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Clustering genotypes into populations by allele data
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Xiong et al 2016



Clustering regions into categories by climate data

Wikipedia commons



Clustering interacting parts into networks by connection data

Could apply to social interactions in animals, genes in a regulatory network, trophic relationships, etc
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Today

* K-means clustering

* Intuitive clustering method

e Tries to minimize the variance within clusters
Requires user set number of clusters (k)

Not-deterministic

Choosing k

Makes clusters even if they don’t exist

K-means to identify hidden clusters
K-means to classify climates
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(K=3)

1. Randomly pick 3 points to start as “centers” for clusters
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Distance from pt 1 to green “center”
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Distance from pt 1 to orange “center”
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. Distance from pt 1 to blue “center”
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Calculate distance from each point to the centers
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Pt 1 is assigned to "blue” since it is the closest
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Assign points to closest center
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Assign points to closest center
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Pt 2 is assigned to “orange” since it is the closest
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Pt 2

Assign points to closest center
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Assign points to closest center
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Pt 3
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Assign points to closest center
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Assign points to closest center
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Calculate mean of each cluster

v



A

Calculate distance of each point to cluster means and assign to closest
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Calculate distance of each point to cluster means and assign to closest
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Calculate distance of each point to cluster means and assign to closest
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Calculate distance of each point to cluster means and assign to closest
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Calculate distance of each point to cluster means and assign to closest



A

Calculate distance of each point to cluster means and assign to closest
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The points did not change so we stop: these are our clusters
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(Don’t worry yet)
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Variance within each cluster calculated
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Total variance of clustering results from first run:
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(K=3)

1. Randomly pick 3 new points to start as “centers” for clusters
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Total variance of clustering results from first run:
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Assign points to closest center

Total variance of clustering results from first run:
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Calculate mean of each cluster

Total variance of clustering results from first run:
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Assign points to closest center, calculate new mean...

Total variance of clustering results from first run:
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Assign points to closest center, calculate new mean...

Total variance of clustering results from first run:
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Assign points to closest center... doesn’t change so these are our clusters

Total variance of clustering results from first run:
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Calculate total within cluster variance

Total variance of clustering results from first run:
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Compare that to other runs...

Total variance of clustering results from second run:

Total variance of clustering results from first run:
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Compare that to other runs...

Total variance of clustering results from second run:

Total variance of clustering results from first run:

Repeat process any number of times.
Final clusters are whichever has the
smallest in cluster variance



Underlying algorithm for K-means clustering is same for multivariate data
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Same principles apply to multivariate data but with Euclidean distance

d(p,q) = \/(p —q)*
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Same principles apply to multivariate data but with Euclidean distance

d(p,q) = \/(p —q)*
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K=2
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K-means (like other clustering, PCA, etc) often needs scaled data because it
relies on Euclidean distance and is optimized by variance
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K-means (like other clustering, PCA, etc) often needs scaled data because it
relies on Euclidean distance and is optimized by variance
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Scaled (z-score) identifies expected groups
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K-means clustering will find however many clusters you tell it to
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12 -

K-means clustering is not deterministic

Group assignments (e.g. 1-4) are arbitrary

Can yield different results (chances of same result greater by increasing number of starts)
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Choosing K
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There is no universal
method for choosing K!

Sometimes its obvious from plotting the data,
based on field specific knowledge, or chosen
for practical purposes (“l want to identify 4
types of environments to target for breeding”)



Ch OOSing K Elbow method
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Silhouette score

Silhouette Score = (b-a)/max(a,b)
Where

a= average intra-cluster distance i.e
the average distance between each
point within a cluster.

b= average inter-cluster distance i.e
the average distance between all
clusters.

Feature 2

Cluster 2

Cluster 1

Image by author



Choos| ng K Silhouette score method
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Choos| ng K Silhouette score method
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400 observations of 10 variables (“a”-"j"”)

Identifying cryptic clusters in multivariate data

silhouette score
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Unsupervised learning!

K-means almost perfectly identifies the 4 clusters
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Koppen climate types of Colombia

Koppen climate type

B Af (Rainforest) | cwb (Subtropical highland)

B Am (Monsoon) B cwc (Cold-summer subtropical highland)
[ Aw (Savanna) [ | ¢fb (Oceanic)

B BWh (Hot desert) I Cfc (Subpolar oceanic)

| BSh (Hot semi-arid) [ | ET (Tundra)

| Csb (Warm-summer mediterranean) B EF (ice-cap)

I Gsc (Cold-summer mediterranean)

*Isotherm used to separate temperate (C) and continental (D) climates is -3°C
Data source: Climate types calculated from data from WorldClim.org
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Koppen climate types of Colombia

Koppen climate type

I Af (Rainforest) [ cwb (Subtropical highland)

I Am (Monsoon) I Cwc (Cold-summer subtropical highland)
[ Aw (Savanna) [ ¢fb (Oceanic)

I B\Wh (Hot desert) I cfc (Subpolar oceanic)

[ BSh (Hot semi-arid) [ ET (Tundra)

[1 ¢sb (Warm-summer mediterranean) I :F (Ice-cap)

I csc (Cold-summer mediterranean)

*Isotherm used to separate temperate (C) and continental (D) climates is -3°C
Data source: Climate types calculated from data from WorldClim.org
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Koppen climate types of Colombia
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I Af (Rainforest) I cwb (Subtropical highland)
I Am (Monsoon) I cwc (Cold-summer subtropical highland)
[ Aw (Savanna) [ ¢fb (Oceanic)
B BWh (Hot desert) I cfc (subpolar oceanic) -5-
[T Bsh (Hot semi-arid) [ ET (Tundra)
[ ¢sb (Warm-summer mediterranean) B EF (Ice-cap)

I csc (Cold-summer mediterranean)

*Isotherm used to separate temperate (C) and continental (D) climates is -3°C
Data source: Climate types calculated from data from WorldClim.org
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Koppen climate types of Colombia
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Koppen climate type
I Af (Rainforest) [ cwb (Subtropical highland)
I Am (Monsoon) I Cwc (Cold-summer subtropical highland)
[ Aw (Savanna) [ ¢fb (Oceanic)
I B\Wh (Hot desert) I cfc (Subpolar oceanic)
[ Bsh (Hot semi-arid) [ (Tundra) -5-
[1 ¢sb (Warm-summer mediterranean) I :F (Ice-cap)

I csc (Cold-summer mediterranean)

*Isotherm used to separate temperate (C) and continental (D) climates is -3°C
Data source: Climate types calculated from data from WorldClim.org
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Koppen climate types of Colombia

10 -
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>
0 -
Koppen climate type
I Af (Rainforest) [ cwb (Subtropical highland)
I Am (Monsoon) I Cwc (Cold-summer subtropical highland)
[ Aw (Savanna) [ ¢fb (Oceanic)
I B\Wh (Hot desert) I cfc (Subpolar oceanic)
[ Bsh (Hot semi-arid) [ (Tundra) .5 -
[1 ¢sb (Warm-summer mediterranean) I :F (Ice-cap)

I csc (Cold-summer mediterranean)

*Isotherm used to separate temperate (C) and continental (D) climates is -3°C
Data source: Climate types calculated from data from WorldClim.org
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