Al
MEDNARODNA JOZEF STEFAN .0 )/’) /
PODIPLOMSKA SOLA  INTERNATIONAL g
JOZEFA STEFANA  POSTGRADUATE SCHOOL < °

Data Mining and Knowledge Discovery
Part lll - Text, web and multimedia mining

Prof. Dr. Dunja Mladeni¢

Information and Communication
.  Technologies (ICT2), 2011/2012

22.11.2011

Ii‘?ﬁ"&'\%‘;@'ﬁ\ﬁi 5

Text, web and multimedia mining

+ “..finding interesting regularities in large text,
web or multimedia data...” (Usama Fayad, adapted)

— ...where interesting means: non-trivial, hidden,
previously unknown and potentially useful

+ finding regularities in web structure, web logs, web
content

+ analysis and profiling of web customers based on web-
server log files
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First steps to data modeling

» Data representation in a suitable format
— feature vectors are commonly used

— for each data point (example), each feature has one
value from a predefined set of possible values

— features generation and feature selection may be

applied M
transformation ‘ feature subset
or combination selection
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Overview

* Introduction

» Supervised Learning

» Semi-supervised Learning
* Unsupervised Learning

* References
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Knowledge Discovery Process - phases_

Following CRISP-DM methodology:

Business understanding
Data understanding
Data preparation
Modeling

Evaluation

Deployment
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lllustrative example — cartoon descriptions
Bob the builder| 0

Vehicles characters = yes

Human characters = yes F ;}
Y Feature vector = [1, 1]
Features:

» vehicle characters [yes, no]
» .human characters [yes, no]

g i‘_?

B et o .




22.11.2011

Basic approaches to modeling using"(" X Supervised learning " &9
machine Iearning methods Assign an object to a given finite set of classes:

. * Medical diagnosis
When to apply different approaches? — ...assign diagnosis to a patient
» Supervised learning (classification) +  Credit card applications or transactions
— ...given cartoon descriptions and corresponding labels of — ...assign credit score to an applicant
interestingness for children, the goal is to find rules which can «  Fraud detection in e-commerce
map/predict interestingness of a new cartoon based on its description decide about fraud or non-fraud event in a business process
+ Semi-supervised learning (transduction, active learning) + Financial investments

= - given cartoon descriptions and corresponding labels — ...decide whether to buy or sell or hold on a stock exchange
interestingness for children for only a few cartoons, leverage these - .
+ Spam filtering of e-mails

to find the most probable interestingness label for arbitraty cartoons oY o .
. . . . — ...decide if an email is a spam or a regular email
+ Unsupervised learning (clustering, decompositions) h o
) | t d ot find ¢ simil " » Recommending articles in a newspaper
...given only cartoon descriptions, find groups of similar cartoons — ...decide if an article fits the user profile

+_ Semantic/linguistic annotation e
; - ...assign semantic'c;r linguistic annotation to a word or phrase & 2
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- Supervised learning - =4 .43

cartoon Given: a set of labeled examples represented by feature vectors
d s Goal: build a model approximating the target function which would
escription automatically assign right label to a new unlabeled example

(test example

\
« Feature values:
— discrete (eg., eyes_color e {brown, blue, green})
— continuous (eg., age e [0..200])

== =] — ordered (eg., size e{small, medium, large})
@H@@@ Dﬁﬂ@ﬂj « Values of the target function — labels:
labeled cartoon descriptions — discrete (classification) or continuous (regression)

. — exclude each other (eg., medical diagnosis) or not (eg., a single
(training examples) document content can talk about several topics)

— have some predefined relations (taxonomy of document categories,
e.,g., DMoz)

The target function can be

« represented in different ways (storing examples, symbolic,
numerical, graphical,...)

» modeled by using different algorithms P
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predicted class
- (interesting or not)

shor? strative example = £ ¢ llustrative example. ~ ~ <. #4

re ;or.mending cartoon for childre Long & . . .
e - = not interesting for children

animals?
e Human
characters?

Animals OR Sl i
Vehicles e ﬂ ' g
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lllustrative example

Recommending cartoon for children
Title Characteristic words |Duration

Bob the builder vehicles, human, Bob,.. |10 mins
Pixar-Locomotion |vehicles, locomotive,... | 5 mins
Ice age animals, squirrel, ice,... |90 mins
Over the hedge |animals, neighborhood,. |60 mins
Cars vehicles, car, race,... 90 mins
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Possible data visualization 44

Possible Model
for not interesting

(vehicles = no)
and
(human = yes)

human = no

human = yes

. Vehicles = yes > “ vehicles = no
ORI N L .

