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What is Cluster Analysis?

● Finding groups of objects such that the objects in a group 
will be similar (or related) to one another and different 
from (or unrelated to) the objects in other groups

Inter-cluster 
distances are 
maximized

Intra-cluster 
distances are 

minimized
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●理解数据

–文档聚类

–相似价格波动的票

●数据总结

–大道至简，全局理解

 Discovered Clusters Industry Group 

1 Applied-Matl-DOWN,Bay-Network-Down,3-COM-DOWN, 
Cabletron-Sys-DOWN,CISCO-DOWN,HP-DOWN, 

DSC-Comm-DOWN,INTEL-DOWN,LSI-Logic-DOWN, 
Micron-Tech-DOWN,Texas-Inst-Down,Tellabs-Inc-Down, 

Natl-Semiconduct-DOWN,Oracl-DOWN,SGI-DOWN, 
Sun-DOWN 

 
 

Technology1-DOWN 

2 Apple-Comp-DOWN,Autodesk-DOWN,DEC-DOWN, 
ADV-Micro-Device-DOWN,Andrew-Corp-DOWN, 

Computer-Assoc-DOWN,Circuit-City-DOWN, 
Compaq-DOWN, EMC-Corp-DOWN, Gen-Inst-DOWN, 

Motorola-DOWN,Microsoft-DOWN,Scientific-Atl-DOWN 

 
 

Technology2-DOWN 

3 Fannie-Mae-DOWN,Fed-Home-Loan-DOWN, 
MBNA-Corp-DOWN,Morgan-Stanley-DOWN 

 
Financial-DOWN 

4 Baker-Hughes-UP,Dresser-Inds-UP,Halliburton-HLD-UP, 
Louisiana-Land-UP,Phillips-Petro-UP,Unocal-UP, 

Schlumberger-UP 

 
Oil-UP 

 

 

聚类分析的应用

使用K-均值法对海洋表面温度
和植被净初级生产力进行聚类
，以反映南北半球的不同。

3
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易有三易：三大原则

u 不易

v 宇宙万物有不变的理

u 变易

v 一切的变化都是交换中来的

v 变易遵循一种固定的法制

u 简易

v 大道至简

v 有其理无其事（经验／观察不够）

v 有其事不知其理（智慧不够）
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5

聚类产生五行

木

火

土金

水

示相生

示相克
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团队领导选择之道 –相生相克的理论

木

火

土金

水

示相生

示相克

• 领导选择的相生相克理论–降低系统性风险
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团队成员选择之道 –多样性组合理论

• 团队成员组合理论（Portfolio Theory)
• 性格多样性（NASA 4D性格测评工具） –降低非系统性风险

• 知识背景多样性 -增强相互学习

“培养型” ——
人类潜在的、自
然地欣赏与感激
他人

“展望型”—
—思考与想像，
自然地产生创
意

“包融型” ——
交际与关系，自
然地给人以归属
感

“指导型”—
—组织与流程，
追求管理与确
定

直觉

情感 逻辑
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Notion of a Cluster can be Ambiguous

How many clusters?

Four ClustersTwo Clusters

Six Clusters

非常主观认知，缺乏客观标准
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Types of Clusterings

● A clustering is a set of clusters

● Important distinction between hierarchical and 
partitional sets of clusters 

● Partitional Clustering
– A division data objects into non-overlapping subsets (clusters) 

such that each data object is in exactly one subset

● Hierarchical clustering
– A set of nested clusters organized as a hierarchical tree 
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Partitional Clustering

Original Points A Partitional  Clustering
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Hierarchical Clustering

p4
p1

p3

p2

 

p4 
p1 

p3 

p2 
p4p1 p2 p3

p4p1 p2 p3

Traditional Hierarchical Clustering

Non-traditional Hierarchical Clustering Non-traditional Dendrogram

Traditional Dendrogram
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K-means Clustering（社会主义思维）

● Partitional clustering approach 
● Number of clusters, K, must be specified
● Each cluster is associated with a centroid (center point) 
● Each point is assigned to the cluster with the closest 

centroid
● The basic algorithm is very simple



Example of K-means Clustering
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Example of K-means Clustering
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K-means Clustering – Details

● Initial centroids are often chosen randomly.
– Clusters produced vary from one run to another.

● The centroid is (typically) the mean of the points in the 
cluster.

● ‘Closeness’ is measured by Euclidean distance, cosine 
similarity, correlation, etc.

