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Text data analysis and text/information retrieval
» Basic measures for text/information retrieval
 Information retrieval techniques
« Boolean and vector space model
« Similarity-based retrieval in text data
* TF-IDF weighting
 Vector space model

Types of text data mining

« Keyword based association analysis
» Text classification and categorisation
* Document clustering



Text data analysis and information retrieval

 Typical information retrieval systems
* Online library catalogs
* Online document management systems

e Internet search engines

 Information retrieval (IR) versus database (DB) systems

 Some DB problems are not present in IR, such as: updates, transaction
management, complex structured objects

« Some IR problems are not addressed well in DBMS, for example:
unstructured documents, approximate search using keywords and relevance



Basic measures for text retrieval

Relevant Relevant & _
< Ret@
All Documents

* Precision: the percentage of retrieved documents that are in fact relevant
to the query (i.e., the “correct” responses)

|{ Relevant } N{ Retrieved} |

|{ Retrieved | |

» Recall: the percentage of documents that are relevant to the query and
were, in fact, retrieved

precision=

|{ Relevant | N { Retrieved ||
|{ Relevant | |

recall =
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Information retrieval techniques

e Basic concepts

e A document can be described by a set of representative keywords called
index terms

« Different index terms have varying relevance when used to describe
document contents

 This effect is captured through the assignment of numerical weights to each
iIndex term of a document (for example, frequency, or TF-IDF)

« DBMS analogy

e Index terms - Attributes
« Weights - Attribute values



Information retrieval techniques (2)

* Index terms (attribute) selection
» Stop word list
* Word stem
 Index terms weighting methods

 Term and document frequency matrices

e Information retrieval models
* Boolean model
» Vector model

» Probabilistic model (categories modeled by probability distributions, find
likelihood a document belongs to a certain category, similar to Bayesian
classification)



Boolean model

e Consider that index terms are either present or absent
In a document
» For example:1=present, 0=absent
» As a result, the index term weights are assumed to be all binaries
e A query Is composed of index terms linked by three
connectives: not, and, and or
» For example: “car and repair”, “plane or airplane”

* The Boolean model predicts that each document is
either relevant or non-relevant based on the match of
a document to the query
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Similarity-based retrieval in text data

e Finds similar documents based on a set of common
keywords

e Answer should be based on the degree of relevance based
on the nearness of the keywords, relative frequency of the
keywords, etc.

e Use of stop lists

» Set of words that are deemed “irrelevant”, even though they may appear
frequently

* For example: a, the, of, for, to, with, etc.
 Stop lists may vary when document set varies
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Similarity-based retrieval in text data (2)

* Apply word stemming

» Several words are small syntactic variants of each other since they share
a common word stem

e For example, drug, drugs, drugged - drug

« A term and document frequency matrix (or table)

« Each entry frequent_table(i, j) = number of occurrences of the word t. in
document d.

« Usually, the ratio instead of the absolute number of occurrences is used

e Similarity metrics: measure the closeness of a document
to a query (a set of keywords)

e Relative term occurrences
e Cosine distance:

sim(v_ ,v, )=

v, [lv,|



Vector space model

 Documents and user gueries are represented as m-dimensional vectors,
where m is the total number of index terms in the document collection

» The degree of similarity of the document d with regard to the query g is
calculated as the correlation between the vectors that represent them, using
measures such as the Euclidean distance or the cosine of the angle between

these two vectors
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Vector space model (2)

Algebra

Linear

Source: Han and Kamber, DM Book, 2™ Ed. (Copyright © 2006 Elsevier Inc.)
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Vector space model (3)

