Text classification
with Naive Bayes



The Task

* Building a model for movies reviews in English
for classifying it into positive or negative.

 Test classifier on new reviews

X Takes time



Sentiment Polarity Dataset Version 2.0

1000 positive movie review and 1000 negative review texts from:
Thumbs up? Sentiment Classification using Machine Learning
Techniques. Bo Pang, Lillian Lee, and Shivakumar Vaithyanathan.
Proceedings of EMINLP, pp. 79--86, 2002.

Our data source was the Internet Movie Database (IMDb) archive
of the rec.arts.movies.reviews newsgroup.3 We selected only
reviews where the author rating was expressed either with stars or
some numerical value (other conventions varied too widely to
allow for automatic processing). Ratings were automatically
extracted and converted into one of three categories: positive,
negative, or neutral. For the work described in this paper, we
concentrated only on discriminating between positive and negative
sentiment.”

From: http://www.cs.cornell.edu/people/pabo/movie-review-data/



http://www.cs.cornell.edu/people/pabo/movie-review-data/

The data

kst DMCourseiLabsiLab Smovies_reviewks\pos
b4 | Mame | Size - | Tvpe
) Lebl = [Z] cv7s4_7216.Ext 1KE Text Document
D) Lab2 [Z] cvzan_gze7.tut 1KE Text Document
| 5 Lab 3 ; 1KE Text Document
- [EE——— 1KE Text Document
ZKEB Text Document
I neg
) pos ZKEB Text Document
ZKB Text Docurment
[Z] cv349_13507 kxt 2KE Text Document
[Z] cvadl 3967 bxt ZKE Text Document
_____ (] o vn eron v £KEB Text Document
Bl cv825_5063.txt - WordPad -0 x| SKE  Text Document
File Edit Wiew Insert Format Help ZKE Text Document
: ZKEB Text Document
D|E’F|E| %@J ﬂ| J%.||E|ﬂ| Es|
ZKE Text Document
‘strange days' chronicles the last two days of 1999 in los angeles . =
as the locals gear up for the new millenium , lenny nero
| ralph fiennes | goes about his business of peddling erotic memory clips
he pines for his ex-girlfriend , faith [ juliette lewis | , not noticing
that another friend , mace | angela bassett | really cares for him

this film features good performances , impressive film-making technigue

and breath-taking crowd scenes

director kathryn bigelow knows her stuff and does not hesitate to use it

but as a whole , this is an unsatisfying movie

the problem is that the writers , james cameron and jay cocks |

were too ambitious , aiming for a film with social relewvance , thrills |

and drama

not that ambitious film-making should he discouraged ; just that

when it fails to achiewve its goals , it fails badly and obwviously

the film just ends up preachy , unexciting and uninvolwving . -
| o

1]

For Help, press F1 S 4




Open WEKA

e Convert file to .arff format using CLI interface:

java weka.core.converters.TextDirectoryLoader -dir data/movies_reviews > data/movies_reviews.arff

* And then open it from WEKA explorer — skip to
slide 12



Look in:

Select folder

- »e@EE

E enron_flat.kar.g
=| STOPWORDS _G0OOGELE. Exk

l@ Text classification with WEKA. ppx

'@ WekaText, pdf

l@ ~$Text classification with WEK&, ppkx

File name: movies_reviews Cpen |
A |
Files of bype: [ I,.:.,|| Files l d Cancel |

Load Instances x|

@ Cannot determine file loader aukomatically, please choose ane,




Choose converter

.:ZIwEka.gui.EenerithjectEditur

_Eweka

=03 core

=[5 converters

----- # Arffloader

----- # C45SLoader

----- # CSLoader

----- # Databaseloader

----- # LibsvMLoader

----- # SerializedInstancesLoader

weka.gui.GenericObjectEditor x|

weka,core, converters, TextDireckoryLoader

Abouk

Loads all text files in a directory and uses the subdirectorny Mare | .....
names as class lahels.