● K-means will converge for common similarity measures 
mentioned above.

● Most of the convergence happens in the first few 
iterations.

– Often the stopping condition is changed to ‘Until relatively few 
points change clusters’

● Complexity is O( n * K * I * d )
– n = number of points, K = number of clusters, 

I = number of iterations, d = number of attributes
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Evaluating K-means Clusters

● Most common measure is 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.

– x is a data point in cluster Ci and mi is the representative point for 
cluster Ci
u can show that mi corresponds to the center (mean) of the cluster

– Given two sets of clusters, we prefer the one with the smallest 
error

– One easy way to reduce SSE is to increase K, the number of 
clusters
u A good clustering with smaller K can have a lower SSE than a poor 

clustering with higher K

åå
= Î

=
K
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i
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Two different K-means Clusterings
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Limitations of K-means

● K-means has problems when clusters are of 
differing 
– Sizes
– Densities
– Non-globular shapes

● K-means has problems when the data contains 
outliers.
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Limitations of K-means: Differing Sizes

Original Points K-means (3 Clusters)
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Limitations of K-means: Differing Density

Original Points K-means (3 Clusters)
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Limitations of K-means: Non-globular Shapes

Original Points K-means (2 Clusters)
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Overcoming K-means Limitations

Original Points K-means Clusters

One solution is to use many clusters.
Find parts of clusters, but need to put together.

国家资本主义
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Overcoming K-means Limitations

Original Points K-means Clusters
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Overcoming K-means Limitations

Original Points K-means Clusters



Importance of Choosing Initial Centroids
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Importance of Choosing Initial Centroids
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Importance of Choosing Initial Centroids …
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Importance of Choosing Initial Centroids …
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Problems with Selecting Initial Points

● If there are K ‘real’ clusters then the chance of selecting 
one centroid from each cluster is small. 

– Chance is relatively small when K is large
– If clusters are the same size, n, then

– For example, if K = 10, then probability = 10!/1010 = 0.00036
– Sometimes the initial centroids will readjust themselves in 

‘right’ way, and sometimes they don’t
– Consider an example of five pairs of clusters
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10 Clusters Example
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Starting with two initial centroids in one cluster of each pair of clusters
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10 Clusters Example
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Starting with two initial centroids in one cluster of each pair of clusters
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10 Clusters Example

Starting with some pairs of clusters having three initial centroids, while other 
have only one.
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10 Clusters Example

Starting with some pairs of clusters having three initial centroids, while other have only one.
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Solutions to Initial Centroids Problem

● Multiple runs
– Helps, but probability is not on your side

● Sample and use hierarchical clustering to 
determine initial centroids

● Select more than k initial centroids and then 
select among these initial centroids
– Select most widely separated

● Postprocessing
● Bisecting K-means

– Not as susceptible to initialization issues
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Hierarchical Clustering（资本主义思维）

● Produces a set of nested clusters organized as a 
hierarchical tree

● Can be visualized as a dendrogram
– A tree like diagram that records the sequences of 

merges or splits
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Strengths 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 proper level

● They may correspond to meaningful taxonomies
– Example in biological sciences (e.g., animal kingdom, 

phylogeny reconstruction, …)
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Hierarchical Clustering

● Two main types of hierarchical clustering
– Agglomerative:  

u Start with the points as individual clusters
u At each step, merge the closest pair of clusters until only one cluster 

(or k clusters) left

– Divisive:  
u Start with one, all-inclusive cluster 
u 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

– Merge or split one cluster at a time
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Agglomerative Clustering Algorithm

● More popular hierarchical clustering technique

● Basic algorithm is straightforward
1. Compute the proximity matrix
2. Let each data point be a cluster
3. Repeat
4. Merge the two closest clusters
5. Update the proximity matrix
6. Until only a single cluster remains

● Key operation is the computation of the proximity of 
two clusters

– Different approaches to defining the distance between 
clusters distinguish the different algorithms
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Starting Situation 

● Start with clusters of individual points and a 
proximity matrix

p1

p3

p5

p4

p2

p1 p2 p3 p4 p5 . . .

.

.

. Proximity Matrix

...
p1 p2 p3 p4 p9 p10 p11 p12
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Intermediate Situation

● After some merging steps, we have some clusters 

C1
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C2 C5

C3

C2C1
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C3 C4 C5

Proximity Matrix

...
p1 p2 p3 p4 p9 p10 p11 p12
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Intermediate Situation

● We want to merge the two closest clusters (C2 and C5)  and 
update the proximity matrix. 

