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550 Chapter 8 Cluster Analysis: Basic Concepts and Algorithms
Tablke 8.9, K-means clustering results for the LA Times document data set.
Cluster | Enter- Financial | Foreign | Metro | National | Sports | Entropy | Purity
tainment
1 3 5 40 506 96 27 1.2270 | 0.7474
2 4 7 280 29 39 2 1.1472 | 0.7756
3 1 1 1 iz 4 671 0.1813 | 0.9796
4 10 162 3 119 73 2 1.7487 | 0.4390
5 331 22 5 70 13 23 1.3976 | 0.7134
6 5 358 12 212 48 13 1.5523 | 0.5525
Total | 354 555 341 943 273 738 11450 | 0.7203

Times. These articles come from six different classes: Entertainment, Finan-
cial, Foreign, Metro, National, and Sports. Table 8.9 shows the results of a
K-means clustering to find six clusters. The first column indicates the clus-
ter, while the next six columns together form the confusion matrix; i.e., these
columns indicate how the documents of each category are distributed among
the clusters. The last two columns are the entropy and purity of each cluster,
respectively.

Ideally, each cluster will contain documents {from only one class. In reality,
each cluster contains documents from many classes. Nevertheless, many clus-
ters contain documents primarily from jnst one class. In particular, clnster
3, which contains mostly documents from the Sports section, is exceptionally
good, botb in terms of pority and entropy. The purity and entropy of the
other clusters is not as good, but can typically be greatly improved if the data
is partitioned into a larger number of clusters.

Precision, recall, and the F-measure can be calculated for each cluster. To
give a concrete example, we consider cluster 1 and the Metro class of Table
8.9. The precision is 506/677 = 0.75, recall is 506/943 = 0.26, and hence, the
F value is 0.39. In contrast, the F value for cluster 3 and Sports is 0.94. []

Similarity-Oriented Measures of Cluster Validity

The measures that we discnss in this section are all based on the premise
that any two objects that are in the same cluster should be in the same class
and vice versa. We can view this approach to closter validity as involving
the comparison of two matrices: (1) the ideal cluster similarity matrix
discussed previously, which has a 1 in the 75" entry if two objects, 7 and 7,
are in the same cluster and 0, otherwise, and (2) an ideal class similarity
matrix defined with respect to class labels, which has a 1 in the i entry if
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two objects, 7 and j, belong to the same class, and a 0 otherwise. As before, we
can take the correlation of these two matrices as the measure of cluster validity.
This measure is known as the I" statistic in clustering validation literature.

Example 8.16 (Correlation between Cluster and Class Matrices). To
demonstrate this idea more concretely, we give an example involving five data
points, p1.p2. p3, p1.P5, two clusters, C1 = {p1, po,p3} and Co = {p4,ps}, and
two classes, Ly = {p1,p2} and L2 = {p3.ps. ps}. The ideal cluster and class
similarity matrices are given in Tables 8.10 and 8.11. The correlation between
the entries of these two matrices is 0.359.

Table 8.10. Ideal cluster similarity matrix. Table 8.11. Ideal class similarity matrix.
Point | pl p2 p3 pd pb Point | pI p2 p3 pd4 p5
pl 1 1 1 0 o0 pl 1 1 0 0 0
p2 1 1 1 0 0 p2 1 1 0 0 0
P2 |1 1 1 0 0 P lo 0o 1 1 1
pd 0 0 0 1 1 p4 o 0 1 1 1
p5 |0 0o 0o 1 1 p5 6 0 1 1 1

More generally, we can use any of the measures for binary similarity that
we saw in Section 2.4.5. {For example, we can convert these two matrices into
binary vectors by appending the rows.) We repeat the definitions of the four
quantities used to define those similarity measures, but modify our descriptive
text to fit the current context. Specifically, we need to compute the following
four quantities for all pairs of distinct objects. (There are m(m — 1)/2 such
pairs, if m is the number of objects.)

foo = number of pairs of objects having a different class and a different cluster
Jo1 = number of pairs of objects having a different class and the same cluster
J10 = number of pairs of objects having the same class and a different cluster
f11 = nnmbher of pairs of ohjects having the same class and the same cluster

In particular, the simple matching coefficient, which is known as the Rand
statistic in this context, and the Jaccard coefficient are two of the most fre-
quently used cluster validity measures.

foo + fun

Rand statistic= —————————
foo + for + fro + fnn

(8.18)



552 Chapter 8 Cluster Analysis: Basic Concepts and Algorithms

fu
for + fio + fu1
Example 8.17 (Rand and Jaccard Measures). Based on these formulas,
we can readily compute the Rand statistic and Jaccard coefficient for the
example based on Tables 8.10 and 8.11. Noting that foo = 4. for = 2, fio =2,
and f1; = 2, the Rand statistic = (2 + 4)/10 = 0.6 and the Jaccard coefficient
=2/(242+2 ) = 0.33. =

Jaccard coefficient = (8.19)

We also note that the four quantities, foo, fo1, f10, and f11. define a con-
tingency table as shown in Table 8.12.