Algorithms for learning = 7 &4
classification models

Storing examples

— Nearest Neighbour
Symbolic

— Decision trees

— Rules in propositional logic or first order logic
Numerical

— Perceptron algorithm

— Winnow algorithm

— Support Vector Machines

— Logistic Regression
Probabilistic graphical models

— Naive Bayesian classifier

. A —tHidden:Markdv Models
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There is a trade-off between the expressiveness of
a representation and the ease of learning
— The more expressive a representation, the better it will
be at approximating an arbitrary function; however,
more examples will be needed to learn an accurate
function

Target function

lllustrative example

« Values of the target function: discrete labels (classification),
exclude each other

Cartoon interesting for children: m
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Generalization

* Model must generalize the data to correctly
classify yet unseen examples (the ones which
don’t appear in the training data)

» Lookup table of training examples is a
consistent model that does not generalize
— An example that was not in the training data can not

be classified

Occam’s razor
— Finding a simple model helps ensure generalization

BB et o )
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Nearest neighbor =z

+ Storing training examples without generating
any generalization
— Simple, requires efficient storage

+ Classification by comparing the example to the
stored training examples and estimating the
class based on classes of the most similar
examples
— Similarity function is crucial

Also known as:

— Instance-based, Case-based, Exemplar-based,
Memory-based, Lazy Learning

B et o .
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7 £ ¢ Nearest neighbor el
Similarity/Distance

* For continuous features use Euclidian distance °

. n . o [ n

Dist(e, €)= |3 (fy ~ f,)’ /’/' ,
i=1 ° . '/'\\. “ °

e =(f fiprfin) ° N

« For discrete features, assume distance between two
values is 0 if they are the same and 1 if they are
different (eg., Hamming distance for bit vectors).

To compensate for difference in units across features,
scale all continuous values to the interval [0,1].
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Decision tree model ~ — < _4&4 Linear Model =AY ¢
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Support Vector Machine = <. 44 Naive Bayes L ¢

« Learns a hyperplane in Determine class of example e, by estimating
higher dimenSional Space Positive Margin Negative P C P e |lc
in cos _P)Palc) _
— that separates the training P(c |e) = =argmaxP(c;)P(e, | c,)
data and P(e.) i

— gives the highest margin
 Implicit mapping of the

original feature space into

higher dimensional space

— mapping using so called
kernel function (eg., linear, *

polynomial, ...) . v
Regarded as state-of-the-art in Hyperplane
text document classification
- SVM Demo

e e -

* P(c;) — estimate from the data using frequency:
no. of examples with class ¢, / no. of all examples
* P(e/lc;) — too many possibilities (all combinations
of feature values)
— assume feature independence given the class

P(ek |Ci):HP(fkj |Ci)
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Naive Bayes on text
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« Document is represented as a set of words W

« For binary classification, each classifier has two distributions:
P(W|pos), P(W|neg)

« When having a large collection of binary classifiers (one per category)

with unbalanced prior probability, consider only promising categories:

— calculated P(pos|Doc) is high meaning that the classifier has

P(W|pos)>0 for at least some W from the document (otherwise, the

~ Jprior probability is returned, P(neg) is about 0.90) i

Generative Probabilistic Modéls£4

« Assume a simple (usually unrealistic) probabilistic
method by which the data was generated

« Each class value has a different parameterized
generative model that characterizes it

« Training: Use the data for each category to estimate the
parameters of the generative model for that category.

