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Lecture 5

• Introduction to cluster analysis

• k-Means clustering 

• Fuzzy clustering

• Hierarchical clustering, cluster analysis

Presenter: Dr Heshan Kumarage
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Week-by-week outline
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Assignment 1
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Assignment 1
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Assignment 1

• Students who joined the unit late (and are not on the 

FocusCountryByID.pdf) need to email 

john.betts@monash.edu to be assigned a focus country.

• Data may contain missing/NA values. Check the survey 

documentation: WVS-7 Master Questionnaire 2017-2020 

English.pdf

• It is likely many attributes will have low predictive power. 

The aim of the analysis is to find the “best” ones.

mailto:john.betts@monash.edu
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Clustering

In this lecture we’ll cover:

• Introduction to cluster analysis

• k-Means clustering in R

• Fuzzy clustering

• Hierarchical clustering

• Cluster analysis
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Food groups

https://www.muralsyourway.com/p/food-groups-mural/

https://www.muralsyourway.com/p/food-groups-mural/
https://www.muralsyourway.com/p/food-groups-mural/
https://www.muralsyourway.com/p/food-groups-mural/
https://www.muralsyourway.com/p/food-groups-mural/
https://www.muralsyourway.com/p/food-groups-mural/
https://www.muralsyourway.com/p/food-groups-mural/
https://www.muralsyourway.com/p/food-groups-mural/
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Document clustering

Clustering More than Two Million Biomedical Publications: 

Comparing the Accuracies of Nine Text-Based Similarity 

Approaches

https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0018029

https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0018029
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7 Australian political personas

https://www.smh.com.au/

How would you group these people?

http://www.smh.com.au/national/what-type-of-aussie-are-you-meet-the-7-new-political-tribes-20170203-gu57b2.html
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Phylogenetic tree, fern evolution

https://www.pnas.org/content/106/27/11200/F1.expansion.html

http://www.pnas.org/content/106/27/11200/F1.expansion.html
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Phylogenetic tree, Bacillus species

https://openi.nlm.nih.gov/detailedresult.php?img=PMC2828439_1471-2105-11-69-1&req=4

https://openi.nlm.nih.gov/detailedresult.php?img=PMC2828439_1471-2105-11-69-1&req=4
https://openi.nlm.nih.gov/detailedresult.php?img=PMC2828439_1471-2105-11-69-1&req=4
https://openi.nlm.nih.gov/detailedresult.php?img=PMC2828439_1471-2105-11-69-1&req=4
https://openi.nlm.nih.gov/detailedresult.php?img=PMC2828439_1471-2105-11-69-1&req=4
https://openi.nlm.nih.gov/detailedresult.php?img=PMC2828439_1471-2105-11-69-1&req=4
https://openi.nlm.nih.gov/detailedresult.php?img=PMC2828439_1471-2105-11-69-1&req=4
https://openi.nlm.nih.gov/detailedresult.php?img=PMC2828439_1471-2105-11-69-1&req=4
https://openi.nlm.nih.gov/detailedresult.php?img=PMC2828439_1471-2105-11-69-1&req=4
https://openi.nlm.nih.gov/detailedresult.php?img=PMC2828439_1471-2105-11-69-1&req=4
https://openi.nlm.nih.gov/detailedresult.php?img=PMC2828439_1471-2105-11-69-1&req=4
https://openi.nlm.nih.gov/detailedresult.php?img=PMC2828439_1471-2105-11-69-1&req=4
https://openi.nlm.nih.gov/detailedresult.php?img=PMC2828439_1471-2105-11-69-1&req=4
https://openi.nlm.nih.gov/detailedresult.php?img=PMC2828439_1471-2105-11-69-1&req=4
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COVID-19

Tracking the COVID-19 pandemic in Australia 

using genomics

Sequenced samples from Australia were 

representative of the global diversity of SARS-

CoV-2, ... In total, 76 distinct genomic 

clusters were identified; these included large 

clusters associated with social venues, 

healthcare facilities and cruise ships. 

