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•Hierarchical clustering



https://link.springer.com/article/10.1007/s10722-005-3878-9

Data: 85 genetic markers

22 plants
(observations)

Hierarchical clustering



https://en.wikipedia.org/wiki/Heat_map#/media/File:Heatmap.png
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Hierarchical clustering

• Bottom up clustering
• Methods of merging clusters with hclust()
• E.g. “complete” vs “single” linkage

• Measuring distance
• E.g. ”euclidean” vs “manahattan” distance

• Examples of hierarchical clustering in research





Hierarchical clustering merges the ”closest things” in a bottom up fashion

























cutree(k=2)

We can “cut” the tree and extract any number of clusters (k)



cutree(k=3)

We can “cut” the tree and extract any number of clusters (k)



cutree(k=4)

We can “cut” the tree and extract any number of clusters (k)



https://towardsdatascience.com/the-5-clustering-algorithms-data-scientists-need-to-know-a36d136ef68
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Distance matrix

?

hclust() in R uses 
“complete” linkage as 
default method for 
building clusters. This 
means it looks at the 
biggest difference 
between clusters to 
determine when they get 
merged. In this example, 
point 5 gets merged with 
cluster 2/3 because it is 
closer to pt 2 than the 
distance between point 3 
and point 4, the furthest 
points in their respective 
clusters.   

Why doesn’t cluster 2/3 
get merged with cluster 
1/4 since the distance 
between 1 and 2 is 
smaller than 5 and 3?

The default 
method hclust() 
merges clusters 
isn’t always 
intuitive!



“complete” linkage
Default of hclust(method=) “single” linkage

Uses closest points between clusters to merge 

With “single” linkage, cluster 1/2 merges with 3/4 
because the distance between 3 and 4  < distance 
between 4 and 5 

With “complete” linkage, cluster 3/4 merges with 
point 5 because the distance between 1 and 4 >  
distance between 4 and 5 



Different hierarchical clustering methods yield distinct tree topologies

“Single”
Proximity between two clusters is the 
proximity between their two closest objects. 
Metaphor is a chain.

“Complete”
Proximity between two clusters is the 
proximity between their two most distant 
objects. Metaphor is a circle.



“Ward” Proximity between two 
clusters is the magnitude by 
which the summed square in 
their joint cluster will be greater 
than the combined summed 
square in these two clusters.

“Single” Proximity between two clusters is 
the proximity between their two closest 
objects. 

“Complete” Proximity between two clusters is 
the proximity between their two most distant 
objects. 

“Average” Proximity between two 
clusters is the arithmetic mean of all the 
proximities in their joint cluster.



Measuring distance

Euclidean distance = sqrt(dx2 + dy2)

dx

dy
Manhattan distance = abs(dx) + abs(dy)



“euclidean”
Default for dist(method=) in R

“mahnattan”
Distance = sum of absolute values of differences 
between all variables

cutree(k=2)
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Population structure in Arabidopsis thaliana

Data: >10,000 genetic markers

150 plants
(observations)



cassava landraces

19 bioclimatic variables
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1000 genes

>50 tissues

Gene expression data







Other Clustering methods





Density-Based Spatial Clustering of Applications with Noise (DBSCAN)

https://towardsdatascience.com/the-5-clustering-algorithms-data-scientists-need-to-know-a36d136ef68