— Maximum Likelihood Estimation (MLE): Set parameters to
maximize the probability that the model produced the given
training data

— If M, denotes a model with parameter values A and D, is the
training data for the kth class, find model parameters for class k
(Ay) that maximize the likelihood of D;:

A, =argmaxP(D, |M)
A

« Testing: Use Bayesian analysis to determine the

~ category model that most likely generated a specific test = |

. instance. _ W i<
< * i
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Active Learning
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Example of Naive Bayes classifier - €
B

2. Calculate probability for each class using the
model on A.

P(pos|A) = P(pos)* [P(w1|pos)*P(w3|pos) *
P(w5|pos)] /sum_c
=0.5*[1*0.5*0.5]/0.125= 0.125/0.125
=1

P(neg|A) = P(neg)* [P(w1|neg)*P(w3|neg) *
P(w5|neg)] / sum_c
=0.5*[0*0*0]/0.125= 0/0.125=0

N c b E 1.Estimate model parameters from data.
wi 11 1] 0 0] P(pos) = 2/4 = 0.5; P(neg) = 2/4 = 0.5
P(w1lpos)=2/2=1;  P(wl|neg)=0/2=0

w2, 0 0 0 0O 1

3l 1 0 1 d o P(w2|pos) = 0/2 =0; P(w2|neg) =2=0.5
W P(w3|pos) =% =0.5; P(w3|neg)=0/2=0
wad 0 0 0 1 1 pgpos)=02=0; P(wdjneg)=2/2=1
w5| 1 1 0 0 O pwslpos)=1%=05; P(w5lneg)=0/2=0

- 3. Classify A returning the most probable class
BB et cPes LN
Semi-supervised learning K

Similar to supervised learning except that

* we have examples and only some of them are
labeled

* we may have a human available for a limited
time to provide labels of examples

— ...this corresponds to the situation where all the
cartoons in our collection have descriptions, but only
a few have label
— ...and occasionally we have a human for a limited
~  time to respond the questions about the cartoons

&8 oo™ O AN
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‘ Teacher :ﬁg’;s& passive studeni

‘ Teacher \‘%‘ active student ‘

Active Learning

* We use this methods
whenever hand-labeled
data are rare or
expensive to obtain

* Interactive method

* Requests only labeling |
of “interesting” objects |

* Much less human work ,..|
needed for the same
result compared to
arbitrary labeling
examples

Active student

asking smart v

questions Passlve student
asking random
questions

performance

¥ " ,ﬁ- - - - number“o!r ques(ién"\s " ~r
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UnsuperVised Iearning KJ C|ustering methods i j ‘J

« Hierarchical

* Given is a set of examples — agglomerative — at each step merge two or more

» The goal is: to cluster the examples into several groups
groups based on some similarity measure — divisive — at each step break the selected group into
— examples inside the group should be similar while two or more groups
examples between the groups should be different * Non hierarchical
Similarity measure %ays a crucial role: — requires specification of the number of clusters
Cosine Cos(d,d,) Jaccard J(AB)= [ans| — optimization of the initial clustering (e.g., maximize
“’ ””d I iizs AUB similarity of examples inside the same group)
* Geometrical
" — map multidimensional space into two- or three-
M'”kOWSkX ”?rﬂ‘}j = [2‘(% 7W2i)k) dimensional (e.g., principal component analysis)
- ¢ Graph-theoretical 2
Manhattan (k=1), Euclidean (k=2 ) ©Dunja Miadenic B “ &,
et &K P il = S e b £ o il =

T Al4 Example of k lustering: -~ 2l
: . ) g xample o1 K-means clusterin ) g
K-Means clustering algorithm ple ol frmeans SHSEInG
. Ranaomly selec 0 examples, e.g. 0 be
A B CDE representatives of two clusterg I: A, II: D
. Given: wi 1 1 1 0 02 calculate similarity of other examples to the them
) w2l 0 0 0 0O 1 = = = = =

— set of examples (e.g., TFIDF vectors of documents), 3 1 0 1 o g Bl Eol'lizé_%'" 0.CI=082,ClI=0,EI=0,

— distance measure (e.g., cosine) val 0 0 0o 1 13- Assign examples to the most similar cluster

— K (number of groups) s 1 1 o o o
» For each of K groups initialize its centroid with a 4. Calculate the cluster centroid

random document 1:1,0,0.67,0,0.67  11:0,0.5,0,1,0
« While not Converging K=2 5. Calculate similarity of all the examples to the

— Each document is assigned to the nearest group - éelr‘:trg I?; ’é’ |||'=068% ﬁ"(l)' g’ "B=’|6 3'277E’ :3:"5' o

(represented by its centroid) Ell=og7 o TmeET
— For each group calculate new centroid (group mass 6. Assign examples to the most similar cluster
point, average document in the group) -(ABC) I (D.E)