Sequencing of sequential samples from 98 

patients revealed minimal intra-patient SARS-

CoV-2 genomic diversity.

https://www.medrxiv.org/content/10.1101/2020.05.12.20099929v1

https://www.medrxiv.org/content/10.1101/2020.05.12.20099929v1
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COVID-19

Tracking the COVID-19 pandemic in Australia 

using genomics

https://www.medrxiv.org/content/10.1101/2020.05.12.20099929v1

https://www.medrxiv.org/content/10.1101/2020.05.12.20099929v1
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SARS-CoV-2 antigenic variants

https://www.biorxiv.org/content/10.1101/2022.01.28.477987v1.full.pdf

https://www.biorxiv.org/content/10.1101/2022.01.28.477987v1.full.pdf
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Supervised vs unsupervised learning

There are two main approaches to machine learning:

• Supervised learning algorithms:

> Algorithms are given labelled examples (target class) for 
the various types of data that need to be learned. 

> For example: regression.

• Unsupervised learning algorithms:

> Data is unlabeled (has no predefined classes), and the 
learning algorithms attempt to find patterns within the 
data to put into groups or sets.

> For example, clustering algorithms.
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What is Cluster Analysis?

Finding groups of points such that the points in a group will be 

similar (or related) to one another and different from (or unrelated 

to) the points in other groups

Inter-cluster 
distances are 
maximized

Intra-cluster 
distances are 

minimized
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Clustering – applications

Examples:  

• Segment customer database based on similar buying patterns.

• Group houses in a town into neighborhoods based on similar 
features.

• Identify similar Internet usage patterns.

• Clustering emails by content.

• Gene clustering in biology.

• Group documents that have similar content.

Are these clusters pre-defined?

• No, it depends how the distance between points are measured. 
There are no class labels.
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Illustrating clustering

Are there natural groupings amongst this group?

Possible clusters

                                                      or

Family

School

Females

Males
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Clustering Definition

• Clustering identifies natural groups in a data set:

> Given a set of data points, each having a set of attributes, 
and a similarity measure, find clusters such that:

> Data points in each cluster are more similar to each other.

> Data points in separate clusters are less similar.

• Similarity Measures:

> Euclidean Distance (e.g., Pythagoras’ theorem).

> Other distance-based measures (for example, Manhattan).

> Other measures if the attribute values are not continuous, 
e.g., cosine distance for text.
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Notion of a Cluster can be Ambiguous

How many clusters?

Four Clusters Two Clusters 

Six Clusters 
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Types of clustering

Two main approaches: partitional and hierarchical. 

• Partitional: the division of data points into non-

overlapping subsets (clusters) such that each data point 

is in exactly one subset.

• Hierarchical: a set of nested clusters organized as a 

hierarchical tree. 
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k-Means clustering
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k-Means Clustering

Partitional clustering approach 

Each cluster is associated with a centroid (center point) 

Each point is assigned to the cluster with the closest centroid

Number of clusters, k, must be specified

The basic algorithm is very simple:

1. Select k points (at random) as the initial centroids

2. Repeat

3. Form k clusters by assigning all points to the closest centroid

4. Re-compute the centroid of each cluster

5. Until the centroids don’t change
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k-Means demonstration

James et al., An Introduction to Statistical Learning

In Step 1 each point is 

randomly assigned to a 

cluster. Top right: in 

Step 2(a), the cluster 

centroids are computed. In 

Step 2(b), each point is 

assigned to the nearest 

centroid. Bottom center: 

Step 2(a) is once again 

performed, leading to new 

cluster centroids. Bottom 

right: the results 

obtained after ten 

iterations.
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Finding the centroids

How do we decide which is the closest centroid?

We need to find the ‘distance’ between each point and all the 

centroids

What does ‘distance’ mean?

There are many ways of defining ‘distance’. We need to use a 

distance metric.

Data points

Centroids
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Euclidean distance

Euclidean distance is the shortest distance between two points. 

Using Pythagoras’ Theorem:

Distance between X and Y is c.

How do we calculate c?

