Part I1: Web Content Mining
Chapter 4. Evaluating Clustering

« Approaches to Evaluating Clustering

« Similarity-Based Criterion Functions

* Probabilistic Criterion Functiol

« MDL-Based Model and Feature Evaluation
o Classes to Clusters Evaluation

* Precision, Recall and F-measure

* Entropy
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Approaches to Evaluating Clustering

» Criterion functions evaluate clustering modelgectively I.e.
using only the document content.

— Similarity-based functionsatracluster similarityandsum of
sguared errors

— Probabilistic functiondopg-likelihoodandcategory utility
— MDL -based evaluatic

* Document labels (if available) may also be used for evaluation of
clustering models

— If labeling Is correct and reflects accurately the document
content we can evaluate the quality of clustering.

— If clustering reflects accurately the document content we can
evaluate the guality of labeling.

— Criterion function based on labeled datasses to clusters
evaluation
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Similarity-Based Criterion Functions
(distance)

* Basic idea: the cluster centgy(centroidor meanin case of
numeric data) best represents clustgf it minimizes the sum of
the lengths of the “error” vectors—m forall D,

K
3.=2 2 x=m[
1=1 xD,
1

bl

m

« Alternative formulation based qurairwise distancéetween cluster
members

1 1
JE:EZW ZHiX,-—XkHZ

X; X LD

Zdravko Markov and Daniel T. Larose, Data Mining Web: Uncovering Patterns in Web Content, Strectand Usage, Wiley, 2007. 3
Slides for Chapter 1: Information Retrieval an W8darch



Similarity-Based Criterion Functions

(cosine similarity)
* For document clustering tlo®sine similarityis used

J. :Zk: > sim(c,,d,)

i=1 d-DD
d
C = d
a) .2

d; D

sim(c,d. )—

e Equivalent form based on pairwise simila
sim(d.,d,)
33 o, 2o

 Another formulation based ontracluster similarity(used to |
controls merging of clusters in hierarchical agglomerative clustering

Z‘ > sim(d,,d) == Z\D\snm(D)

d; dy D,
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Similarity-Based Criterion Functions (example)

Sum of centroid similarity evaluation of four clusterings

Agglomerative k-means (k=2) k-means (k=3) k-means (k=4)
1[12. 0253% 1 512 0253£ 1[12. 0253% 1 512.0253%
9. 43932] [8.533 1] [ 2. 83806] [3.81771]
5. 64819 Anthropo ogy Hi story Art ) )
4 4.6522] Bi ol ogy Musi ¢ Communi cati on
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2.81 79% Justice Justice Phllosgghy
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Mat Musi ¢ Physi cs Conput er
12 52 90383% Phi | osophy Psychol ogy Justice
[1.96187] Theatre Soci ol ogy Geogr aph
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14.83993 (clusters 2+14) 14.6612 16.05032 17.74812
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Finding the Number of Clusters

Agglomerative clustering K-means clustering
Partitioning Sum of centroid
similarity
20 - o —=o
2,14 14.8399 :
39,14 16.497 r_g 15 ]
2,15,17 16.0951 2
S ]
4,8,9,14 17.4804 g 197
g
3,9,15,17 17.7481 ‘g 5:
4,8,9,15,17 18.7356 a
3,10,12,15,17 | 18.0246 0 ——
48,10,12,14 | 17.7569 ° ° 10 o 20
Number of clusters (k)
4,8,10,12,15,17 19.0121
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Probabilistic Criterion Functions

Document is aandom event

 Probability of document
P(d)=> P(d|AP(A)

* Probability of sample (assuming that documents are independent
events)

* Log-likelihood (log of probability of sample):
L=>"log>  P(d | AP(A)

o Category Utility (based on probabillity of attributes)
Zzz P(aj =V |C,) P(C, |aj =V ) P(aj = Vij)
K 0
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Category Utllity (basic idea)

Zzzp(aj =V |C,) P(C, |aj :Vij)P(aj :Vij)

* P(a; =v; |C,) is the probability that an object has vaiydor its attributes, ,
glven that it belongs to catega@y. The higher this probability, the more likely
two objects in a category share the same attribaltees.

« P(C, |a, =v;) is the probability that an object belongs to catgdgq, given
that it has vaIuea'J for its attributes,. The greater this probability, the less likely
objects from different categories have attributeigalin common.