Table B.12. Two-way contingsncy table for determining whether pairs of objects are in the same class
and same cluster.

Same Cluster | Different Cluster
Same Class fi fio
Different Class for foo

Previously, in the context of association analysis—see Section 6.7.1—we
presented an extensive discussion of measures of association that can be used
for this type of contingency table. (Compare Table 8.12 with Table 6.7.) Those
measures can also be applied to cluster validity.

Cluster Validity for Hierarchical Clusterings

So far in this section, we have discussed supervised measures of cluster va-
lidity only for partitional clusterings. Supervised evaluation of a hierarchical
clustering is more difficult for a variety of reasons, including the fact that a
preexisting hierarchical structure often does not exist. Here, we will give an
example of an approach for evaluating a hierarchical clustering in terms of a
{flat) set of class labels, which are more likely to be available than a preexisting
hierarchical structure.

The key idea of this approach is to evalnate whether a hierarchical clns-
tering contains, for each class, at least one cluster that is relatively pure and
includes most of the objects of that class. To evaluate a hierarchical cluster-
ing with respect to this goal, we compute, for each class, the F-measure for
each clnster in tbe cluster hierarchy. For each class, we take the maximum F-
measure attained for any cluster, Finally, we calcnlate an overall F-measnre for
the hierarchical clustering by computing the weighted average of all per-class
F-measures, where the weights are based on the class sizes. More formally,
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this hierarchical F-measure is defined as follows:
I L x
F—zj: - m?,xF(l.J)

where the maximum is taken over all clusters 7 at all levels, m; is the number
of objects in class j, and m is the total number of objects.

8.5.8 Assessing the Significance of Cluster Validity Measures

Cluster validity measures are intended to help us measnre the goodness of the
clusters that we have obtained. Indeed, they typically give us a single number
as a measure of that goodness. However, we are then faced with the problem
of interpreting the significance of this number, a task that may be even more
difficult.

The minimum and maximum values of cluster evaluation measures may
provide some guidance in many cases. For instance, by definition, a purity of
0 is bad, while a purity of 1 is good, at least if we trust our class labels and
want our cluster structure to reflect the class structure. Likewise, an entropy
of 0 is good, as is an SSE of 0.

Sometiines, however, there may not be a minimum or maximum value,
or the scale of the data may affect the interpretation. Also, even if there
are minimum and maximum values with obvious interpretations, intermediate
values still need to be interpreted. In some cases, we can use an absolnte
standard. If, for example, we are clustering for utility, we may be willing to
tolerate only a certain level of error in the approximation of our points by a
cluster centroid.

But if this is not the case, then we must do something else. A common
approach is to interpret the value of our validity measure in statistical terms.
Specifically, we attempt to judge how likely it is that our observed value may
be achieved by random chance. The value is good if it is unusual; i.e., if it is
unlikely to he the result of random chance. The motivation for this approach
is that we are only interested in clnsters that reflect non-random strncture in
the data, and such structures should generate unusually high (low) values of
our cluster validity measure, at least if the validity measures are designed to
reflect the presence of strong cluster structure.

Example 8.18 (Significance of SSE). To show how this works, we present
an example based on K-means and the SSE. Suppose that we want a measure of
how good the well-separated clusters of Figure 8.30 are with respect to random
data. We generate many random sets of 100 points having the same range as
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Figure 8.34. Histogram of SSE for 500 random data sets.

the points in the three clusters, find three clusters in each data set using K-
means, and accumulate the distribution of SSE values for these clusterings. By
using this distribution of the SSE values, we can then estimate the probability
of the SSE value for the original clusters. Figure 8.34 shows the histogram of
the SSE from 500 random runs. The lowest SSE shown in Figure 8.34 i5 0.0173.
For the three clusters of Figure 8.30, the SSE is 0.0050. We could therefore
conservatively claim that there is less than a 1% chance that a clustering such
as that of Figure 8.30 could oceur by chance. ]

To conclude, we stress that there is more to cluster evaluation—supervised
or unsupervised—than obtaining a numerical measure of cluster validity. Un-
less this value has a natural interpretation based on the definition of the mea-~
sure, we need to interpret this value in some way. If our cluster evaluation
measure is defined such that lower values indicate stronger clusters, then we
can use statistics to evaluate whether the value we bave obtained is unusually
low, provided we have a distribution for the evaluation measure. We have pre-
sented an example of how to find such a distribution, but there is considerably
more to this topic, and we refer the reader to the bibliographic notes for more
pointers.

Finally, even when an evaluation measure is used as a relative measure,
i.e., to compare two clusterings, we still need to assess the significance in the
difference between the evaluation measures of the two clusterings. Althongh
one value will almost always be better than another, it can be difficult to
determine if the difference is significant. Note that there are two aspects to
this significance: whether the difference is statistically significant (repeatable)

8.6 Bibliographic Notes 555

and whether the magnitude of the difference is meaningful with respect to the
application. Many would not regard a difference of 0.1% as significant, even if
it is consistently reproducible.