charget I

debug IFaIse ;I

directory  weka-3-6 |

autputFilename IFaIse ;I

CIpEM. . . | Save. .. I Cancel |

Close |




Weka Explorer

Preprocess I CIassiFyI Clusterl P.sscn:iatel Seleck attributesl 'u'isualize'

Open File. .. | Open URL... | Open DE... | Generate. .. {0 o}

l Edit... I Save.., |

=10l x|

g

~Filter

hoose INDne

| Apply |

~Current relation
Relation: C__Documents and Settings_barskymn_My Documents_DMCo,

~Selected attribute
MName: @@class@@

Type: Mominal

Remoye

Instances: 2000 Attributes: 2 Missing: 0 (0%} Distinct: 2 Unique: 0 (0%}
—attributes Mo, Label Count
1|{neg 1000
Al | Mare Invert Pattern 2| pos 1000
Mo, Mame

Class: @@class@@ {Mom)

1000

1000

LI Yisualize All |

Status
’VOK




Edit->View

x

Relation: C__Documents and Settings_barskym_My Documents_DMCourse_Labs_Lab 3_mao...

. bent @@classmm
Skring Morninal

1 plot : by keen couples go ko a church party , drink and then drive . neg il
10 |plot : & woung French boy sees his parents killed before his eves by [neg —
100 |whether vou like the beatles or not , nobody wants to see the bee  [neg

1000 [bwo party guys bob their heads to haddaway's dance hit " what is  [neg

1001 [Films adapted From comic books have had plenty of success , pos

1002 [every now and then a movie comes along from a suspect studio , pos

1003 [vou've got mail works alok better than it deserves to . Wnin order to |pos

1004 [" jaws " is a rare film that grabs vour attention before it shows vou  |pos

1005 [moviemaking is a lok like being the general manager of an nfl team in |pos
1006 |on june 30, 1960, a self-taught |, idealistic , yet pragmatic , young  |pps
1007 |apparently , director tory kave had a major battle with new line plwt
1008 [one of my colleagues was surprised when i told her i was wiling to |pos
1009 |after bloody clashes and independence won , lumumba refused to |pos
101 |warning : spoilers are included in this review . . . nbut it doesn't neg
1010 the american action film has been slowly drowning to death in a sea  |pos
1011 |after watching " rat race " last week. , i noticed my cheeks were sore |pos

1012 |i've noticed something lately that i've never thought of before | pos
1013 |svnopsis : bobby garfield { velchin ) lives in a small bown with his pos
1014 [svnopsis : in this movie | steven spielberg , one of boday's finest pos

1015 [the police negotiator is the person with the entirely unenviable job  |pos
1016 |plot ¢ a woung man who loves heavy metal music and especially the  |pos

1017 |carry on matron is the lask great carry-on Film in my opinion . pos
1018 the ultimate match up between good and evil , " the untouchables " |pos _ILI
B T

[rd | K, | Cance| |




Save converted file in arff format

CES— |
Save in: I[ﬁLabS LI T ..ﬁ

|5 mavies_reviews

File name: 2ave |
Files of bype: | arfF data Files (*,arfF) | Cancel |




From text to vectors

D=[ wl,w2 ,w3,,, class]
reviewl="“great movie”
review2="“excellent film”
review3="“worst film ever”
review4="“sucks”

(] ) =h oQ 1 72]
5 & 3 © 3 S
- () Q < ~
— = - 7))
E o
=~
vi=sf 0, O, O, 1, 1, O,

v2=s[ O, 1, 1, O, O, O,
v3=s[ 1, O, 1, O, O, O,

va=[ O, O, O, O, O, 1,

1SIOM

sse|[d



Convert text field into word vectors

Filter->
Unsupervised->
Attribute ->
StringToWordVector

This will convert each word in string field into a
numeric attribute

The name of the attribute would be the word itself

The value of the attribute would be 0 (absent) or 1
(present) in the current document



Right-click for options

e Select attribute
to convert

weka.gui.GenericObjectEditor

wekafilkers, unsupervised, attribuke, String ToWardYeckor

About

Cornverts String attributes into & set of attributes representing waord accurrence (depending on the takenizel
fram the text contained in the strings.