- P(a; =Vv;) is a weight coefficient assuring that frequentilatte values have
stronger influence on the evaluation.

Zdravko Markov and Daniel T. Larose, Data Mining Web: Uncovering Patterns in Web Content, Strectand Usage, Wiley, 2007. 8
Slides for Chapter 1: Information Retrieval an W8darch



Category Utility Function

Cu :ZZZ P(a; =v; [C) P(Cy |a; =v;) P(a; =v;)
K1
| P(a, =V, |C, )P(C,)
P(a, =v;)
CU :ZP(Ck)ZZP(aj =V; |Cy) i
k i

ZZ P(a, =v. |C,)?2 Expected number of attribute values of a membés, of
— < b Tk correctly guessed usingoaobability matching strategy

Bayes rule

P(C, |aj :Vij) -

P(a. =v.) 2 Expected number of correctly guessed attributeeslu
ZZ @ =v) without knowing the categories (clusters) in theagke

CcU(C,,C,.C,) = zp<c>zz(P<a =y, ck>2—P<a,-=vi,->2)

CU(C,GC,,... Z P(C)—= f Z (normal distribution)
k_l 2 |
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Category Utility (example)

A= {1346810]1216171819 B= {2579111314152C
history science research offers | students hall l
doeument e a a, a, a, ag adg CU (A’ B) = E (CU (A) +CU (B))
Anthropology 1 0 1 1 0 1 1 3
Art 2 1
Biology 3 g (1) (1) ; 1 1 ; (P(a - Ol A) - P(a - O) )
Chemistry 4 0 1 0 0 1 1 CU(A) = P(A) 5 ( )
Communication 5 0 0 0 1 1 0 P(a o ll A) - P(a 1)
Computer 6 0 1 0 0 1 1 JZ:;‘
Justice | 7 0 0 0 0 1 0 6
EcorTomlc 8 0 0 . 0 0 0 Z(P(a =0| B) - P(a =0) )
English 9 . . . . . 1 cuU (B) - P(B) ];l
Geograph 10 0 _ _
Hist(?ryp . 11 i (1) g 2 (1) 5 ;(P(aj =1|B) 2 P(aj _1)2)
Math 12 1
Canguages ] - » — 11 P(A)=1720=055 P(B)=9/20= 045
Music 14 . 0 0 0 1 1 P(ai = O) = 17/20: 085
Philosophy 15 L 0 0 . 0 1 F)(a1 :1) = 3/20: 015
Physics ol B 0 1 0 1 ! P(a, =0|A) =1
Political 17 0 1 1 0 1 1 P(al — Ol B) — 6/9 :0667
Psychology 18 0 0 1 1 1 1
e B e T — T 7 CU(A)=487295 CU(B)=180028
Theatre 20 0 0 0 0 1 1

CU(A B)= %(4.87295+1.80028 =3.3366
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Finding Regularities in Data

Describe the cluster as a pattern of attributaesthat repeats in data

omit attributes that have different valuggiieralizatiorby dropping
conditiong

Hypothesis 1 (using attributesienceandresearch):

R, :IF (science=0) AND (research=1) THEN Class= A
H. = R, :IF(scienci=1) AND (researcl=0) THEN Clas:= A A :_{]“3’4’6’8’10’12’16’17’18’19}
! R, :IF (science=1) AND (research=1) THEN Class= A B= {2579111314152G
R, :IF(science=0) AND (research=0) THEN Class=B

Hypothesis 2 (using attributdfers:
_ |R;: If offers=0THEN Class= A A= {1,3,4,6,7,8,10,14,16,17,20G
 |R,: If offerss1THEN Class=B B={25911,1213,15,18,19

2

Which one is betteKl, or H,?
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Occam’s Razor

“Entities are not to be multiplied beyond necesgiyilliam of
Occam 14 century)

« Among several alternatives the simplest one is usually the best
choice

* H, looks simpler (shorter) than,, soH, may be better tha,
 How do we measure simplicit

 Dropping more conditions produces simpler (shorter) hypotheses,
the simplest one been the empty rule. The latter however is a sinc
cluster including the whole dataset (overgeneralization).