8.6 Bibliographic Notes

Discussion in this chapter has been most heavily influenced by the books on
clnster analysis written by Jain and Dubes [396], Anderberg [374], and Kauf-
man and Rousseeuw [400]. Additional clustering books that may also be of
interest inclnde those by Aldenderfer and Blashfield [373], Everitt et al. [388],
Hartigan [394], Mirkin [405], Murtagh [407]. Romesburg [409], and Spath [413].
A more statistically oriented approach to clustering is given by the pattern
recognition book of Duda et al. [385], the machine learning book of Mitchell
[406], and the book on statistical learning by Hastie et al. [395]. A general
survey of clustering is given by Jain et al. [397], while a survey of spatial data
mining techniques is provided by Han et al. [393). Behrkin [379] provides a
survey of clustering techmques for data mimng. A good sonrce of references
to clustering outside of the data miming field is the article by Arabie and Hu-
bert [376]. A paper by Kleinberg [401] provides a discussion of some of the
trade-offs that clustering algorithms make and proves that it is impossible to
for a clustering algorithm to simultaneously possess three simple properties.
The K-means algorithm has a long bistory, but is still the subject of current
research. The original K-meaus algorithm was proposed by MacQueen [103].
The ISODATA algorithm by Ball and Hall [377] was an early. but sophisticated
version of K-means that employed various pre- and postprocessing techniques
to improve on the basic algorithm. The K-means algorithm and many of its
variations are described in detail in the books by Anderberg [374] and Jain
and Dubes [396]. The bisecting K-means algorithm discussed in this chapter
was described in a paper by Steinbach et al. [414], and an implementation
of this and other clustering approaches is freely available for academic use in
the CLUTO (CLUstering TOolkit) package created by Karypis [382]. Boley
[380] has created a divisive partitioning clustering algorithm (PDDP) based
on finding the first principal direction (component) of the data, and Savaresi
and Boley [411] have explored its relationship to bisecting K-means. Recent
variations of K-means are a new incremental version of K-means (Dhillon et al.
[383]), X-means (Pelleg and Moore [108]), and K-barmonic means (Zbang et al
[4186]). Hanierly and Elkan [392] discuss some clustering algorithms that pro-
duce better results than K-means. While some of the previously mentioned
approaches address the initialization problem of K-means in some manner,
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other approaches to improving K-means initialization can also be found in the
work of Bradley and Fayyad [381]. Dbillon and Modha [384] present a gen-
eralization of K-means, called spherical K-means, that works with commonly
used similarity functions. A general framework for K-means clustering that
uses dissimilarity functions based on Bregman divergences was constructed by
Banerjee et al. [378].

Hierarchical clustering techniques also have a long history. Much of the
initial activity was in the area of taxonomy and is covered in books by Jardine
and Sibson [398] and Sneath and Sokal [412]. General-purpose discussions of
hierarchical clustering are also available in most of the clustering books men-
tioned above. Agglomerative hierarchical clustering is the focus of most work
in the area of hierarchical clustering, but divisive approaches have also received
some attention. For example, Zahn [415] describes a divisive hierarchical tech-
nique that uses the minimum spanning tree of a graph. While hoth divisive
and agglomerative approaches typically take the view that merging (splitting)
decisions are final, there has been some work by Fisher [389] and Karypis et
al. [399] to overcome these limitations.

Ester et al. proposed DBSCAN [387], which was later generalized to the
GDBSCAN algorithm by Sander et al. [410] in order to handle more general
types of data and distance measures, such as polygons whose closeness is mea-
sured by the degree of intersection. An incremental version of DBSCAN was
developed by Kriegel et al. [386]. One interesting outgrowth of DBSCAN is
OPTICS (Ordering Points To Identify the Clustering Structure) (Ankerst et
al. [375]), which allows the visualization of cluster structure and can also be
used for hierarchical clustering.

An authoritative discussion of cluster validity, which strongly influenced
the discussion in this chapter, is provided in Chapter 4 of Jain and Dubes’
clustering book [396]. More recent reviews of cluster validity are those of
Halkidi et al. [390, 391] and Milligan [404]. Silhouette coefficients are described
in Kaufman and Rousseeuw's clustering book [400]. The source of the cobesion
and separation measures in Table 8.6 is a paper by Zhao and Karypis [417],
which also contains a discussion of entropy, purity, and the hierarchical F-
measure. The original source of the hierarchical F-measure is an article by
Larsen and Aone [402].
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8.7 Exercises

1. Consider a data set consisting of 22° data vectors, where each vector has 32
components and each component is & 4-byte value. Suppose that vector quan-
tization is used for compression and that 2'® prototype vectors are used. How
many bytes of storage does that data set take before and after compression and
what is the compression ratio?

2. Find sll well-separated clusters in the set of points shown in Figure 8.35.

Figure 8.35. Points for Exercise 2.