- p— - 7. Repeat steps 3-5 until the clustering got stabilized
©Dunja Miadenic W 7.1 " e i W <.
2 N s\ £ [l 3 2 N s\ £ [l =

Latent S tic Indexi /ji] LSI Example - /ji]
a en eman IC n eXIng R - Original document-term matrix
/

gi | d2 | d3 a4 1ds | de Rescaled document matrix,
cosmonaut 11 o 11 lo lo |o Reduced into two dimensions
» LSl is a statistical technique that astonat [0 [1 [0 o [0 [0 /
1 H moon 1 1 0 0 0 0
attempts to estimate the hidden content AT L S PR PR e Py e e
structure within documents: — ——t—+—+——{[oim" [-r62 [-060 [004 [-007 [071 [-0.26
. . . e Dim2 | -0.46 |-0.84 |-0.30 | 1.00 |0.35 | 0.65
— ...it uses linear algebra technique
Singular-Value-Decomposition (SVD) High correlation although
. i Lo . . d2 and d3 don't share p % Tas Taz 1o Tao
— ...it discovers statistically most significant any word TREYT
co-occurrences of terms w20 |10
d3 [0.4(]09 00
Correlation matrix —|d4 [05 [-0.2 |-0.6 | 1.00
d5 |0.7 0.2 |-0.3 (0.9 [1.00
" g = . 46 |01 |-05 |09 [09 [07 [1.00 =
- " - . . W - - - e - WV
-!-él‘ e " .\ “d -!-él‘ e " h
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Social networks
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AnaIyS|s of e-mail graph 2k

An e-mail graph can be analyzed in the following 5 major steps:
. Starting with log files from an e-mail server where the data include information

about e-mail transactions with the fields: sender and the list of receivers.

2. After cleaning we get the data in the form of e-mail transactions which include e-
mail addresses of sender and receiver.

3. From a set of e-mail transactions we construct a graph where vertices are e-
mail addresses connected if there is a transaction between them

4. E-mail graph is transformed into a sparse matrix allowing to perform data
manipulation and analysis operations

5. Sparse matrix representation of the graph is analyzed with ontology learnin,
tools producing an ontological structure corresponding to the organizational
structure of the institution where e-mails came from.

E-Mail Server -—--——"-\- E-Mail P~ | E-Mail
Log Files o Tlansacnons,_Tmnsfolm =1 Graph

//l. - J
OntoGen | Matrix £ Jransform .~

Institutional |~} Sparse
i .
o LB | Representation| "

e e o )

Graph transformation = ji]
into sparse matrix (example)

0 1 2 3 4 5 6 7 8 9 10 (11

0o [1 [os 02502505 [0.2505 [025 025
4 [o05 [1 025[05 [025[05 [025

2 P1 [ 0.25 |95 }0.25

3 | —1025 |1 05 — 0.25

4 |o02s 05 |0 025 05 025

5 |o025] — 025 [ 1 05 025
Le—T05 | 025 1 0.25

7 |o2sos 1 025

8 |05 [025]025(025|05 |05 |025 1 05

9 [o25]o0s 025 1 |os

10 025 05 [1

1 |025 025 [ 0.25 05 1

Transforming
Graph into

22.11.2011
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Social networks

+ Social networks can be also potential
source of data for machine learning and
building semantic structures
— ...conceptually they share similar underlying

structure as text — namely, the underlying
distribution is generated by power-law
In the next slides we show how social
networks can be modeled using
unsupervised techniques

B et o .
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Graph transformation
into a set of sparse matrix

Graph with N vertices is transformed into N*N
sparse matrix where:
— ...Xth row represents information for Xth vertex
— ...Xth row has nonzero components for:
» Xth vertex itself and
« Xth vertex’s neighbors on the distance D (e.g. 1, 2, 3)
— Intuitively, Xth row represents numerically
‘neighborhood” of the Xth vertex within the graph:
« Xth element in the Xth row has weight 1

« ...elements representing neighbors have lower weights
relative to the distance (d) from the Xth vertex (1/(2"d))
— (e.g. 1,0.5,0.25, 0.125, ...)