IDFTransForm

TFTransform

IFaIse

|False

attributeIndices

f1

attributeramePrefix
doflokOperateOnPerClassBasis
invertSelection
lowerCaseTokens
minTermFreq
normalizeliocLength
output'ordCounts
perindicPruning
skemmer

skopiwords

kokenizer
useSkoplist

wordsTokeep

IFaIse

IFaIse

ITrue

f1

IND normalization

IFaIse

f1.0

Choose INuIIStemmer

|weka-3-6

Choose IWDrdTokenizer -delimiters " yinik, 0 O
f1o00 13




Options

e Can convert all words
to lower case —
preferred

weka.gui.GenericObjectEditor

wekafilkers, unsupervised, attribuke, String ToWardYeckor

About

Cornverts String attributes into & set of attributes representing waord accurrence (depending on the takenizel
fram the text contained in the strings.

IDFTransform

TFTransForm

attributeIndices
attributeramePrefix
doflokOperateOnPerClassBasis

inwertSelection

IFaIse

IFaIse
f1
|

IFaIse

IFaIse

lowerCaseTokens

ITrue

minTermFreq
normalizeliocLength
output'ordCounts
perindicPruning
skemmer

skopiwords
kokenizer
useSkoplist

wordsTokeep

—

IND normalization

IFaIse

f1.0

Choose INuIIStemmer

|weka-3-6

Choose IWDrdTokenizer -delimiters " yinik, 0 O
f1o00 14




Options

e Can output the
words counts in each
document, instead of
just occurrence.

e We will use the
boolean ‘present-
absent’ for this lab

iweka.gui.GenericObjectEditor

wekafilkers, unsupervised, attribuke, String ToWardYeckor

About

Cornverts String attributes into & set of attributes representing waord accurrence (depending on the takenizel
fram the text contained in the strings.

IDFTransform

TFTransForm

attributeIndices
attributeramePrefix
doflokOperateOnPerClassBasis
invertSelection
lowerCaseTokens
minTermFreq

normalizeliocLength

IFaIse

IFaIse
f1
|

IFaIse

IFaIse

ITrue

f1

IND normalization

output'ordCounts

IFaIse

perindicPruning
skemmer
skopiwords
kokenizer
useSkoplist

wordsTokeep

1.0

Choose |Null5temmer

\Weka-3-6

Choose |WurdTokenizer -delimiters " yinik, 0 O

True

f1o00 15



Options

o |f
‘outputWordsCounts’
is selected, can
normalize word counts
by dividing to the total
number of words in
the document — thus
creating the
normalized word
vector

I-E'I weka.gui.GenericObjectEditor

wekafilkers, unsupervised, attribuke, String ToWardYeckor

About

Cornverts String attributes into & set of attributes representing waord accurrence (depending on the takenizel
fram the text contained in the strings.

IDFTransForm IFaIse

TFTransform IFaIse

attributeIndices |1

attributeramePrefix I

doflokOperateOnPerClassBasis IFaIse

inwertSelection IFaIse

lowerCaseTokens ITrue

minTermFreq |1

normalizeCioclength  |Mo normalization

output'ordCounts IFaIse

perindicPruning |—1 .

skemmer Choose |Null5temmer

skopwords  Weka-3-6

kokenizer Choose |WurdTokenizer -delimiters " yinik, 0 O
weseont. [T

wordsTokeep IlDDIZI 16




Options

iweka.gui.GenericObjectEditor

wekafilkers, unsupervised, attribuke, String ToWardYeckor

o If
About

) Cornverts String attributes into & set of attributes representing waord accurrence (depending on the takenizel

‘outputWordsCounts’  enmessenanesnnesnse
is selected, cando TF =~ ===
or IDF-transform or —
both for each e

inwertSelection IFaIse

d O C u m e n t : lowerCaseTokens [True

minTermFreq |1

TFTransform |False

attributeIndices |1

normalizeliocLength IND normalization

output'ordCounts IFaIse

perindicPruning |—1 .

skemmer Choose |Null5temmer

skopwords  Weka-3-6

kokenizer Choose |WurdTokenizer -delimiters " yinik, 0 O

useStoplist (U

wordsTokeep IlDDIZI 17



Term Frequency —Document Frequency

Tf (word,,d)=frequency (word i)/[total words in d]

DF(word.) = number of documents containing
word./total number of documents

The bigger TF the more discriminative is word.
The smaller DF the more discriminative is word.