3. Many partitional clustering algorithms that automatically determine the num-
ber of clusters claim that this is an advantage. List two situations in which this
is not the case.

4. Given K equally sized clusters, the probability that a randomly chosen initial
centroid will come from any given cluster is 1/K, but the probability that each
cluster will have exactly one initial eentroid is much lower. (It should be clear
that having one initial centroid in each cluster is a good starting situation for
K-means.) In general, if there are K clusters and each eluster has n points, then
the probability, p, of selecting in a sample of size K" one initial centroid fromn each
cluster is given by Equation 8.20. {This assumes sampling with replacement.)
Fromn this formula we can calculate, for example, that the chance of having one
initial centroid from each of four clusters is 41/4* = 0.0938.
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_ number of ways to select one centroid from each cluster  Kin¥  K! s
P= number of ways to select K centroids T (Km)K T RK B20)

(a) Plot the probability of obtaining one point from each cluster in a sample
of gize K for values of K between 2 and 100.

(b) For K clusters, K = 10,100, and 1000, find the probability that a sample
of size 2K contains at least one point from each cluster. You can use
either mathematical methods or statistical simulation to determine the
ANSWeT.

5. Identify the clusters in Figure 8.36 using the center-, contiguity-, and density-
based definitions. Also indicate the number of clusters for each case and give
a brief indication of your reasoning. Note that darkness or the number of dots
indicates density. If it helps, assume center-based means K-means, contiguity-
based means single link, and density-based means DBSCAN.

OO

(a) (b) (e} (d)

Figure 8,36, Clusters for Exercise 5.

6. For the following sets of two-dimensional pomts, (1) provide a sketch of how
they would be split into clusters by K-means for the given number of clusters
and (2) indicate approximately where the resulting centroids would be. Assume
that we are using the squared error objective funetion. If you think that there
is more than one possible solution, then please indicate whether each solution
is a global or local minimmn, Note that the label of each diagram in Figure
8.37 marches the corresponding part of this question. e.g., Figure 8.37(a) goes
with part {a).

(a) K =2 Assuming that the points are uniformly distributed in the circle,
how many possible ways are there (in theory) to partition the points
into two clusters? What can you say about the positions of the two
centroids? (Again, you don’t need to provide exact eentroid locations,
just a qualitative description.)
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A _
\J 00 0o =

(a) (b) (e} (4 (e}

Figure 8.37. Diagrams for Exercise 6.

(b) K = 3. The distance between the edges of the cireles is slightly greater
than the radii of the circles.

{¢) A = 3. The distance between the edges of the cireles is much less than
the radii of the cireles.

(d) K =2.
{e) K = 3. Hint: Use the symmetry of the situation and remember that we
are looking for & rough sketeh of what the result would be.

. Suppose that for a data set

e there are m points and K clusters,

e half the points and clusters are in “more dense™ regions,

e half the points and clusters are in “less dense™ regions, and
e the two regions are well-separated from each other.

For the given data set, which of the following should oceur in order to minimize
the squared error when finding X clusters:

(a) Centroids should be equally distributed betweeu more dense and less dense
Tegions.
(b) More centroids should be allocated to the less dense region.
(c) More ceutroids should be allocated to the denser region.
Note: Do not get distracted by special eases or bring in factors other than

density. However, if you feel the true answer is different from any given above,
Jjustify your response.

. Consider the mean of a cluster of objects from a binary transaction data set.

What are the minimum and maximum values of the components of the mean?
What is the interpretation of components of the cluster mean? Which compo-
nents most accurately characterize the objects in the cluster?

. Give an example of a data set consistiug of three natural clusters, for which

(almost always) K-means would likely find the correct clusters, but biseeting
K-means would not.
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12.

13.

14.

15.
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‘Would the cosine measure he the appropriate similarity measure to use with K-
means clustering for time series data? Why or why not? If not, what similarity
measure would be more appropriate?

Total SSE is the sum of the 8SE for each separate attribute. What does it mean
if the SSE for one variable is low for all clusters? Low for just one cluster? High
for all clusters? High for just one cluster? How could vou use the per variahle
SSE information to improve your clustering?

The leader algorithm (Hartigan [394]) represents each cluster using a point,
known as a leader, and assigns each point to the cluster corresponding to the
closest leader, unless this distance is above a user-specified threshold. In that
case, the point becomes the leader of a new cluster.

(a) What are the advantages and disadvantages of the leader algorithm as
compared to K-means?

(b) Suggest ways in which the leader algorithm might be improved.

The Voronoi diagram for a set of K points iu the plane is a partition of all
the points of the plane into A regions, such that every point (of the plane)
is assigned to the closest point ameng the K specified points. (See Figure
8.38.) What is the relationship between Voronoi diagrams and K-mesans clus-
ters? What do Voronoi diagrams tell us about the possible shapes of K-means
clnsters?

Figure 8.38. Voronai diagram for Exercise 13.