𝑐2 = 𝑎2 + 𝑏2, 𝑡ℎ𝑒𝑟𝑒𝑓𝑜𝑟𝑒 𝑐 = 𝑎2 + 𝑏2  

This model can be applied to multiple dimensions!

a

bc

X

Y



FIT3152 Data analytics – Lecture 5              Slide 34

Draft: do not circulate

What k-Means is aiming to do

The objective of the k-Means algorithm is to minimise the total 

squared distance of each point to its centroid:

σ𝑖=1
𝑘 σ𝑗=1

𝑛 𝑑 𝑐𝑖 , 𝑥𝑖,𝑗
2
 where:

 

• k is the number of clusters
• 𝑐𝑖 is the centroid of each cluster for i=1,….k
• 𝑛𝑖 is the number in cluster i
• 𝑥𝑖,𝑗is the jth point of cluster i

• 𝑑(𝑐𝑖,𝑥𝑖,𝑗) is the distance between 𝑐𝑖 and 𝑥𝑖,𝑗.
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Evaluating k-Means Clusters

Most common measure: Sum of Squared Error (SSE)

• For each point, the error is the distance to the nearest cluster.

• To get SSE, we square these errors and sum them.

• xi  is a data point in cluster Ci and ci is the centroid of cluster Ci .

• From previous slide: SSE = σ𝑖=1
𝑘 σ𝑗=1

𝑛 𝑑 𝑐𝑖 , 𝑥𝑖,𝑗
2

• Given two sets of clusters, we can choose the one with the 
smallest error.

• Note: the easiest way to reduce SSE is to increase k, the number 
of clusters.

• We look at some alternative squared measures using R in the 
following examples.
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Normalising attributes

It is a good idea to normalise the data before clustering, otherwise 

large valued attributes will exert greater influence on the 

clustering.

This is achieved by rescaling each attribute to fit within the same 

range (for example, between 0 and 1). To normalize attribute A:

MaxA and MinA are the maximum and minimum of A. Then, the 

normalized values of A are: 𝑥𝑛𝑒𝑤= 𝑥−𝑀𝑖𝑛𝐴

𝑀𝑎𝑥𝐴−𝑀𝑖𝑛𝐴

R software has a function (scale) which performs a similar – but 

not identical function.
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Pre-processing and post-processing

Pre-processing

• Normalise the data

• Eliminate outliers

Post-processing

• Eliminate small clusters that may represent outliers

• Split ‘loose’ clusters, i.e., clusters with relatively high 

SSE.

• Merge clusters that are ‘close’ and that have relatively 

low SSE.



FIT3152 Data analytics – Lecture 5              Slide 38

Draft: do not circulate

k-Means clustering in R

The k-Means function is built into the Stats 

package, which is loaded by default.

Using the iris data:

> set.seed(9999) # makes “random” method repeatable

> # clone and scale numerical data

> niris = iris

> niris[,1:4] = scale(niris[,1:4])
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k-Means clustering in R

Using sepals (Cols 1 & 2), create 3 clusters, taking 

the best out of 20 starting configurations.

> ikfit = kmeans(niris[,1:2], 3, nstart = 20)

> ikfit

> table(actual = niris$Species, fitted = ikfit$cluster)
fitted

actual        1  2  3

setosa 50  0  0

versicolor 0 12 38

virginica 0 35 15
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k-Means clustering in R

Looking at the ikfit object:
> ikfit

K-means clustering with 3 clusters of sizes 50, 

47, 53

Cluster means:

  Sepal.Length Sepal.Width

1     5.006000    3.428000

2     6.812766    3.074468

3     5.773585    2.692453

Clustering vector:

  [1] 1 1 1 1 1 1 1 1 1 1 ...
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k-Means clustering in R

Looking at the ikfit object:

...

Within cluster sum of squares by cluster:

[1] 13.1290 12.6217 11.3000

 (between_SS / total_SS =  71.6 %)

Available components:

[1] "cluster"      "centers"      "totss"       

[4] "withinss"     "tot.withinss" "betweenss"   

[7] "size"         "iter"         "ifault" 
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k-Means clustering in R

Looking at the sums of squares calculations:

> ikfit$totss
[1] 130.4753

> ikfit$withinss
[1] 13.1290 12.6217 11.3000

> ikfit$tot.withinss
[1] 37.0507

> ikfit$betweenss
[1] 93.42456 

# Total SS from a single centroid (treats data as one cluster).

# SS within each cluster.

# Total within clusters.  (Sum of Squared Error)

# Total sum of squares - total SS within clusters.
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k-Means clustering in R

Plotting the clusters:

> ikfit$cluster = 
as.factor(ikfit$cluster)

> ggplot(iris, 
aes(Sepal.Length, 
Sepal.Width, color = 
ikfit$cluster)) + 
geom_point()
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? kmeans

• Description
Perform k-means clustering on a data matrix.