C1
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C2 C5
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C2C1
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After Merging

● The question is “How do we update the proximity matrix?” 

C1

C4

C2 U C5

C3
?        ?        ?        ?    

?

?

?

C2 
U 
C5C1

C1

C3

C4

C2 U C5

C3 C4

Proximity Matrix

...
p1 p2 p3 p4 p9 p10 p11 p12
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How to Define Inter-Cluster Distance

p1

p3

p5

p4

p2

p1 p2 p3 p4 p5 . . .

.

.

.

Similarity?

● MIN
● MAX
● Group Average
● Distance Between Centroids
● Other methods driven by an objective 

function
– Ward’s Method uses squared error

Proximity Matrix
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How to Define Inter-Cluster Similarity
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. Proximity Matrix

● MIN
● MAX
● Group Average
● Distance Between Centroids
● Other methods driven by an objective 

function
– Ward’s Method uses squared error
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How to Define Inter-Cluster Similarity
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How to Define Inter-Cluster Similarity
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How to Define Inter-Cluster Similarity

p1

p3

p5

p4
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p1 p2 p3 p4 p5 . . .

.

.

. Proximity Matrix

● MIN
● MAX
● Group Average
● Distance Between Centroids
● Other methods driven by an objective 

function
– Ward’s Method uses squared error

´ ´
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MIN or Single Link 

● Proximity of two clusters is based on the two 
closest points in the different clusters
– Determined by one pair of points, i.e., by one link in the 

proximity graph
● Example:

Distance Matrix:
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Hierarchical Clustering: MIN

Nested Clusters Dendrogram
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Strength of MIN

Original Points Six Clusters

• Can handle non-elliptical shapes
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Limitations of MIN

Original Points

Two Clusters

• Sensitive to noise and outliers Three Clusters
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MAX or Complete Linkage

● Proximity of two clusters is based on the two 
most distant points in the different clusters
– Determined by all pairs of points in the two clusters

Distance Matrix:
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Hierarchical Clustering: MAX

Nested Clusters Dendrogram
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Strength of MAX

Original Points Two Clusters

• Less susceptible to noise and outliers
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Limitations of MAX

Original Points Two Clusters

• Tends to break large clusters
• Biased towards globular clusters
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Group Average

● Proximity of two clusters is the average of pairwise proximity 
between points in the two clusters.

● Need to use average connectivity for scalability since total 
proximity favors large clusters

||Cluster||Cluster
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)Cluster,Clusterproximity(
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Clusterp
Clusterp
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Distance Matrix:
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Hierarchical Clustering: Group Average

Nested Clusters Dendrogram
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Hierarchical Clustering: Group Average

● Compromise between Single and Complete 
Link

● Strengths
– Less susceptible to noise and outliers

● Limitations
– Biased towards globular clusters
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Cluster Similarity: Ward’s Method

● Similarity of two clusters is based on the increase 
in squared error when two clusters are merged
– Similar to group average if distance between points is 

distance squared

● Less susceptible to noise and outliers

● Biased towards globular clusters

● Hierarchical analogue of K-means
– Can be used to initialize K-means
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Hierarchical Clustering: Comparison

Group Average

Ward’s Method
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Hierarchical Clustering:  Time and Space requirements

● O(N2) space since it uses the proximity matrix.  
– N is the number of points.

● O(N3) time in many cases
– There are N steps and at each step the size, N2, 

proximity matrix must be updated and searched
– Complexity can be reduced to O(N2 log(N) ) time with 

some cleverness
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Hierarchical Clustering:  Problems and Limitations

● Once a decision is made to combine two clusters, 
it cannot be undone

● No objective function is directly minimized

● 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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虽然降维是在机器学习/数据挖掘中的一个重要工具，我们必须意识到，它也是可以以误导的方式来扭曲数据。
以上是固有三维世界的二维投影...。

聚类带来的潜在问题
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Original photographer unknown
See also www.cs.gmu.edu/~jessica/DimReducDanger.htm                       (c) eamonn keogh       
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“The validation of clustering structures is the most 
difficult and frustrating part of cluster analysis. 

Without a strong effort in this direction, cluster 
analysis will remain a black art accessible only to 
those true believers who have experience and 
great courage.”

Algorithms for Clustering Data, Jain and Dubes

Final Comment on Cluster Validity
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Thank You!

WEB: http://datamining.Rutgers.edu