You are given a data set with 100 records and are asked to cluster the data.
You use K-means to cluster the data, but for all values of K, 1 < K < 100,
the K-means algorithm returns only one non-empty cluster. You then apply
an incremental version of K-means, hut obtain exactly the same result. How is
this possible? How would single link or DBSCAN handle such data?

Traditional agglomerative hierarchieal clustering routines merge two eclusters at
each step. Does it seem likely that such an approach asccurately eaptures the

16.

17,
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(nested) cluster structure of a set of data points? If not, explain how you might
postprocess the data to obtain a more accurate view of the eluster structure.

Use the similarity matrix in Table 8.13 to perform single and complete link
hierarchical clustering. Show your results by drawing a dendrogram. The den-
drogram should clearly show the order in which the points are merged.

Table 8.13. Similarity matrix for Exercise 16.

pl [ p2 | p3 | pd | P5
pl | 1.00 | 0.10 | 0.41 | 0.55 | 0.35
p2 | 0.10 | 1.00 | 0.64 | 0.47 | 0.08
p3 | 0.41 [ 0.64 | 1.00 | 0.44 | 0.85
pl | 055 [ 047 |0.44 | 100 | 0.76
p5 | 0.35 | 0.98 | 0.85 | 0.76 | 1.00

Hierarchical clustering is sometimes used to generate K clusters, K > 1 by
taking the clusters at the K" level of the dendrogram. (Root is at level 1.) By
looking at the clusters produced in this way, we can evaluate the behavior of
hierarchical clustering on different types of data and clnsters, and also compsre
hierarchical approaches to K-means.

The following is a set of cue-dimensional points: {6. 12,18, 24, 30,42, 48}.

(a) For each of the following sets of initial centroids, create two clusters hy
assigniug each point to the nearest centroid, and then calenlate the total
squared error for each set of two clusters. Show both the eluaters and the
total squared error for each set of centroids.

i. {18 45}
il. {15,40}

(h) Do hoth sets of centroids represent stable solutions; i.e., if the K-means
algorithm was run on this set of points using the given centroids as the
starting centroids, would there be any change in the clusters generated?

(c) What are the two clusters produced by single link?

(d) Which technique, K-means or single link, seems to produce the “most
natural” clustering in this situation? (For K-means, take the clustering
with the lowest squared error.)

{e) What definition(s) of clustering does this natnral clustering correspond
to? (Well-separated, center-based, contiguous, or density.)

(f) What well-known characteristic of the K-means algorithm explains the
previous behavior?
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19.

20.
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Suppose we find K clusters using Ward’s method, bisecting K-means, and ordi-
nary K-means. Which of these solutions represents a local or global minimum?
Explain.

Hierarchieal clustering algorithms require O(m?log(m)) time, and consequently,
are impractical to use directly on larger data sets. One possible technique for
reducing the time required is to sample the data set. For example, if K clusters
are desired and /m points are sampled from the m points, then a hierarchi-
cal clustering algorithm will produce a hierarchical clustering in roughly O(m)
time. K clusters can be extracted from this hierarchical clustering by taking
the clusters on the K level of the dendrogram. The remaining points can
then be assigned to a eluster in linear time, by using various strategies. To give
a specific example, the centroids of the K clusters can be computed, and then
each of the m — /m remaining points can be assigned to the cluster associated
with the closest centroid.

For each of the following types of data or clusters, discuss briefly if (1) sampling
will cause problems for this approach and {2) what those problems are. Assume
that the sampling technique randomly chooses points from the total set of m
points and that any unmentioned characteristics of the data or clusters are as
optimal as possible. In other words, focus only on problems caused by the
particular characteristic mentioned. Finally, assume that X is very much less
than m.

(a) Data with very different sized clusters.

(b) High-dimensional data.

{c) Data with ontliers, i.e., atypical points.

(d) Data with highly irregular regions.

(e) Data with globnlar clusters.

{f) Data with widely different densities.

(g) Data with a small percentage of noise points.

(h) Non-Euclidean data.

(i) Euclidean data.

(j) Data with many and mixed sttribute types.
Consider the following fonr faces shown in Figure 8.39. Again, darkness or

nunher of dots represents density. Lines are used only to distinguish regions
and do not represent points.

(a) For each figure, conld you use single link to find the patterns represented
by the nose, eyes, and mouth? Explain.

(b) For each figure, could you use K-means to find the patterns represented
by the nose, eyves, and mouth? Explain.

21,
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(a) (b) (c) (d)

Figure 8.39, Figure for Exercise 20.

{c) What limitation does clustering have in deteeting all the patterns formed
by the points in Figure 8.39(c)?

Compute the entropy and purity for the confusion matrix in Table 8.14.

Table 8.14. Confusion matrix for Exercise 21.

