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1. What is Hierarchical Clustering (HC)?
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1. What is Hierarchical Clustering (HC)?

1) Agglomerative : bottom-up approach
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2) Divisive : top-down approach
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2. Clustering Dissimilarity
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Names Formula

1. What is Hierarchical Clustering (HC)?

1) Agglomerative : bottom-up approach
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2) Divisive : top-down approach
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Mahalanobis distance \/(u‘l — E})TS_l (a — b) where §is the Covariance matrix
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2. Clustering Dissimilarity

(2) Linkage criteria

Names Formula
Maximum or complete-linkage clustering max{ d(a,b) :ac A, be B}.
Minimum or single-linkage clustering min{d(a b):ac A,bec B}.
Unweighted average linkage clustering (or UPGMA) B| ZZ(J{& b).
| acA beB /
d(i, k) + d(j, k
Weighted average linkage clustering (or WPGMA) d(iUj, k)= G, ) _|2_ 4, k) . '
Centroid linkage clustering, or UPGMC lles — e¢|| where ¢; and ¢; are the centroids of clusters s and ¢ respectively.
9 T, 1 T 1 M
3o i P = Cbilly — — caille — — b
Minimum energy clustering i 1;::1 @ bj |2 n? 1;_1 |a; — ajl|2 m2 1; 1b: b2

Ward Minimum Variance



2. Clustering Dissimilarity

(2) Linkage criteria

Single Linkage
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2. Clustering Dissimilarity

(2) Linkage criteria

1) Single(Minimum) Linkage : %|Th HZH
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2. Clustering Dissimilarity

(2) Linkage criteria

2) Complete (Maximum) Linkage : | % HZH
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2. Clustering Dissimilarity

(2) Linkage criteria
3) Group Average : ‘Hd HZEH
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3. Agglomerative Clustering

Example: Hierarchical Agglomerative Clustering
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3. Agglomerative Clustering




3. Agglomerative Clustering

Number of clusters = 5 Number of clusters = 4



3. Agglomerative Clustering

Number of clusters = 3 Number of clusters = 2




3. Agglomerative Clustering
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4. Problems with Hierarchical Clustering

Greedy algorithm (B/€ ¥12|E)

- Of2h d2 X..ONLY Sl CHA[0| A =412 A= dEior= "0|7[H » ¢l 7| &I

2 MY

- Z12+9| data AFO|Q| distance matrxE Al 4tS{OF 17| UfZ0f, A AFRFO| =Lt
(ex. 12t7HO| data : 12Ex12F = 1A AHAH)

- Time complexity : O(n”3)



5. Python Code for Hierarchical Clustering

Package

- (1) Sklearn : for clustering

- (2) Scipy : for dendrogram

Sklearn2 dendrogram A|Zt2} 7|52 N SOHA| e
[F2FA Scipy TH7| K| & AtE! sciPy



5. Python Code for Hierarchical Clustering

(1) sklearn

sklearn.cluster.AgglomerativeClustering

class sklearn.cluster. Af_glomer'ativeﬂustering(n_c[usterSZZ, * |affinity="euclidean',|memory=None, connectivity=None,
[

compute_full tree="auto'|linkage="ward'|distance_threshold=None, compute_distances=False) [source]

K|"goliOFh =iy Ha= 371K
- 1) n_cluster : 22{2H2| 74
- 2) affinity : distance metric

- 3) linkage : linkage criterion



5. Python Code for Hierarchical Clustering

(1) sklearn

agg = AaglomerativeCluster ingln_clusters=3. | inkage="ward"] oL X= : o AL
assignment = agg.fit_predict{pca_df_temp) (A2[X|#= =2 "Euclidean"s AHS )

linkage : {'ward’, ‘complete’, ‘average’, 'single’}, default="ward’
Which linkage criterion to use. The linkage criterion determines which distance to use between sets of
observation. The algorithm will merge the pairs of cluster that minimize this criterion.

e ‘ward’ minimizes the variance of the clusters being merged.
e ‘average’ uses the average of the distances of each observation of the two sets.

‘complete’ or ‘'maximum’ linkage uses the maximum distances between all observations of the two sets.

'single’ uses the minimum of the distances between all observations of the two sets.



5. Python Code for Hierarchical Clusterin

(2) scipy

| inkage_array = |inkage(pca_df_temp, 'ward')
dendrogramt | inkage_array)

d(u,v) = min(dist(u[i], v[]]))

for all points 4 in cluster w and j in cluster v. This is also known as the Nearest Point Algorithm.
. Imethod:’comp\ete’ Issigns

d(u, v) = max(dist(u[i], v[j]))

ints 4 i ter uand 7 in cluster v. This is also known by the Farthest Point Algorithm or Voor Hees Algorithm.
e Imethod="average’ agkigns

d(u,v) = Z d(uld], v[s])

7 (lul = [v])

. ssigns
d(u,v) = (dist(s,v) + dist(t,v))/2

formed with cluster s and t and v is a remaining cluster in the forest (also called WPGMA).
e Imethod="centroid’ afsigns

dist(s,t) =

Cs_ct|3

where ¢, and ¢; are the centroids of clusters s and £, respectively. When two clusters s and ¢ are combined into a new
cluster w, the new centroid is computed over all the original objects in clusters s and £. The distance then becomes the
Euclidean distance between the centroid of  and the centroid of a remaining cluster v in the forest. This is also known
he MC aloarithm.

igns d(s, t) like the centroid method. When two clusters s and ¢ are combined into a new cluster
3. the average of centroids s and t give the new centroid . This is also known as the WPGMC algorithm.

es the Ward variance minimization algorithm. The new entry d(u, v) is computed as follows,

[lo] + [s
—y /2y

o+ |t )
|v] ||E [v]
T

d('“‘:'”) (1}: 5)2 + T (1"7 )Z ?d(s,t)l‘i

where % is the newly joined cluster consisting of clusters s and ¢, v is an unused cluster in the forest,

T = |v| + |s| + [t], and | # | is the cardinality of its argument. This is also known as the incremental algorithm.
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https://en.wikipedia.org/wiki/Hierarchical clustering#cite note-15

https://lucy-the-marketer.kr/ko/growth/hierarchical-clustering/

https://www.zerocho.com/category/Algorithm/post/584ba5c9580277001862f188

https://www.youtube.com/watch?v=7xHsRkOdVwo
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