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Hierarchical clustering

e Bottom up clustering

* Methods of merging clusters with hclust()
e E.g. “complete” vs “single” linkage
* Measuring distance

* E.g. "euclidean” vs “manahattan” distance

* Examples of hierarchical clustering in research
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Hierarchical clustering merges the "closest things” in a bottom up fashion



10
°

10.0

{5

5.0



10
°

0 [2][10@@ [1?5] 6) 7] 4] [9)
























9
10.0

{5

0

5.

2.

101[J37




10
°




We can “cut” the tree and extract any number of clusters (k)
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We can “cut” the tree and extract any number of clusters (k)
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Hierarchical Clustering Dendrogram
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https://towardsdatascience.com/the-5-clustering-algorithms-data-scientists-need-to-know-a36d136ef68



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

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.
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“complete” linkage

Default of hclust(method=) “single” linkage

Uses closest points between clusters to merge
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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.
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“Complete”

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

objects.

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

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

objects.

“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 Linkage

Average Linkage

Complete Linkage Ward Linkage
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Measuring distance

Euclidean distance = sqrt(dx2 + dy?)

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




“euclidean” “mahnattan”
Default for dist(method=) in R Distance = sum of absolute values of differences
between all variables
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BIO1 = Annual Mean Temperature

BIO2 = Mean Diurnal Range (Mean of monthly (max temp - min temp))
BIO3 = Isothermality (BIO2/BIO7) (x100)

BlO4 = Temperature Seasonality (standard deviation x100)

BIO5 = Max Temperature of Warmest Month

s

BIO6 = Min Temperature of Coldest Month

BIO7 = Temperature Annual Range (BIO5-BIO6) 19 biOClimatiC va I’iables

BIO8 = Mean Temperature of Wettest Quarter

BIO9 = Mean Temperature of Driest Quarter biol — bio2 = bio3

BIO10 = Mean Temperature of Warmest Quarter -1.1666815 -0.14426182 0.94909285
BIO11 = Mean Temperature of Coldest Quarter -0.8190065 -0.44644337 -0.16748697
BIO12 = Annual Precipitation -1.1014924 1.36664596 0.05582899
BIO13 = Precipitation of Wettest Month SO S381751 FS 034571610 072577685
BIO14 = Precipitation of Driest Month cassava landraces -0.8841956  0.05719255  0.94909285
BIO15 = Precipitation Seasonality (Coefficient of Variation) -2.6443000 -1.45371522 0.94909285
BIO16 = Precipitation of Wettest Quarter -1.5578158 0.25864692 1.17240881

-1.6881939 -0.74862493 1.39572477

BIO17 = Precipitation of Driest Quarter

N -1.1014924 -0.84935211 0.72577688
BIO18 = Precipitation of Warmest Quarter

-1.9924095 -0.34571619 -0.83743486

BIO19 = Precipitation of Coldest Quarter
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Other Clustering methods




GaussianMixture

Birch

Ward AgglomerativeClustering DBSCAN

SpectralClustering

MeanShift

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

o mocrgo@bozp c o
q%%c & 2 2
.
AN
o
% £o Ocpgg
P oLP T
o o o
- o
.,
‘% o
@,
o o
o;g o ® o © oo o Og
By e gme® T 4%
o o
%, oREe %
(o3} o
o® %%%5’ 9
epsilon =1.00 030 60038%) c%% LER °

minPoints = 4

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