Cluster | Entertainment | Financial | Foreign | Metro | National | Sports | Total
#1 1 1 0 11 4 676 693
#2 27 89 333 827 253 33 1562
#3 326 465 3 105 16 20 919

Total 354 555 341 043 273 738 3204
22. You are given two sets of 100 poiuts that fall within the unit square. One set
of points is arranged so that the points are uniformly spaced. The other set of
points is generated from a uniform distribution over the unit square,
(a) Is there a difference betweeu the two sets of points?
(b) If so, which set of points will typically have a smaller SSE for K=10
clusters?
{c) What will be the behavior of DBSCAN on the uniform data set? The
random data set?

23. Using the data in Exercise 24, compute the silhouette coefficient for each point,

each of the two clusters, and the overall clustering.

24, Given the set of cluster labels and similarity matrix shown in Tables 8,15 and

8.16, respectively, compute the correlation between the similarity matrix and
the ideal similarity matrix, i.e., the matrix whose ij** entry is 1 if two objects

belong to the same cluster, and 0 otherwise.
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Table 8.15. Table of cluster labels for Exercise 24, Table 8,16. Similarity matrix for Exerise 24,

Point | Cluster Label Point | P1 [ P2 ] P3 P4
P1 1 P1 1 [08]065][055
P2 1 P2 08 | 1 | 0.7 | 06
P3 2 P3 (065|077 1 0.9
P4 2 P4 [055]06] 09 1

25. Compute the hierarchical F-measure for the eight objects {pl, p2, p3, p4, p5,
pb. p7, p8} and hierarchical clustering shown in Figure 8.40. Class A contains
points pl, p2, and p3, while p4, p5, p6, p7, and p8 belong to class B.

{p1. P2, p3, P4, p5, P8, 7.}

| Grezpapsy | [ 4o e et pm |

EKEEHEEREERIEEE

Figure 8.40. Hierarchical clustering for Exercise 25.

26. Compute the cophenetic correlation coefficient for the hierarchical clusterings
in Exercise 16. {You will need to convert the similarities into dissimilarities.)

27. Prove Equation 8.14.
28. Prove Equation 8.16.

29. Prove that E?:l >zeq,(z—mg)(m—m;) = 0. This fact was used in the proof
that TSS = SSE + SSB in Section 8.5.2.

30. Clusters of documents can be summarized by finding the top terms {words) for
the documents in the cluster, e.g., by taking the most frequent k terms, where
k is a constant, say 10, or by taking all terms that occur more frequently than
a specified threshold. Suppose that K-means is used to find clusters of both
documents and words for a document data set.

() How might a set of term clusters defined by the top terms in a document
cluster differ from the word clusters found by clustering the terms with
K-means?

(b) How could term clustering be used to define clusters of documents?

31. We can represent a data set as a collection of object nodes and a collection of
attribute nodes, where there is a link between each object and each attribute,

32.

8.7 Exercises 567

and where the weight of that link is the value of the object for that attribute. For
sparse data, if the value is 0, the link is omitted. Bipartite clustering attempts
to partition this graph into disjeint clusters, where each cluster consists of a
set of object nodes and a set of attribute nodes. The objective is to maximize
the weight of links between the object and attribute nodes of a cluster, while
minimizing the weight of links between object and attribute links in different
clusters. This type of clustering is also known as co-clustering since the
objects and attributes are clustered at the same time.

(a) How is bipartite clustering (co-clustering) different from clustering the
sets of objects and attributes separately?

(b) Are there any cases in which these approaches yield the same clusters?

{c) What are the strengths and weaknesses of co-clustering as compared to
ordinary clustering?

In Figure 8.41, match the similarity matrices, which are sorted according to
cluster labels, with the sets of points. Differences in shading and marker shape
distinguish between clusters, and each set of points contains 100 points and
three clusters. In the set of points labeled 2, there are three very tight, equal-
sized clusters.
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Figure 8.41. Points and similarity matrices for Exercise 32.



Errata 1

Errata for Introduction to Data Mining
by Tan, Steinbach, and Kumar.

Please send all error reports to dmbook@cs.umn.edu

Preface

Page x, last sentence of first paragraph: The email address for reporting
errata has an error. Please use the one given above.

Chapter 2

1. Page 23: The title “What Is an attribute?” should be
“What is an Attribute?”.

2. Page 60, equa.:::ion in the last paragraph: “e; = 2:‘:1 pij logg pi;” should
be “e; = — 37 pij logy pi;”-
3. Page 69, fourth line from bottom: “of z and y” should be “of x and y”.

4. Page 70, second line from bottom: “d(x,x) > 0 for all x and y” should
be “d(x,y) > 0 for all xand y".

5. Page 75, second equation before the last paragraph: ||y|| should be
2.45, not 2.24.

6. Page 78, last sentence of the first paragraph: “z = y?” should be
“yr. _— IE’!-

7. Page 91, Exercise 14: “what sort of similarity measure” should be
“what sort of proximity measure”.

Chapter 3

1. Page 100 Table 3.1: The number of freshman should be 200 and the
number of seniors should be 110, as shown in Table 1.

Table 1. Class size for students in a hypothetical college.