• Usage
kmeans(x, centers, iter.max = 10, nstart = 1,       

algorithm = c("Hartigan-Wong", "Lloyd", "Forgy",                     

"MacQueen"), trace=FALSE)

x  data

centers number of clusters (k)

nstart  random starting positions to test

iter.max maximum number of iterations

...

* 
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k-Means clustering in R

Note that using both petals and sepals improves 

the accuracy of the clustering for these data:

> ikfit = kmeans(niris[,1:4], 3, nstart = 20)

> table(actual = niris$Species, fitted = ikfit$cluster)
fitted

actual        1  2  3

setosa 50  0  0

versicolor 0 39 11

virginica 0 14 36

> ikfit$tot.withinss
[1] 138.8884
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k-Means for classification…

From previous slide, using both petals and sepals 
for the clustering:

> table(actual = niris$Species, fitted = ikfit$cluster)
fitted

actual        1  2  3

setosa 50  0  0

versicolor 0 39 11

virginica 0 14 36

• If we classify Setosa = Group 1, Versicolor = Group 2 
and Virginica = Group 1, this has an accuracy of:

> (50 + 39 + 36)/150 =  0.83.
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k-Means clustering in R

But the number of clusters is arbitrary, for 

example:

> ikfit = kmeans(niris[,1:4], 5, nstart = 20)

> ttable(actual = niris$Species, fitted = ikfit$cluster)
            fitted

actual        1  2  3  4  5

  setosa     22  0  0  0 28

  versicolor  0 21 27  2  0

  virginica   0  2 21 27  0

> ikfit$tot.withinss
[1] 90.20221 # compared to 138.88 for 3 clusters!
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k-Means clustering in R

Plotting the clusters:

> ikfit$cluster = 
as.factor(ikfit$cluster)

> ggplot(iris, 
aes(Sepal.Length, 
Sepal.Width, color = 
ikfit$cluster)) + 
geom_point()
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Countries data

Sample socio-economic data for 19 countries.
Country Per	capita	income Literacy Infant	mortality Life	expectancy

Brazil 10326 90 23.6 75.4

Germany 39650 99 4.08 79.4

Mozambique 830 38.7 95.9 42.1

Australia 43000 99 4.57 81.2

China 5300 90.9 23 73

Argentina 13308 97.2 13.4 75.3

United	Kingdom 34105 99 5.01 79.4

South	Africa 10600 82.4 44.8 49.3

Zambia 1000 68 92.7 42.4

Namibia 5249 85 42.3 52.9

Georgia 4200 100 17.36 71

Pakistan 3320 49.9 67.5 65.5

India 2972 61 55 64.7

Turkey 12888 88.7 27.5 71.8

Sweden 34735 99 3.2 80.9

Lithuania 19730 99.6 8.5 73

Greece 36983 96 5.34 79.5

Italy 26760 98.5 5.94 80

Japan 34099 99 3.2 82.6
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Countries data: scaling

Some sample socio-economic data for xx 

countries.
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Countries data: k-Means

k-Means for the scaled data set

> set.seed(9999)

> CD <- read.csv("CountriesData.csv")

> # clone and scale numerical data

> CDS = CD

> CDS[,2:5] = scale(CD[,2:5])

> CDSkfit = kmeans(CDS[,2:5], 3, nstart = 20)

> CDSkfit

> table(actual = CDS$Country, fitted = CDSkfit$cluster)
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Non–scaled v scaled clusters

ScaledNot-scaled

Scaling 
changes the 
clusters of 
these 
countries.
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Analysing the clusters

Using scaled cluster means

See difference in indicators

>  > CDkfit

> K-means clustering with 3 clusters of sizes 6, 6, 7

> Cluster means:
       Income      Lit  I.mortality       L.exp

1      -0.925   -1.200        1.259      -1.256

2      -0.460    0.434       -0.322       0.287

3       1.187    0.656       -0.803       0.830
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Analysing the clusters

If you want to compare the original (un-scaled) data 

then you can adapt the following:

> by(CD$Per.capita.income, CDSkfit$cluster, mean)
Cluster means:CDSkfit$cluster: 1

[1] 3995.167

------------------------------------------------- 

CDSkfit$cluster: 2

[1] 35618.86

-------------------------------------------------

CDSkfit$cluster: 3

[1] 10958.67
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k-Means: some considerations

How do we decide which k to use?