=18l x|

File Edit Miew Inserk Format  Help
Dlzd| Sl sl &l=@-| &
h5.2944684453466 15.29446544553466 3.05589368906932 6.117787375813864 35.05889368906932 3.05389368906932 0O 0O 3.0588936§£J
16.931565856594307 11.2577123796205 0o o 0o 0 0o o 0o © ©o O O O O O ©o o O O O O O O O O O O O O 0
3.0B8803658006232  3.0E588036802069232 0 0 0O 0O 0O 0O 3.058803628006932 3.058890368006032 3.058803658906932 3.058893653206332
11.25877123796205 11.2877F123796205 0 0 0o 0o o o o 0 O 0O O O OD O O O O O OO OQOCQOTWOCOTWOTOTMOQOTNODOQ C
5.643556159581025 5.6435561895%1025 0 O O O O O © O O O O O O O O O O O O O O O O O O O O o O C
3 i 2z 4 &5 4 5 3 3 1 1 2 4 3 3 4 1+ 1 1 2 2 2 2 4 3 2 &5 4 4 ¢ 2 2 3 & & 3 & 4 2 2 2 2
5.64385618951025 5.643856159831025 0 0 o 0 O O OO OO O O O O O O O O OO OOM™OCO™OM™@OM™OM@DODOQC
4.6435561598026 4,643556155883026 0 0O O o0 0O 0O g o oo o o o0 0 0 o0 o o o 0 o0 0 on o o o o 0o
L.e43856158981025 L5.643856189%1025 0 O O O O O ©O O O O O O O O O O O O O O OC O O OQ QO O QO O O C
5.64385618951025 5.643856159831025 0 0 o 0 O O OO OO O O O O O O O O OO OOM™OCO™OM™@OM™OM@DODOQC
2.79185735266834 2.79155735266834 4.18778602530025 6.97964335167084 12.5633580870075 2.791557352665834 6.979643351670584
4 & & 14 7 15 192 18 18 1z & &8 12 1 14 12 & 13 1z i1 o 10 1 12 10 10 13 i1 &8 9 7 &8 9 13 1
4.321892809491277 4.32192809491277 0 0O 0O 4.32192809491=277 12.9657542847383 &S.64385618982555 0 0 0 0 0 0O o 0O C
2 2 i1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 & 2 11 2 2 1 1 1 1 1 1 1 1 2
E.14521674063532 2.57260837031766  5.14521674063532 9.00412929611182 15.435650221906 15.4356502219006 15.435650221006 1
3.886832945325817 1.94341647164085 1.94341647164085 3.8568329432817 3.8868329432817 3.8868329432817 3.8868329432817 3.8
25 35 33 40 52 94 114 106 105 102 22 64 68 63 57 57 53 63 66 64 ©51 66 Y1 VP8 45 53 56 53 51 53
3.47393118835134  3.473931i883%5134 0O O O O O O © O O O O O O O O O O O O O 3.473931185835134 3.4739311¢
3 2 3 2 3 3 5 4 6 5 5 3 2 2 2 & 3 3 2 &2 2 2 3 2 i 2 2 2 2 2 2 2 3 4 4 4 2 Z 1 3 2 3
4 3 3 3 3 5 4 4 5 5 5 4 5 4 4 3 2 4 5 6 3 3 4 3 F 4 5 3 3 2 2 2 2 3 3 3 3 3 4 3 5 €
7.67300253547764 11.509503803%21¢5 O O O O O O O O O O O O O O O O OO OO OCOOCOQOMOQOQO@O©OQOOODOC
L.0E8E9368908462 5.058893682084¢2 0O O O O O O O O O O O O O O O O OCOQOOCOOOOM™OM@O™@OOOOCcC
5.643856189581025 5.64385p18931025 0 0o o 0 o O O O OO O O O O O O O O OO OOW™OCOM™OM™@OM™OM@DODOQC
10,11778737581692 15.1766810672539 0 0 o o o o © 0o O O O O O O O O O QO O OC OC O O QO O O o o o C
10,1177873781692 15. 1766810672532 0 0 0o 0o O o ©o O O O O O O O O O OO O OCOCO@OWO™OW@WOOOQOOC
13.93156856940783  13.9315685694073 0 0 0O 4.64385618958026 4.6438561398026 o o o o o o oo o o o 0O 0
13.93156585694078 13.9315655694075 0 0 0 4.64355615898026 4.643556158980:26 o o o o o o 0o o o o o 0o
L.643856158981025 L5.643856189%1025 0 O O O O O ©O O O O O O O O O O O O O O OC O O O QO O O O O C
5.64385618951025 5.643856159831025 0 o0 o 0 O O OO O QD O O O O O O O O OOQODOO™OCO™@OM™@OM™O™DODOQC
5.0558589365905462 5.05585930890584¢2 0 0O O O O O © O O O O O O O O O O O O OC OC O O OQOQO O O O 0 C
L.643856158981025 L5.643856189%1025 0 O O O O O ©O O O O O O O O O O O O O O OC O O O QO O O O O C
5.64385618951025 5.643856159831025 0 o0 o 0 O O OO O QD O O O O O O O O OOQODOO™OCO™@OM™@OM™O™DODOQC
5.05585893659058462 5.0585893e0892084¢2 0 0 0o o o o ©o O O O O O O O O O O O O OC O O O O O O O 0O 0
3.18442457115414 9, 5E5327371346241 12 ,7376982846166 3.18442457115414 o0 o0 0O O O 0O O O O 0O 0O 0O 3.15442457115414
3.32182809490512 13.2877123796205  6.643856185981025 0 0O 0O 0O O 0O O O O 0O 0O 0O 0O 3.32192809480512 3.3219250949C
2.71650724153044 1.355845397091522 1.355453597091522 1.35845397091522 1.358453527091522 2.71620794153044 4,0753619127456¢€
1.88589268687612306 1.8858265687618306 0 0 0 1.88896368761806 1.88806868761806 1.88896868761806 0 0 1.888068658761806 1
13 15 36 51 44 /3 Y1 56 Y4 66 49 50 54 54 56 59 38 37 48 47 47 55 66 74 24 24 2T 25 19 22 20
6.55327371343546 4.36554914225297 0 0 =2.15442457114645 2.15442457114645 0 2.15442457114645 2.1544245711464% 0 0 C_