1

Data used for experimentation

+ The data is the collection of log files with e-
mail transactions from local e-mail spam
filter software Amavis
(http://www.amavis.org/):

— Each line of the log files denotes one event at the
spam filter software

— We were interested in the events on successful
e-mail transactions

« ...having information on time, sender, and list of
receivers

— An example of successful e-mail transaction is
the following line:

- 2005 Mar 28 13:59:05 patsy amav-s[33972] (33972-
01-3) Passed CLEAN, [217.32 51]
[193.113.30.29] <John nj. dawes@bt com> ->
smarko.grobelnik@ijs.si>, Message-1D:
<21DA6754A9238 48B92F39637EF307FDODA78108@|2km41—

é gukdy. dnmalnl. ‘temhost.net>, Hlts -1.668, 6389 ms
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Some statistics about the data &

* The log files include e-mails for 19 months:
— ...this sums up to of data.

— After filtering out successful e-mail transactions it
remains

« ...which contains approx. of successful e-mail )
transitions used for further processing = = o

— The whole dataset contains references to approx. — el i

e-mail addresses
« ...after the data cleaning phase the number is reduced to o A
approx. e-mail addresses ==
« ...out of which e-mail addresses are internal from the
home institution (with local domain name)

Organizational structure of JSI produced from cleaned
e-mail transactions with OntoGen in 10 minutes

B ot o (N5
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Computer
Science

Cross-modal analysis

Chemistry : : Management &
Biochemists ;

- " o ” =

~ Organizational structure of JS| visualized from ; £ - \; " -
v e-mail transactiqgs with Bocument-Atlas ," \%‘{ \%&"

et 5 oyt x ki ‘i\w -\ -

A
Software Mining s —
{Software }
Link @ & Text
Ivsi o
analysis Structured data Unstructured data mining
= networks = textual documents
{Document network }
E = a set of interlinked L
E E documents; each link
E g has type and weight Ontology OntoGen
"\ [Grear, Miadenic, Grobelnik, 2007] V=) okl  Gea™ o (V=
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» Text in several natural languages

+ Perform machine learning and retrieval on
. textual data regardless the language
Multilingual data differences
» Approach:

— Machine Translation (on sentence level)

— Multilingual lexicon (on word level)

- — Mapping into semantic space (on word level,
eg., KCCA)

WA SRS oot

- 44 oon | a4
KCCA to handle multlllngual data
+ KCCA enables representing documents in a M
“language neutral way” w
 Intuition behind KCCA: Gfeek
1. Giv_en a parallel corpus (_such_as Acquis)...l - \ R T
2. ...first, we automatically identify language independent Document Representation
semantic concepts from text,
3. ...then, we re-represent documents with the identified / \
cor}cepts, M P
4. ..finally, we are able to perform cross language
statistical operations (such as retrieval, classification, \/
clustering...)
New document New document
represented as text in represented in
any of the above languages Language Neutral way
A ‘: i S Ekt iﬁ.“l__.. "l ...enables cross-lingual retrieval, categorization, clustering, ...
5 S [ i Ngae ] 5 S +

7744 T4
Input for KCCA The Output from KCCA

Semantic
dimension

* Oninput we have set of
aligned documents:

Bag-of-words space
for English language

» The goal: find pairs of
semantic dimensions that co-

Bag-of-words space — .
for German language Sg:s?:rf?nd::ém::t n’: r;ave a appear in documents and ]
guag their translations with high ==
° bDocurpentsdare represented as correlation loss, income, Verlust,
ag-of-words vectors — Semantic dimension is a :ﬁ:,f;n 4 Z‘r',':; o
weighted set of words.
o e » These pairs are pairs of m zahlung, volle;
Pair of aligned . payment, gewerkschaft,
documents vectors, one from e.g. English negotiations, | verhand-
bag-of-words space and one union _‘w
: from German bag-of-words
- | - space. Semantic
o . - s % e i L _ | dimensions pair i i‘?
P ﬁ oy = e

b
A
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The Algorithm — Theory

Formally the KCCA solves:
maxg Corr(<x, E'] > <y,§ >)

— X, y — semantic directions for English and German
- ('E],'g]) is a pair of aligned documents

B el .
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Examples of Semantic Dimensions from ~— - ;

Acquis corpora: English-Slovene (2/2)
Most important words from semantic
dimensions automatically generated from
2000 documents :

Agriculture

OLIVE, OIL, AID, SUGAR, PRICE, STATE, MILK, LICENCES, OR, EXPORT, I
OLJA, OLJCNEGA, POMOCI, SLADKORJA, POMOC, OLJK, SLADKOR, ALI, DOVOLJENJA,
Customs