• Trial and error?

• There is no single best way of doing this. One 

reference with some good approaches is         

https://uc-r.github.io/kmeans_clustering.

• The first method shows, the average silhouette, 

adapted from Giordani et al., An Introduction to 

Clustering with R.

• The second is the “elbow method”. 

https://uc-r.github.io/kmeans_clustering
https://uc-r.github.io/kmeans_clustering
https://uc-r.github.io/kmeans_clustering
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K-Means: Silhouette

• The average silhouette calculates how well each data 
point sits within its cluster. It is a proxy measure for 
the quality of the clustering. For each point, i ,

• where ai is the average distance between that point 
and all other points in the same cluster, and

• bi is smallest average distance to any cluster it does 
not belong to.

• The average s can then be evaluated across all i. at 
different values of k.

𝑠𝑖 =
𝑏𝑖  − 𝑎𝑖

𝑚𝑎𝑥 𝑏𝑖 , 𝑎𝑖
, 𝑖 = 1, 2, 3, …

Ideally ai is small and bi is large.
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K-Means: Silhouette in R

For the iris data, using sepals and petals:

> library(cluster)

> #make function to get average silhouette score 

> i_silhouette_score <- function(k){

>   km <- kmeans(iris[,1:4], centers = k, nstart=25)

>   ss <- silhouette(km$cluster, dist(iris[,1:4]))

>   mean(ss[, 3])

> }
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K-Means: Silhouette in R

> #calc and plot average silhouette for 2-10 clusters

> k <- 2:10

> avg_sil <- sapply(k, i_silhouette_score)

> plot(k, type='b', avg_sil, xlab='Number of clusters', 
ylab='Average Silhouette Scores')

In this case max score recommends 2 clusters!
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K-Means: elbow method

• … Using the “elbow” or “knee of a curve” as a cutoff 

point is a common heuristic in mathematical 

optimization to choose a point where diminishing 

returns are no longer worth the additional cost. In 

clustering, this means one should choose a number of 

clusters so that adding another cluster doesn’t give a 

much better modeling of the data. …

• https://en.wikipedia.org/wiki/Elbow_method_(clustering)

https://en.wikipedia.org/wiki/Elbow_method_(clustering)
https://en.wikipedia.org/wiki/Elbow_method_(clustering)
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K-Means: elbow method

• The following code evaluates the total within sum of 

squares as a proxy for explained variation as number of 

clusters changes:

> elbowdata = data.frame()

> for (k in 1:20){

>   kfit = kmeans(niris[,1:4], centers = k, nstart = 10)

>   print(kfit$tot.withinss)

>   elbowdata = rbind(elbowdata, t(c(k,kfit$tot.withinss) ))

>   }

> colnames(elbowdata) = c("k", "tot.within.ss")

> plot(elbowdata$k, elbowdata$tot.within.ss)
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K-Means: elbow method

• The “elbow” or “knee of a curve” suggests after 5 

clusters, say, adding another cluster does not reduce 

within sum of squares significantly!  
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K-Means: further thoughts…

• Advantages:

> Relatively simple to implement. Scales to large data 
sets. Guarantees convergence. Can warm-start the 
positions of centroids. Easily adapts to new examples. 
Generalizes to clusters of different shapes and sizes.

• Disadvantages:

> Dependent on initial values. Clusters of varying sizes 
and density. Centroids can be dragged by outliers. 
Outliers might become their own cluster. Non-
globular clusters hard to identify.

https://developers.google.com/(inactive)  

https://developers.google.com/(inactive)
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Fuzzy Clustering
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Fuzzy Clustering

• Produces a ‘soft’ partitioning as opposed to a ‘crisp’ 

partitioning.

• Objects are not assigned to a single cluster.

• Assigns fuzzy membership values [0,1] instead.

• Ability to indicate “second best” cluster where “crisp” 

partitioning is unrealistic.

• Fuzzy memberships can be calculated using a variety of  

iterative optimization methods.