T ... ... .. ... o _TI

For Help, press Fi

§ﬂ5tart|“ HE B

J I‘_S]uiuc.c...l T | & cor... I A, | 4k Help ” thidf... <Stu... |Micrn...| @untitl...l |@ﬂ<ﬂ5@gﬂ)ﬁ@ 2:22 PM




Vector space model (4)

* Represent a document by a term or feature vector

» Term: basic concept, for example, word or phrase (like “data mining”)
» Each term defines one dimension (large number of dimensions!)

* N terms define a N-dimensional space

» Element of vector corresponds to term weight

« For example, d = (X,,...,X), X; IS “Importance” of term |

* These term vectors are sparse (most weights are 0)

 New document is assigned to the most likely category
based on vector similarity

13



How to assign weights

* Two-fold heuristics based on frequency
 TF (Term Frequency)

» More frequent within a document > more relevant to semantics

* For example, “classification” versus “SVM”

 Raw TF = f(t,d) (how many times term t appears in doc d)

 Document length varies => relative frequency preferred

» Perform normalisation (for example, 0.5 f(t

.d)

maximum frequency normalisation) T'F(t,d)=0.5+

' MaxFreq(d)

* IDF (Inverse Document Frequency)

* Less frequent among documents > more discriminative
» For example “algebra” versus “science”

. Formula: IDF(?f) — ] + [Og(

n = total number of documents
k = number of documents with term t appearing

T

)

14
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TF-IDF weighting

 TF-IDF weighting: weight(t, d) = TF(t, d) * IDF(t)
* Frequent within doc - high TF - high weight
» Selective among docs - high IDF - high weight

e Recall vector space model

« Each selected term represents one dimension
e Each document is represented by a term or feature vector
e Its t-term coordinate of document d is the TF-IDF weight

e Just for illustration ...

« Many complex and more effective weighting variants
exist in practice

15



How to measure similarity?

e Given two document

D; = (w1, wia, -+, w;N) Dj = (wj1, wjz, -+

o Similarity definition
N

Dot product N
SE'I}’E‘.-(D-;? DJ) = Z Wit * Wyt

t=i

Normalised dot product (or cosine similarity)

Sim(D;, D Zt =i_ J

\/Zf 1 (wit) *Z;;1('11-’j't)2



lllustrative example

docl Sim(newdoc,docl1)=4.8*2.4+4.5*4.5

Sim(newdoc,doc2)=2.4*2.4 To whom is newdoc
more similar?
(it contains the words
Sim(newedoc,doc3)=0 text and mining)

text mining travel map search engine govern president congress
IDF(faked) 2.4 4.5 2.8 33 21 5.4 2.2 3.2 4.3

docl 2(4.8) 1(4.5) 12.1) 1(5.4)
doc2 1(2.4) 2 (5.6) 1(3.3)
doc3 1(22) 1(3.2) 1(4.3)

doc3

newdoc 1(2.4) 1(4.5)

17



Vector space model-based classifiers

* What do we have so far?
* A feature space with similarity measure

* This Is a classic supervised learning problem
« Search for an approximation to classification hyper plane

* Vector space model based classifiers

» Decision tree based
* Neural networks
e Support vector machine

18
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Types of text data mining

« Keyword-based association analysis
« Automatic document classification

« Similarity detection
e Cluster documents by a common author

* Cluster documents containing information from a common source
e Link analysis: unusual correlation between entities
» Sequence analysis: predicting a recurring event
 Anomaly detection: find information that violates usual patterns

e Hypertext analysis
 Patterns in anchors/links (for example, anchor text correlations with linked objects)

» Applications: news article classification, automatic e-mail
filtering, Web page classification, etc.

19



Keyword-based association analysis

e Motivation

* Collect sets of keywords or terms that occur frequently together and then find
the association or correlation relationships among them

e Association analysis process
» Pre-process the text data by parsing, stemming, removing stop words, etc.