 The most complex (longest) hypothesis has 20 clusters and is
equivalent to the original dataset (overfitting)

 How do we find the right balance?
 The answer to both questions is MDL
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Minimum Description Length (MDL)

 Given a data sd? (e.g. our document collection) and a set of
hypothesedd ,H,,....H, each one describing

Find the most likely hypothesisl, =argmax P(H .| D)
* Direct estimation ofP(H | D) Is difficult, so we apply Bayes
P(H;)P(D[H;)
P(D)
» Take —log of both sides
_Iogz P(H i| D) = —|ng P(Hi) B |ng P(D| Hi) + Iogz P(D)
e Consider hypotheses and data as messages and apply Shannon’s
iInformation theory, which defines information in a message as a

negative logarithm of its probability. Then estimate the number of
bits (L) needed to encode the messages.

L(H|D)=L(H;)+L(D|H;)-L(D)
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Minimum Description Length Principle

e« L(H,) andL(D) are the minimum number of bits needed to encode
the hypothesis and data.

e« L(D|H,)is the number of bits needed to encbdié we knowH.

o If we think ofH as a pattern that repeatddrwe don’t have to
encode all its occurrences, rather we encode only the pattern itself
and the differences that identify each individual instanD. Thus
the more regularity in data the shorter description lehgtn H,)

* We need of good balance betwelgd |H.) LAHQ bechiuse if
describes the datxactlythenL(D|H;) =0, but(H,) will be large.

 We can excludé(D) because it does not depend on the choice of
hypotheses.

e Minimum Description Length (MDL) principle:
H. =argmin. L(H,)+L(D|H,)
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MDL-based Model Evaluation (Basics)

* Choose a description language (e.g. rules)

» Use the same encoding scheme for both hypotheses and
data given the hypotheses

o Assume that hypotheses and data are uniformly
distributed

 Then probability of occurrence of an item outhof
alternatives id/n

* And the minimum code length of the message informing
us that a particular item has occurred-iog,1/n=log, n
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MDL-based Model Evaluation (Example)

* Description language: 12 attribute-value pairs (6 attributes each
with two possible values)

* RuleR, covers documents 8, 16, 18 and 19

* There are 9 different attribute-value pairs that occur in these
documents: {history=0}, {science=0}, {research=1}, {offers=0},
{offers=1}, {students=0}, {students=1}, {hall=0}, {hall=1}

* Specifying ruleR, is equivalent to choosing 9 out of 12 attribute-
value pairs, which can be done(gi‘ri different ways.

. Thusm{jN bits are needed to encode the right-hand dRje of

* In addition‘we need one bit (a choice of one out of two cluster
labels) to encode the choice of the class

e Thus the code length & Is
L(R) = Iogz(lgzl +1=log, 220+1=8.78136
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MDL-based Model Evaluation (L(Hi)

Similarly we compute the code lengthsRf R;, andR, and obtain:

12

L(R,) = Iogz( . j +1=log, 792+1=10.6294
12

L(R;) = Iogz( . j +1=log, 792+1=10.6294

12
L(R,) = Iogz( 10j +1=log, 66+1=7.04439

Using the additivity of information to obtain the code length of
L(H) we add the code lengths of its constituent rules.

L(H,) =37.0845
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MDL-based Model Evaluation (L(D|R

» Consider the message exchange setting, where the hypdthesis
has already been communicated.

* This means that the recipient of that message already knows the
subset of 9 attribute-value pairs selected by Ryle

* Then to communicate each document of those coveréyl lvg
need to choose 6 (the pairs occurring in each document) out

9 pairs. 9

e This choice will takéog{g] bits to encode.

 As R, covers 4 documents (8, 16, 18, 19) the code length needed
for af] of them will be

L({8161819} | R) =4x Iog{i) =4xlog,84=25.5693
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MDL-based Model Evaluation (MDL(H)

o Similarly we compute the code length of the subsets of
documents covered by the other rules.

L{ 4610} | R,) = 3x |092(Q =3xlog, 7=8.4220

L{ 131217} | R,) = 4 |ogz@ =4xlog,7=11.2294

10
L{ 25791113141520}|R,) =9x Iog2(6 J =9xlog, 210=69.4282

 The code length needed to communicate all documents given
hypothesidd, will be the sum of all these code lengths, i.e.