TF-IDF index for each word. in
document d

 Term Frequency — Inverted Document Frequency
model

TF -IDF(word,,d)=TF(word.)* log (1/DF(word.))

Inverse document
frequency - IDF

The bigger TF-IDF score, the more discriminative is
word.



TF-IDF example

* Consider a document containing 100 words wherein
the word cow appears 3 times. Following the
previously defined formulas, the term frequency (TF)
for cow is then (3 / 100) = 0.03. Now, assume we
have 10 million documents and cow appears in one
thousand of these. Then, the inverse document
frequency is calculated as log(10 000 000 / 1 000) =
4. The tf—idf score is the product of these quantities:
0.03 x4 =0.12.



Options

iweka.gui.GenericObjectEditor

wekafilkers, unsupervised, attribuke, String ToWardYeckor

* Keeps 1000 most
frequent words for
each class. P e
Sometimes a little

more, if there is a tie

TFTransform IFaIse

attributeIndices |1

attributeramePrefix I

doflokOperateOnPerClassBasis IFaIse

inwertSelection IFaIse

lowerCaseTokens ITrue

* Less frequent words I

normalizeliocLength IND normalization

are discarded insatcoms [

perindicPruning |—1 .

skemmer Choose |Null5temmer

skopwords  Weka-3-6

kokenizer Choose |WurdTokenizer -delimiters " yinik, 0 O

useStoplist (U

wordsTokeep  [1000 21




How the words are extracted

I-E'I weka.gui.GenericObjectEditor

wekafilkers, unsupervised, attribuke, String ToWardYeckor

* The tokenizer is supplied
Wlth the ||St Of Cha I'a Cte I'S ?;EVthstsgiggn?:ir;t;u[jt?nstihn;ﬂs?risnztsﬂfaﬂrihutesrenresentingword occurtence {depending on the takenize
which are considered as |
delimiters. The extracted =
word is the trimmed e :

St ri n g b Etwe e n tWO dohlotOperateOnPerClassBasis |False
d e I i m ite rS invertSelection IFaIse

lowerCaseTokens ITrue

* You can provide your et |
own application- e
dependent tokenizer ——

skopwords  Weka-3-6

kokenizer Choose |WurdTokenizer -delimiters " yinik, 0 O
weseont. [T

wordsTokeep IlDDIZI 22




How the words are extracted

 Words such as “the”,
“in”, “of” are removed
— they occur in each

document

* You can replace the
default list with your
owh stop word list
such as supplied
stopwords_google.txt

I-E'I weka.gui.GenericObjectEditor

wekafilkers, unsupervised, attribuke, String ToWardYeckor

About

Cornverts String attributes into & set of attributes representing waord accurrence (depending on the takenizel
fram the text contained in the strings.

IDFTransForm IFaIse

TFTransform IFaIse

attributeIndices |1

attributeramePrefix I

doflokOperateOnPerClassBasis IFaIse

inwertSelection IFaIse

lowerCaseTokens ITrue

minTermFreq |1

normalizeliocLength IND normalization

output'ordCounts IFaIse

perindicPruning |—1 .

skemmer Choose |Null5temmer

skopwords  Weka-3-6

kokenizer Choose  |WordTokenizer -delimiters " yinit., 0% 0"

estopis: [

wordsTokeep IlDDIZI 23




How the words are extracted

I-:FI weka.gui.GenericObjectEditor

wekafilkers, unsupervised, attribuke, String ToWardYeckor

 Stemmer — identifies

words which have the
same root, for '

example: “cat”, “cats”, B
“catlike”, “catty” have stz |
similar meaning N
related to the root R
“cat” and stemmer e
treats them all as the S
same word. No R

perindicPruning |—1 .