« Evoke association mining algorithms
» Consider each document as a transaction
 View a set of keywords in the document as a set of items in the transaction
« Term level association mining
* No need for human effort in tagging documents
* The number of meaningless results and the execution time is greatly reduced

20
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Text classification

e Motivation

« Automatic classification for the large number of on-line text documents
(Web pages, e-mails, corporate intranet documents, etc.)

 Classification process

» Data pre-processing

* Definition of training set and test sets

 Creation of the classification model using the selected classification algorithm
» Classification model validation

» Classification of new/unknown text documents

e Text document classification differs from the classification
of relational data

« Document databases are not structured according to attribute-value pairs

21



Text classification (2)

o Classification Algorithms

Support vector machines
K-nearest neighbors

Naive Bayes

Neural networks
Decision trees
Association rule-based

Boosting

1 o
7 of documaents 21,450 14,247 14,272 12 a0l 12 LeE
# of training documants 14,704 10 65T O, 503 G 0L
# of test documeaents &, TAd 3,680 a,200% 3,200
#t of categories 135 R ] £ail i
Systam Tvpa Rasults reported by |
WL (mon=laprming) [Yang 1004] 150 N R
probabilistic [Dumaks ot al. 100S] THZ ELE
P bilistic [Joachin 1 Q&) Rgeiil
il bilistic |Lam et al. 1907T] 141 fr-.|l'"|;-
PROPRAYES probabilistic |Lewis 1992a] G50
24131 P bilistic |Li nnd Yamanishi 19040]
] bilistic |Li and Yamanishi 190949]
Me P viv b st [Yang and Lin 19049]
sloE BT [Drumals et al. 100s] E-ET]
[Joachims 1G08] T
[Lewis and Hinguette 1994] T
[Aptd ot al. 1994] CTVES
[Cohen and Singar 1999%] JGEE Bl LE20
[Cohen and Singar 109509] TH3 .THG LB2T
|Li pnd Yemanishi 19040] LEZO0
IMoulinler and Gan e 1056] LTaR
[Mouliniar at al. 10504] LTEA (F
| Yang 1tHi%4) L NI
regrassion [Yang and Lin 19049] LHAD
on=line lnear |Dagan et al. 10907 TAT (B &3 (M)
Winkow- HoFF on=line linear |Lam and Ho 1908 =2z
Roocs e bastch Tinaenr Cohen and Singar US| T EEE] TG
FInNGEin bateh limemr [Dumals ot al. 1008] 317 A
R batch linenr Joachims 1908] CTE
R batch linsnr |Lam and Ho 1908] THI
R batch linenr |Li and Yamanishi 190940] 3]
CLAE] naural network |Ng et al, T2LT] i
naural network [Yang and Lin 19049] =g
naural network |Wienar et al. 1 4] 20
Gs- W axarmplast [Lam and Hoo 19058] E=TE]
k=MNN axamplast [Joachims 1908] -4 |
k=MN |Lam and Heo 1908] LE20
k-MNN [¥ang 104049] K] HED B2
k=MHN [Yang and Lin 19049] JEBE
[Dumals et al. 100s] BT SBE0
{8}
|Li and Yamanishi 190949] JEA
[Vang and Lia 19049] LBED
oo Ll |Schapire and Singer 200 =T
committes | Wl al. 19940] ETE
T [D¥uam ot al. 1 LEOO JEED
lan net |Lam &t al. 1 542 (MY )

22



" JEE——
Text classification (3)

* Pre-given classes (categories) and labeled document
examples (categories may form hierarchy)

 Classify new documents
A standard classification (supervised learning ) problem

Sports
Categorisation - .
Business
System
t = Education
-\ Sports ;\S'cie'nce
E2—— Business
)
Education

Source: Han and Kamber, DM Book, 2™ Ed. (Copyright © 2006 Elsevier Inc.)
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Categorisation methods

 Manual: Typically rule-based
e Does not scale up (labor-intensive, rule inconsistency)
* May be appropriate for special data on a particular domain

o Automatic: Typically exploiting machine learning techniques

 Vector space model based
 Prototype-based (Rocchio)
» K-nearest neighbor (KNN)
e Decision-tree (learn rules)
* Neural networks (learn non-linear classifier)
» Support vector machines (SVM)

» Probabilistic or generative model based
* Naive Bayes classifier
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Document clustering

« Motivation
« Automatically group related documents based on their contents
* No predetermined training sets or taxonomies
» Generate a taxonomy at runtime

 Clustering process

» Data preprocessing: remove stop words, stem, feature extraction, lexical
analysis, etc.

 Hierarchical clustering: compute similarities applying clustering algorithms

* Model-based clusterlng (neural network approach): clusters are represented
by “exemplars” (for example Self-Organising Maps, SOM)
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