• Once scaled to [0,1], fuzzy membership can be interpreted as 

probabilities for belonging in different clusters.
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Fuzzy Clustering
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Fuzzy K-Means

A fuzzy generalization of the K-Means algorithm.

Introduces a membership degree matrix (U) to the 

standard objective function.
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Fuzzy Clustering in R

The FKM function is built into the 

fclust package.

Using the scaled countries data:

     >   library(fclust)

> CDSffit <- FKM(CDS[, 2:5], 3, RS = 20)

> CDSffit

> table(actual = CDS$Country , fitted =  
CDSffit$clus [ , 1])
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Fuzzy Clustering in R

Looking at the CDSffit object:

> CDSffit
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Fuzzy Clustering in R
Looking at the CDSffit object:

…
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Fuzzy Clustering in R

> CDSffit$U  #membership matrix for all clusters

> CDSffit$H  #cluster centres
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Fuzzy Clustering in R

> CDSffit$clus  #assigned clusters and associated membership
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Fuzzy Clustering: Cluster Validity

• In addition to previously discussed methods for k means the 

following fuzziness measures can be used to evaluate partition 

quality.

• Partition Coefficient (PC)

• The optimal number of cluster k is achieved when the value is 

maximized over different values of k.

• Partition Entropy (PE) 

• The optimal value of k corresponds to the minimum achieved 

over different values of k.

• R functions PC() and PE() from the fclust library.
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Fuzzy Clustering: Further thoughts

The FKM function can also be run without specifying the number 

of clusters.

Partition Entropy (PE), Partition Coefficient (PC) or Silhouette 

(SIL) can be used as an index to optimize and automatically select 

the number of clusters.

> CDSffit = FKM(CDS[,2:5], RS = 20, index = “PE”)

>CDSffit$H

Many other fuzzy clustering algorithms available, including Fuzzy 

c- means, Fuzzy k-mediods, Entropic fuzzy k-means etc.
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Hierarchical Clustering
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Phylogenetic tree, fern evolution

https://www.pnas.org/content/106/27/11200/F1.expansion.html

http://www.pnas.org/content/106/27/11200/F1.expansion.html
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Hierarchical clustering

• Creates a set of nested clusters organized as a 

hierarchical tree that:

> Records the sequences of merges or splits

> Can be visualized as a dendrogram or enclosure diagram

1 3 2 5 4 6
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Advantages of hierarchical clustering

• Do not have to assume any particular number of 

clusters:

> Any desired number of clusters can be obtained by 
‘cutting’ the dendrogram at the appropriate level.

• They may correspond to meaningful taxonomies:

> For example, in biological sciences (e.g., plant and 
animal kingdoms).



Decompose data objects into a several levels of nested partitioning 
(tree of clusters), called a dendrogram.  But we use 
agglomerative.

A clustering of the data points is obtained by cutting the 
dendrogram at the desired level, then each connected component 
forms a cluster.

Dendrogram and hierarchies

Branch heights represent the distance between clusters



Decompose data points into a several levels of nested partitioning 
(tree of clusters), called a dendrogram. 

A clustering of the data points is obtained by cutting the 
dendrogram at the desired level, then each connected component 
forms a cluster.

Dendrogram and hierarchies



Decompose data points into a several levels of nested partitioning 
(tree of clusters), called a dendrogram. 

A clustering of the data points is obtained by cutting the 
dendrogram at the desired level, then each connected component 
forms a cluster.

Dendrogram and hierarchies
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Hierarchical Clustering

Two main types of hierarchical clustering:

• Agglomerative (the more usual method):  

>  Start with the points as individual clusters.

>  At each step, merge the closest pair of clusters until only 
one cluster (or k clusters) left.

• Divisive:  

>  Start with one, all-inclusive cluster.

>  At each step, split a cluster until each cluster contains a 
point (or there are k clusters).

• Traditional hierarchical algorithms use a similarity or 
distance matrix and merge or split one cluster at a time
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Agglomerative Clustering Algorithm

More popular hierarchical clustering technique

Distance matrix stores the distances between each cluster

Basic algorithm is straightforward
1. Compute the distance matrix

2. Let each data point be a cluster

3. Repeat

4.  Merge the two closest clusters

5.  Update the distance matrix

6. Until only a single cluster remains
 

Key operation is the computation of distance between two clusters

Different approaches to defining the distance distinguish the 
different algorithms.
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Agglomerative clustering

The tree is built from the “ground” up…
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Defining inter-cluster similarity

• MIN

• MAX

• Group Average/Median

• Distance Between Centroids

Similarity? p1

p3

p5

p4

p2

p1 p2 p3 p4 p5
. . .