NOMENCLATURE, COLUMN, COMBINED, GOODS, TARIFF, CLASSIFICW

NOMENKLATURO, STOLPCU, NOMENKLATURE, KOMBINIRANO, KOMBINIRANE, CARINSKI, BLAGA

QUOTAS, TARIFF, SEED, CUSTOMS, COLUMN, ENERGY, INVOKED, ATOMIC, QUOTA, OPENING
KVOT, TARIFNE, SEMENA, KVOTE, TARIFNIH, CARINSKI, AT&MSKO, ENERGIJO, ODPRTJU

DESIGNATIONS, GEOGRAPHICAL, INDICATIONS, EURATOM, \\ROTECTED, ECSC, NAMES, ORIGIN
NIH, OZNACBE, IMEN, REGISTER

OZNACB, EURATOM, GEOGRAFSKI) \ POREKLA, ESPJ, ZASCI
WINE, WINES, ALCOHOL, DRINKS, TILLATION, POULTRYME), \ ICEWINE, ANALYSIS
\ALKOHOL, NAMIZNEGA, TILACIJO, DESTILACIJE

(<)

Agriculture protection
Y "3

Energy

Example of cross-lingual information retrieval # ﬂ
on Reuters news corpus using KCCA " : +

00 et etk acturg e O

= i
Weight S
yra L Ba3agsh |
310688 Weighe Document Name
REPUHLIC OF IRELAN Documers Comtent
(Comtrglen kish Stock Exf 53,515 143938 et

The lrih Stock Exchange

it effec from 18650 G| REPUBRIC OF IRELAND Coustygim Irsh Secck Exchange kiting canceled
Dbl Nrwiwoom +35] ‘Coueyplen Liih Stock Exchange bt canceled

T The lrish Stock Exchange said i 2 statement on Friday that the lsing for Coustygien Pic hnd been canceied

s with effres from 1500 GMT (1600 el sime).

MACEDONIA: ONE €] .. Dabis Newaroces +343 1 876 9774

ONE COMPANY TRAY

Stock tumover and irade

MSE 1ad

Totsl nemover rose 10 294

volkme grew b 159 share

AI5995 de tar

BORSE ANDERT PLANE FUR OPTIONSSCHEINMANDEL
Fraskfurt (Rewger) - Dhe Devesche Borse AG hat dwe Plane fir den dlekronischen Handel mit Opomschenen

22.11.2011
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Examples of Semantic Dimensions from - ﬂ
Acquis corpus: English-French (1/2)

Most important words from semantic
dimensions automatically generated from

2000 documents: Veterinary,
Transport

DIRECTIVE, DECISION, VEHICLES, AGREEMENT, EC, VETERINARY, PROD! ~HEALTH;
DIRECTIVE, DECISION, VEHICULES, PRESENTE, RESIDUS, ACCORD, PRODUITS, ANIMA!
Customs

NOMENCLATURE, COMBINED, COLUMN, GOODS, TARIFF, CLASSIFICATIO|

NOMENCLATURE, COMBINEE, COLONNE, MARCHANDISES, CL. T, TARIF, TARIFAIRES

EMBRYOS, ANIMALS, OVA, SEMEN, ANIMAL, CONVENTION, BOVINE, DECISION, FEEDINGSTUFFS
EMBRYONS, ANIMAUX, OVULES, CONVENTION, SPERME, E\“UIDES, DECISION, BOVINE, ADDITIFS

SUGAR, CONVENTION, ADDITIVES, PIGMEAT, PRICE, PRICE:! REEDINGSTUFFS, SEED
SUCRE, CONVENTION, PORC, ADDIT&\E, PRIX, ALIMENTATIOI EMENCES, DECISION

EXPORT, LICENCES, LICENCE, REFUNI EHICLES, FISHERY, IVENTION, CERTIFICATE, ISSUED
EXPOETATIONATIFICATS, CERTIFIC, ECHE, VEHICULES, . CONVENTION p—
& -

= | Export Licences ] Agriculture ] ﬁeterinaw J iﬁ-’
[ e oy = =

. . . ok
Applications of KCCA 743
* Cross-lingual document retrieval: retrieved

documents depend only on the meaning of the
query and not its language.

