  

Now, profile segments need to be calculated. Before 

that we should know that most of the observations should 

belong in the same clusters independent of how the clusters 

are found. The segments found should be relatively robust to 

changes in the clustering methodology and data subsets used. 

Additionally, the profiles of the clusters found using different 

approaches should be as consistent across different 

approaches as possible. 

Large changes may indicate that our segmentation is 

not valid. Judging the quality of segmentation depends on 

both robustness of the statistical characteristics of the 

segments (like changes from different methods and data used) 

as well as a matter of many qualitative criteria: action ability, 

stability over time, interpretability, etc. 

G. Profile and Interpretation 

Once number of clusters is decided, we get a better 

understanding of who the customers in those clusters are and 

interpret the segments. Researcher can now see how the 

summary statistics (e.g. averages, standard deviations, etc.) 

of profiling attributes differ across the segments. 

In this paper we use the 3 segments found using 

hclust (similar profiling can be done with the results of other 

segmentation methods), differences in responses of survey 

can be seen across segments.  

The average values of the data for the total 

population as well as within each customer segment are:  

 
Fig. 15: Average Values 

We use snake plots to visualize segments for each 

cluster. For example, we plot the means of the profiling 

variables for each of the clusters to better visualize 

differences between segments.  

 
Fig. 16: The Plot of Standardized Profiling Variables 

This plot helps us seeing differences between the 

segments, if the segments differ in terms of their average 

household income and in terms of their visit to mall, are there 

some other additional attributes to be noticed about these 

parameters. We can also compare the averages of the 

profiling variables of each segment relative to the average of 

the variables across the whole population.  

This helps us better understand whether there are 

indeed clusters in data (for example if all segments are much 

like the overall population, there may be no segments). Like, 

we can measure the ratios of the average for each cluster to 

the average of the population (e.g. avg(cluster) / avg 

(population)) and explore a metrics as the following one: 

 
Fig. 17: Average of Each Cluster 

The further a ratio is from 1, more important that 

attribute is for a segment relative to the total population. Both 

the snake plot as well as this metrics of relative values of the 

profiling attributes for each cluster help us visualize our 

segments and interpret them. 

H. Robustness 

Segmentation is an iterative process with many variations of 

data, methods, number of clusters, and profiles generated 

until a satisfying solution is reached. It can be done using 

variations of the original segmentation attributes, using 

different subsets of the original data, using different numbers 

of clusters, using different distance metrics, using different 

segmentation methods. 

We can’t explore all variations here, but a few 

techniques were performed to test the statistical robustness 

and stability of interpretation are:  

 How much overlap is there between the clusters found 

using different approaches? Specifically, for what 

percentage of our observations the clusters they belong 

to are the same across different clustering solutions?  

 How similar are the profiles of the segments found? 

Specifically, how similar are the averages of the profiling 

attributes of the clusters found using different 

approaches? As we can have the cluster memberships of 

our observations for all clustering methods, we can 



Customer Segmentation through K-Means and Hierarchical Clustering Techniques 

 (IJSRD/Vol. 5/Issue 07/2017/123) 

 

 All rights reserved by www.ijsrd.com 516 

measure both the total percentage of observations that 

remain in the same cluster, as well as this percentage for 

each cluster separately.  

VI. CONCLUSION 

Use of different number of clusters leads to different 

percentages of overlap (can be tried using 2 clusters) - 

robustness of solution may also indicate how many clusters 

there are in data. However, in general there is no ‘correct 

percentage of overlap’, as this depends on how difficult 

clustering is: the robustness of solution is often “relative to 

other solutions”. Additionally, sound segmentation requires 

eventually robustness of our decisions across many good 

clustering approaches used. Only after a number of such 

robustness checks, profiling and interpretations, researcher 

can end with final segmentation. We may need to return to 

our original raw data at any point and select new raw 

attributes as well as new clusters before reaching to our final 

segmentation as data analytics is an iterative process. 
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