Class Size | Frequency
freshman 200 0.33
sophomore | 160 027
junior 130 0.22
senior 110 0.18




2 Errata

2. Page 126: Example 3.21: “Figure 3.25 is another parallel coordinates
plot of the same data,” should be “Figure 3.26 is another parallel
coordinates plot of the same data,”

Chapter 4

1. Page 160, second line from the bottom of the second paragraph from
the bottom: “the Gini index for attribute B is 0.375" should be “‘the
Gini index for attribute B is 0.371",

2. Page 161, Figure 4.14, bottom right table. “Gini = 0.375" sbould be
“Gini = 0.371".

3. Page 173, second from bottom line: “Figure 4.23(b) shows the training
and test error rates” should be “Figure 4.23 shows the training and test
error rates” .

4. Page 189, sixtb from bottom line, tbe equation sbould be:
NN ;
P(X = v) = ( )pﬁ(l .
v

5. Page 192, Equation 4.17:

di¥ = 0,05+ 1.70 x 0.002,

6. Page 193, Table 4.6. Column headings are given in Table 2.

Table 2. Probability table for t-distribution.

(1-a

k—1[080]0.957]0975]0.99 [ 0.995
1 3.08 [ 6.31 | 12.7 | 318 | 63.7
2 1.89 1292 | 430 | 6.96 | 8.92
4 153213 | 278 | 3.75 | 4.60
9 1.38 | 1.83 | 2.26 | 2.82 | 3.25
14 1.34 | 1.v6 | 2.14 | 2.62 | 298
19 1.33 | 1.73 | 2.09 | 2.54 | 2.86
24 132 | 1.71 | 2.06 | 249 | 2.80
29 1.31 | 1.70 | 2.04 | 2.46 | 2.76

7. Page 198, Exercise 3(a}: “What is the entropy of this collectiou of
training examples with respect to the positive class? should be “What
is the entropy of this collection of traimng examples with respect to the
class attribute?”.

Errata 3

8. Page 200, Exercise 5(c) both instances of “monotonously” should be
“monotonically”.

Chapter 5

1. Page 208, sixth from top line: “and op is a logical operator chosen”
should be “and op is a comparison operator chosen”.

2. Page 213, Algorithm 5.1 line 8: “R — RV r” sbould be “R+— RV r".

3. Page 218, tenth from bottom line: “rules r; and 7 given in the
preceding example are 43.12 and 27 should be “rules 71 and r3 given in
the preceding example are 63.87 and 2.83".

4. Page 233, Equation 5.16 should be:

P(X; = Y =g;) = (x; _#ij)2].

1
exp| -
V2roy P [ 20;‘3

5. Page 264, sixth and seventh from bottom line, equations should be:

wi = 3 Ngimn = 65.5261 x 1x 0.3858 + 65.5261 x —1 x 0.4871 = —6.64.

i

wy = Z Ay = 65.5261 % 1 x 0.4687 + 65.5261 x —1 x 0.611 = —9.32.

%
6. Page 271, Equation (5.55):
b : (r1.70) — (22,12, V211, V252, V21110, 1).

In the transformed space, we can find the parameters w = (wg, un, ...,
ws) such that:

w5rf + w“'g + w21 + wav2irs + w1 V2s1x0 + wp = 0.

7. Page 271, tentb from bottom line: “all the circles are located in the
lower right-hand side of the diagram™ should be “all the circles are
located in the lower left-lhand side of the diagram™.

8. Page 273, second from top line: “instance z can be classified” should be
“instance Z can be classified”.
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9. Page 273, Equation (5.60): 2. Page 437, fourth from bottom line: “events in one element must occur
immediately after the events” should be “events in one element must
b(u) - $(v) = (uf, u%. V2u1, V2us, vV2u1ug, 1) (vf, vg. V2v1, V2us, V21 va, 1) occur after the events”.
e @iBei ) oD
= upep +upvy + 2ugvy + 2uguy + 2uguguivg + 1 3. Page 449, Figure 7.13 should be as shown in Figure 1.
= (u-v+ 12

10. Page 274, second line in the second paragraph: “A test instance x is
classified” should be “A test instance Z is classified”.

11. Page 288, Equation 5.69 should he:

(7} —a, i _
Gy W e~ HOi(x) =wu
w; = —2—x " —
¢ Z; {eﬂg if C(x:) # wi G3 = merge(G1,G2)

0
12. Page 315, Exercige 1{a): “exclustive” should he “exclusive”. 0
-

13, Page 317, Exercise 5(d) and 5{e): “examples covered by R1 are
discarded)” should be “examples covered by R1 are discarded”.

-3

14. Page 323, Exercise 17(c) and 17(d): “part (c)” should be “part (b)". Shaans . Ve T
igure 1. Vertex-growing strategy.

Chapter 6
4. Page 450, Figure 7.14 should be as shown in Figure 2.

1. Page 356, caption in Figure 6.17: “(with minimum support count equal
to 40%” should be “{(with minimum support equals to 40%)”.