.

.

.
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Defining inter-cluster similarity

• MIN

• MAX

• Group Average/Median

• Distance Between Centroids

p1

p3

p5

p4

p2

p1 p2 p3 p4 p5
. . .

.

.
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Defining inter-cluster similarity

• MIN

• MAX

• Group Average/Median

• Distance Between Centroids

p1

p3

p5
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p2

p1 p2 p3 p4 p5
. . .
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.
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Defining inter-cluster similarity

• MIN

• MAX

• Group Average/Median

• Distance Between Centroids

p1

p3

p5

p4

p2

p1 p2 p3 p4 p5
. . .

.

.

.
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Defining inter-cluster similarity

• MIN

• MAX

• Group Average/Median

• Distance Between Centroids

 
p1

p3

p5

p4

p2

p1 p2 p3 p4 p5
. . .

.

.

.
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Quick demonstration

Merging with MIN, let’s try first merge for a 

hypothetical data set using distance matrix on the 

left...

First	Join

P1 P2 P36 P4 P5
P1

P2
P36
P4
P5

0.24 0.22 0.37 0.34

0.15 …

P1 P2 P3 P4 P5 P6

P1 0 0.24 0.22 0.37 0.34 0.23

P2 0.24 0 0.15 0.2 0.14 0.25

P3 0.22 0.15 0 0.15 0.28 0.11

P4 0.37 0.2 0.15 0 0.29 0.22

P5 0.34 0.14 0.28 0.29 0 0.39

P6 0.23 0.25 0.11 0.22 0.39 0
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Effect of clustering method

The following slides show the slightly different 

clustering obtained by MIN, MAX and Group 

Average distance measures…
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Hierarchical Clustering: MIN

Nested Clusters Dendrogram
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Hierarchical Clustering: MAX

Nested Clusters Dendrogram
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Hierarchical Clustering: Group Average

Nested Clusters Dendrogram
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Hierarchical Clustering: Comparison

Group Average
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Hierarchical Clustering: Comparison
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Similarity measures: pros and cons

• MIN

> Can handle non-elliptical shapes

> Sensitive to noise and outliers

• MAX

> Less susceptible to noise and outliers

> Tends to break large clusters, biased towards elliptical 
shapes

• Group Average

> Compromise between Single and Complete Link

> Less susceptible to noise and outliers

> Biased towards globular clusters
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Hierarchical clustering: considerations

• Once a decision is made to combine two clusters, it 

cannot be undone.

• No objective function is directly minimized, unlike k-

Means.

• Different schemes have problems with one or more of 

the following:

> Sensitivity to noise and outliers.

> Difficulty handling different sized clusters and convex 
shapes.

> Breaking large clusters.
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Hierarchical clustering in R

Hierarchical clustering of the Iris data.

We use hclust, built into the Stats package and 

loaded by default.

> set.seed(9999) # make results repeatable

> niris = iris

> #scale numerical data

> #niris[,1:4] = scale(niris[,1:4])

> ihfit = hclust(dist(niris[,1:4]), "ave")

> plot(ihfit, hang = -1)
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? hclust

• Description
Hierarchical cluster analysis on a set of 

dissimilarities and methods for analyzing it.

• Usage
hclust(d, method = "complete", members = NULL)

d  dissimilarity structure

method  agglomeration method to be used. This 

  should be (... one of "ward.D", 

   "ward.D2", "single", "complete", 

   "average" (= UPGMA), "mcquitty" (= 

   WPGMA), "median" (= WPGMC) or 

   "centroid" (= UPGMC)...)

...

* 
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Hierarchical clustering in R

The fitted object:

> ihfit
Call:

hclust(d = dist(niris[, 1:4]), method = "ave")

Cluster method   : average Distance         : 

euclidean

Number of objects: 150

*
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Hierarchical clustering in R

Viewing in the environment browser:
*
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Hierarchical clustering in R

Dendrogram:

Where are the clusters?