L(D|H,) =114.649
 Now adding this to the code length of the hypothesis we obtain
MDL(H,) = L(H,)+L(D|H,) =37.0845+114.649=151.733
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MDL-based Model Evaluation (}br H,?)

Similarly we computéDL(H.)
MDL(H,)=L(H,)+L(D|H,) =9.16992+177.035-186.205

MDL(H,) = L(H,)+L(D|H,) =37.0845+114.649=151.733

MDL(H,) < MDL(H,) = H, Is better thaiH,

Also (very intuitively),L(H,) > L(H,) andL(D|H,) < L(D|H,)

How about the most general and the most specific hypotheses?
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Information (Data) Compression

* The most general hypothesis (the empty rule {}) does not restrict
the choice of attribute-value pairs, so it selects 12 out of 12 pairs

12
L{}) —Iog2(12j+1—1 .
L(D|{}) =L(D)=20xlog, 5 = 20x%log,924=197.035
* The most specific hypothesis has 20 r— one for each docume

12
L(S) =20x% (Iog{ ) +1) =20x%(log, 924+1) =217.035

* Both {} and S represent extreme cases, undesirable in learning —
overgeneral|zat|orandoverspemahzaﬂon

* Good hypotheses should provide smaller MDL than {} and S, or
stated otherwiseg(inciple of Information Compressipn

L(H)+L(D|H)<L(D) Or H, =argmax(L(D)-L(H,)-L(D|H,))
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MDL-based Feature Evaluation

« An attribute can split the set of documents into subsets, each
one including the documents that share the same value of that
attribute.

» Consider this split as a clustering and evaluate its MDL score.

 Rank attributes by their MDL score and select attributes that
provide the lowest score.

 MDL(H,) was actually the MDL score of attributéfersfrom
our 6-attribute document sample.
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MDL-based Feature Evaluation (Example)

. Split
Attribute MDL
Value=0 Value=1
- 2,5, 7,8,9, 11, 13, 14, 1%,
science 16, 18.19. 20 1,3,4,6,10,12, 17 173.185
researc | 53520 O 19101113, 14 38 12 16,17,18, 10 179.56
1, 2,3,4,5,6, 7, 10, 12, 14, 16
students 8,9, 11, 13, 15 17,1819, 20 182.977
- 1,2,3,4,5,6,7,8,9, 10, 12,
offers 234 6.7.8,10.14. 16,175 59,11, 12,13, 15, 18, 19 186.205
1, 2,3,4,6,9, 12, 13, 14, 15, 1p
ha” 5, 7’ 8, 10’ 11 17, 18’ 19, 20 186-205
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Classes to Clusters Evaluation

» Assume that the classification of the documents in a
sample is known, i.e. each document has a class label.

e Cluster the sample without using the class labels.

* Assign to each cluster the class label of the majori
documents in it.

« Compute theerror as the proportion of documents with
different class and cluster label.

« Or compute th@ccuracyas the proportion of documents
with the same class and cluster label.
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Classes to Clusters Evaluation (Example)

history science research offers students Hall
14/20 16/20 17/20 14/20 14/20 12/20
A B B A B A A B B A B A
w17y | @3 | @13) | @7 | @12) | @’ | ©1) | (69 @5 | (015 | (35) | (9/15)
1-A 11-B 2-B 1-A 2-B 1-A 1-A 2-B 8-A 1-A 5-B 1-A
2-B 14-B 5-B 3-A 4-A 3-A 3-A 5-B 9-B 2-B 7-B 2-B
3-A 15-B 7-B 4-A 5-B 8-A 4-A 9-B 11-B 3-A 8-A 3-A
4-A 8-A 6-A 6-A 12-A 6-A 11-B 13-B 4-A 1CG-A 4-A
5-B 9-B 10-A 7-B 16-A 7-B 12-A 15-B 5-B 11-B 6-A
6-A 11-B 12-A 9-B 17-A 8-A 13-B 6-A 9-B
7-B 13-B 17-A 10-A 18-A 10-A 15-B 7-B 12-A
8-A 14-B 11-B 19-A 14-B 18-A 10-A 13-B
9-B 15-B 13-B 16-A 19-A 12-A 14-B
10-A 16-A 14-B 17-A 14-B 15-B
12-A 18-A 15-B 20-B 16-A 16-A
13-B 19-A 20-B 17-A 17-A
16-A 20-B 18-A 18-A
17-A 19-A 19-A
18-A 20-B 20-B
19-A
20-B
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Counting the cost

* In some cases we need to look into the type of the error (usually
called error cost).