* Automatic document categorization: only
one classifier is learned and not a separate
classifier for each language

+ Document clustering: documents should be
grouped into clusters based on their content,
not on the language they are written in.

* Cross-media information retrieval: in the
same way we correlate two languages we can
correlate text to images, text to video, text to
sound, ... ;
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ILLUSTRATIVE EXAMPLES ON
TEXT MINING
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Representing textual data™ <. 44

Having a set of documents, represent each as a
feature vector:

« divide text into units (eg., words), remove punctuation,
(remove stop-words, stemming,...)

» each unit becomes a feature having numeric weight as its
value (eg., number of occurrences in the text - referred to
as term frequency or TF)

Commonly used weight is TFIDF:

TFIDE (W) =tf (w)*log[%)

tf(w) — term frequency (no. of occurrences of word w in document
dokumentu)

df(w) — document frequency (no. of documents containing word w)
* N -no. of all documents

v - e W
e &5 oy "
. TFIDF log.. DF TF Feature
Represgntatlon — T ~Tellz
calculation 018 |0.18 |0 |018 |2 |1]1|0]animated
Bob the builder is| 048 |0 0 048 |1 1/0|0|bob
bn animated moviel A [048 [0 [0 [048 [1 [1[0[0]builder
having a tractor as| 0 0 048|048 |1 [0|0]|1|challenges
bne of the main 048 |0 0 048 |1 1|0|0|characters
bharacters 0 018 [0.18 [0.18 |2 [0[1|1]children
[eerts 7
0 0 |048|048 |1 |0|0|1]facing
Pixar has several 0 0 [095|048 |1 [0|0]|2]family
short animated | B [o 0 |048|048 |1 |0|0|1|include
movie products 0 0 [048(048 |1 |0|0|1]life
for children. 7 048 [0 [0 048 [1 [1]0]|0|main
Simpsons’ family 0 0 0 0 3 (it m_owe
o 0 048 |0 048 |1 |0|1]|0]pixar
movie include two | C
children facing 0 048 |0 048 |1 |0|1]|0|products
challenges of daily 0 048 |0 048 |1 |0]|1|0|simpson’s
life in a famil 0, |048|0 [048 |1 [0[1]|0|short [ 7.
bt Zs wIo4s 1o 0 248 |1 11olo
7 ’
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Textual data - example = < &4

Bob the builder is an || pixar has several

animated movie short animated

having a tractqr as movie prbducts Simpsons family
one of the main interdsting for movie include
characters. The childirdn. [Locomotion e twa children
them facing challenges

train engine of daily life in a
wagon as family.
pgters that Sometimes

allenge of sarcastic ...

ed\| m character | friend | vehicle

1 K01 [T 1] 1
1 o | 1] M 1 0] o0

0| o 1 0 1 o ol o Ry
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Classification calculation fieaile
. . nimat .
using k-Nearest neighbor
bob
leixzi builder
Cos(d,,d,) =——=—— challenges
2 2 - 7= |
A Z, X VZK X characters
Cos(A,B)= (0.18 * 0.18) / (1.0883*0.9931) children |
=0.0324 /1.0809 facing |
=0.03 family
include
Cos(A,C)= 0.0/(1.0883*1.3625) life
=0.0/1.4828 main
=0.0 -
movie
Norm(A) = sqri(0.18%0.18+0.48"0.48+0.48°0.48+....) pixar |
=1.0883 products
Norm(B) = 0.9931 simpson's
Norm(C) = 1’36“25 Predict class(A) = class(B) short 5%
- ﬁ ¢ - "-7\‘ - tracton \j_-:T
e Loy — A
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Reading seminar assignment

* M. Grobelnik, D. Mladeni¢. Automated knowledge discovery in
advanced knowledge management. Journal of Knowledge
management 9:5, 132-149, 2005.

« Tom M. Mitchell . Mining Our Reality, Science:326, December 2009.

« M. Grobelnik et al., Machine Learning Techniques for Understanding
Context and Process, Context and Semantics for Knowledge
Management, 127-148, 2011.

« Tom M. Mitchell et al. Populating the Semantic Web by Macro-
Reading Internet Text, ISWC-2009.
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¢
Practical seminar assignment

Blaz.Fortuna@ijs.si teaching assistant

For individual assignment description, data
and the code to play with see (ICT3)

* http://www.blazfortuna.com/Pages/Teachi
ng.aspx
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