How many do you want?
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Hierarchical clustering in R

Setting a particular number of clusters:

> # pruning the tree into 5 clusters

> cutihfit = cutree(ihfit, k = 5) #associate each iris to a cluster

> rect.hclust(ihfit, k = 5, border = "red")

> table(actual = niris$Species, fitted = cutihfit)
fitted

actual        1  2  3  4  5

setosa 50  0  0  0  0

versicolor 0 46  4  0  0

virginica 0 14  0 24 12
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Hierarchical clustering in R

Dendrogram showing 5 clusters:
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Countries data (scaled)

Reading data, scaling, setting row names to 

country names (to appear in dendrogram)

> CD <- read.csv("CountriesData.csv")

> CD[,2:5] = scale(CD[,2:5])

> rownames(CD) = CD$Country

> hfit = hclust(dist(CD[,2:5]), "average")

> plot(hfit, hang = -1)

> cut.hfit = cutree(hfit, k = 5) #Pruning

> rect.hclust(hfit, k = 5, border = "red")
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Countries data (scaled)

Dendrogram
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Countries data: effect of scaling

Scaled

Not-scaled
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Countries data (normalised)

Normalised input gives similar tree to scaled data:

> CD <- read.csv("CountriesData.csv")

> # for loop to normalise cols 2 - 5

> for (i in 2:5){

> CD[,i] = (CD[,i]-min(CD[,i]))/(max(CD[,i])-min(CD[,i]))

> }

> rownames(CD) = CD$CountryCD

> hfit = hclust(dist(CD[,2:5]), "average")

> ...
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Analysing the clusters

To compare the original (un-scaled) data:

> CD <- read.csv("CountriesData.csv") # reread unscaled

> as.table(by(CD$Per.capita.income, cut.hfit, mean))
       1        2        3        4        5 

10958.67 35618.86   915.00  7924.50  3146.00

> cutCDhfit
    Brazil        Germany     Mozambique      Australia          China 

         1              2              3              2              1 

 Argentina United Kingdom   South Africa         Zambia        Namibia 

         1              2              4              3              4 

   Georgia       Pakistan          India         Turkey         Sweden 

         1              5              5              1              2 

 Lithuania         Greece          Italy          Japan 

         1              2              2              2
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Effect of clustering rule

Different clustering rules give slightly different results. 
See:

> CD <- read.csv("CountriesData.csv")
> CD[,2:5] = scale(CD[,2:5]) # scaled; rownames(CD) = CD$Country
> pdf("H Cluster methods.pdf", width=20, height=10)
> par(mfrow = c(2, 3))
> hfit = hclust(dist(CD[,2:5]), "average"); plot(hfit, hang = -1)
> hfit = hclust(dist(CD[,2:5]), "median"); plot(hfit, hang = -1)
> hfit = hclust(dist(CD[,2:5]), "ward.D2"); plot(hfit, hang = -1)
> hfit = hclust(dist(CD[,2:5]), "centroid"); plot(hfit, hang = -1)
> hfit = hclust(dist(CD[,2:5]), "single"); plot(hfit, hang = -1)
> hfit = hclust(dist(CD[,2:5]), "complete"); plot(hfit, hang = -1)
> dev.off()

*
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Effect of clustering rule
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Closing remarks

Clustering:

• An important unsupervised learning tool for grouping 

data.

• Enables data reduction, by identifying representative 

subsets of the data.

• You can experiment with different clustering rules.

Many R packages for cluster analysis:

• Cluster – is one of these which gives more control over 

clustering algorithm and more analysis tools.
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References to this lecture

• James et al., An Introduction to Statistical Learning 

with Applications in R, 2nd Ed. Springer, 2021. 

Section 12.4.

• Giordani, Ferraro and Martella, An Introduction to 

Clustering with R. Springer, 2020.

• Everitt, Landau, Leese and Stah, Cluster Analysis, 5th 

Edition, John Wiley, 2011.
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Notes on the presentation

This presentation contains slides created to 

accompany: Introduction to Data Mining, Tan, 

Steinbach, Kumar. Pearson Education Inc., 2006.

Presentation contains some material originally 

created by Dr. Sue Bedingfield, with additions by 

Rui Jie Chow & Dr. Parthan Kasarapu.
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