* For example, in an e-malil filtering system the cost of classifying
non-spam as spam is higher than classifying spam as non-spam.

* As the most common clustering and classification problems
Involve two classes they are usually calbeditiveandnegative.

 The original class labels are referred t@etsialand those
determined by the clustering algorithm are cafiestlicted.

Zdravko Markov and Daniel T. Larose, Data Mining Web: Uncovering Patterns in Web Content, Strectand Usage, Wiley, 2007. 26
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Confusion matrix (contingency table)

Predicted
(clusters) " :
Actual Positive Negative
(classes)
Positive TP FN
Negative FP TN

TP (True Positive), FN (False Negative), FP (Félesitive), TN (True Negative)

Error = P+FN Accuracy= TP+
TP+FP+TN+FN TP+FP+TN+FN
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Precision and Recall

Zdravko Markov and Daniel T. Larose, Data Mining Web: Uncovering Patterns in Web Content, Strectand Usage, Wiley, 2007.
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Precision = 1.00
Recall =0.73

Predicted o TP
(clusters) | positive Negative Precision= ———
Actual 9 TP+ FP
(classes) TP
Positive TP FN Recall= TErEN
Negative FP N +
Attributeresearch Attribute hall
Predicted Predicted
(clusters) (clusters)
Actual A B Actual A
(classes) (classes)
A 8 3 A 9
B 0 9 B 6

Precision = 0.60
Recall = 0.82
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F-Measure

Generalized confusion matrix for Combining precision and recall

mcl Nk cluster N - n
classes ank clusters Pl = R )=
Clusters =l ijlnij
1 L T L k . . . .

Classed ’ Fi,j) =2 L DRG]
P@, )+ R0, )
1 Ny nlj Ny
Evaluating the whole clustering
i Ny n, Ny, m N
F = ' max F(
Z—l: n i=L... ( J)
_ m Kk
n=» . =M
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F-Measure (Example)

offers

n;;=8

N, =3

n,,;=3

n,,=6

Accuracy(offers)=14/20=0.7

offers

students
n;;=10 | n;,=1
N,=5 | N,,=4

Accuracy(students)=14/20=0.7

P@LD =073 R@L) =073
F (11) = 073

P(12) = 033 R(L2) = 027
F (12) = 030

students

P(21) = 027,R(21) = 033
F (21) = 030

b (22) = 067,R(22) = 067
F (22) = 067

P (1) = 067, R(L1) = 091
F (11) = 077

P(L2) = 02, R(12) = 009
F(12) = 012

11

9

F=—073+—067=070
20 20

P(21) = 033 R(21) = 056
F (21) = 042

P(22) =08 R(22) = 044
F (22) = 057

11

F=—0/77+—057= 068
2C 20

9
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Entropy

 Consider the class label as a random event and evaluate its
probabillity distribution in each cluster.

 The probability of classin cluster is estimated by the proportion
of occurrences of class labeh cluster |.

ni-
_ j
P =

"n
i=1 ]

* The entropy Is as a measure of “impurity” and accounts for the
average information in an arbitrary message about the class label.

H, = _Z p; log p;
i=1

» To evaluate the whole clustering we sum up the entropies of
iIndividual clusters welghted with the proportion of documents in
each. H :Zﬁ H.

j= N

Zdravko Markov and Daniel T. Larose, Data Mining Web: Uncovering Patterns in Web Content, Strectand Usage, Wiley, 2007. 31
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Entropy (Examples)

o A“pure” cluster where all documents have a single class label
has entropy of 0.

* The highest entropy is achieved when all class labels have the
same probabillity.

* For example, for a two class problem the 50-50 situation has the
highest entropy 0{-0.5l0g0.5-0.5l0g0.5) =1

« Compare the entropies of the previously discussed clusterings
for attributesoffersandstudents

H (offer9 11 —Elog8— 3Iog3 + J —EI g§ EIog =0.878176
200 11 "11 11 "11) 200 9 "9 9

10I glo 5I g5 + ° —EI g1 ﬂIog =0.869204
15 715 15 "15) 20 5

H(student$:15 =
20 5 75
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