2. Page 408, Exercise 9(b): “Use the visited leaf nodes in part (b)" should
be “Use the visited leaf nodes in part (a)”.

3. Page 411, Exercise 15(b): “P(A, B) x P(A,B) = P(A, B) x P(4,B)"
should be “P(A, B) x P(A,B) = P(A,B) x P(A,B)".

4. Page 413, Exercise 17: “If the support” should be “Assume the
support™.

5. Page 413, Exercise 17(d)(i): c({a} — {b}) > e({@} — {b}) should be
c({a} — {8}) > c{a} — {B})-

Chapter 7

1. Page 421, the rule “Rg';) : Age € [20,24) — Chat Quline = No" should G4 =merge(G1,G2)
wp(d . - e Ve
be “Ry, : Age € [20,24) — Chat Online = Yes". Figure 2. Edge-grawing siralegy.
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5. Page 480, Exercise 12(c): “w = ({AHB,C. D}{A})" should be
“w = (AHA, B,C, D} (A"

6. Page 483, Exercise 19(a): “join the two undirected and unweighted
subgraphs shown in Figure 19a" should be %join the two undirected
and unweighted subgraphs shown below”.

Chapter 8

Page 519: The numbers in Tables 8.3 and 8.4 were rounded to two decimal
places. Thus, if the z and y coordinates of the points given in Table 8.3 are
used to compute the pairwise distances, the results don’t quite match those
shown in Table 8.4. The original, more precise values are given in Tables 3

and 4.

point | x coordinate | y coordinate
pl 0.4005 0.5306
p2 0.2148 0.3854
p3 0.3457 0.3156
p4 0.2652 0.1875
p5 0.0739 0.4139
pé 0.4548 0.3022

Table 3. X-Y coordinates of six paints.

pl p2 p3 i el p6

pl | 0.0000 | 0.2357 | 0.2218 | 0.3688 | 0.3421 | 0.2347
p2 | 0.2357 | 0.0000 | 0.1483 | 0.2042 | 0.1388 | 0.2540
p3 | 0.2218 | 0.1483 | 0.0000 | 0.1513 | 0.2843 | 0.1100
pd | 0.3688 | 0.2042 | 0.1513 | 0.0000 | 0.2832 | 0.2216
p5 | 0.3421 | 0.1388 | 0.2843 | 0.2932 | 0.0000 | 0.3921
p6 | 0.2347 | 0.2540 | 0.1100 | 0.2216 | 0.3921 | 0.0000

Table 4. Distance Matrix for Six Points

Page 517, the fifth line of the first paragraph: “see Section 8.1.2" should be
“see Section 8.1.3".

Page 522, the fourth line from the bottom:

Sdist({3,6,4}.{2,5}) = (0.15 + 0,28 + 0.25 + 0.39 + 0,20 + 0.29)/(6 + 2)” should be
“dist({3.6,4},{2,5)) = (0.15 + 0.28 + 0.25 + 0.39 +0.20 +0.20)/(3 » 2)°

Page 549, the third line of the paragraph with the heading, Entropy: “for

cluster j we compute p;;” sbould be “for cluster ¢ we compute p;;”.

Errata 7

Chapter 9

Page 586, in Equations 9.9 and 9.10, as well as in the first line below
Equation 9.10, u should be p.

Page 596, the first line after Equation 9.16: “the difference, p(t) — m;(2).
between the centroid, m;{¢), and the current object, p(¢)” should be “the
difference, p(¢) — m;(t), between the current object, p(t), and the centroid,
my(t)”.

Page 605, Figure 9.11: ¥(c)} View in the xy plane” should be “(c) View in the
xz plane”; #(d) View in the xy plane” should be “(d) View in the yz plane”.
Page 618, Equation 9.17: “RC =" should he *RC(C;, C;) =".

Page 619, Equation 9.18: “RI =" sbould be “RI(C;,C;) =".

Page 637, the fourth line before Algorithm 9.14: “the total number of
clnsters is m/pq™ should be “the total uumber of clusters is m/q".

Page 639, the first line: “Overall, m/pq clusters are produced” should be
*Overall, m/q clusters are produced”.

Page 639, the third line: “is not pq” should be “is not q".

Page 639, the fourth line: “m/pq of the intermediate clusters” should be
“m/q of the intermediate clusters”.

Chapter 10

Page 661, the first line below Equation 10.1: “prob(|z]) > ¢ = " should be
“prob{|z| > c) = a”.
Page 669, All occurrences of y should be bold (y) in Equation 10.7,

Appendix A
1. Equation {A.4) should be as follows:

u v

lal - {v]

cos(u, v) =

Page 700, first line of the bibliographic notes: “Straing” should be
“Strang”.
Appendix C

1. Page 727, eighth from bottom line: “variance s(X) x s(X}/N™ should
be “variance s{X) x (1 — s(X))/N".

2. Page 727, fourth from bottom line: “variance minsup x minsup/N"
should be “variauce minsup x (1 — minsup)/N".