stemmer by default T

skopwords  Weka-3-6

kokenizer Choose |WurdTokenizer -delimiters " yinik, 0 O
weseont. [T

wordsTokeep IlDDIZI

IDFTransForm IFaIse




Done with options

e Select attributelndex=1, the rest are default
attributes and apply the filter

 Note: now the class attribute is the first, in

addition — its name is not a valid attribute
name



Move class attribute to the end of vector

x ol
Relation: C_ Documents and Settings_barskym_[My Documents_DMCourse_Labs_Lab 3_ma...
MNo. | @@classa@@ | & | [ = \ - - 000 1
. negr SEL TG opt vigw: Ieft dlick = asce;'lding,l' Shifk -:IIIeFt click. :IdESCEI'Id?II'IIII;"% — Undo Edit... JEVE. . |
Menu: right click (or left+alt _:I L )
2 neg Set allamesTm T (LA o LR 0.
3 |neg Set missing values ta... A0 0.0 0.0 0.0 o | Apply |
4 |neg Replace values with. ., .0 0.0 1.0 0.0 0.
o neq 0 n.o 1.0 n.o o, bribuke
& neq Rename attribute. . 0 n.o n.o 0.0 a, b @class@@ Type: Nominal
7 |neg attribute as class I":' o.o o.o o.o o. (0] Distinck: 2 Urique: 0 (0%
o neg  \ T 0 0.0 0.0 0.0 0.
9 |neg 0 0.0 1.0 0.0 0. Labed Count
10 |neq Delete attributes. ., 0 L0 o0 o0 o, neg 1000
11 |neg Sork data (ascending) 0 0.0 1.0 0.0 0. pos 1000
12 ::3 Optimal column width {current) E gg ig gg g
14 neq ODtiITIEI' colurnm width I:-EI":l 0 0.0 0.0 0.0 0.
15 |neg 0.0 0.0 1.0 0.0 0.0 0.0 0.
16 |neg 0.0 0.0 1.0 0.0 0.0 0.0 1.
17 |neg 0.0 0.0 0.0 0.0 0.0 0.0 0.
15 |neg o.o o.o o.o o.o o.o o.o 0. lss@@ (Mom) ll Yisualize &l |
19 |neg 0.0 0.0 0.0 0.0 0.0 0.0 0.
20 |neg 0.0 0.0 1.0 0.0 1.0 0.0 0.
21 |neg 1.0 0.0 0.0 0.0 1.0 0.0 0. 1000
22 |neg 0.0 0.0 0.0 1.0 0.0 0.0 0.
23 |neg 0.0 0.0 1.0 0.0 0.0 0.a 0. -
KN _>I_I
nido | (0] 4 | Cancel |
Remove |

Skaktus
’7 04

26




Rename class attribute

e documentClass

27



Clean some junk words

(#1weka Explorer =101

Freprocess | Classif';.fl Clusterl .ﬁ.ssuciatel Select attril:uutesl 'u'isualizel

Cpen file, .. | Cpen JRL., .. | Cpen DE. . | Generate. ., IInda Edit... | Save. .. |
~Filter
Choose IReurder -F. Firsk-lask | Apply |
—Current relation —Selected attribute
Relation: C__Daocuments and Settings_barskym_Mw Documents_DMCa, . Mame; = Type: Numeric
Instances; 2000 Attributes: 1241 Missing: 0 (0%%) Diskinct: 2 Unigue: 0 (0%
~Attributes Skatistic Yalue
Tinirmurn 1]
all | Mone Inverk Pattern | Maimum 1
MMean 0.009
Na. |_ Marme StdDev 0,092
Ik |
s |10 —
o[ [1998
101994
112 ICIass: docurmentClass (Marm) ll Yisualize All
12[¥z —l
13[4
14[W/an
16([ |ability
17([" |absalutely
18([" |accent
19("|act
20(™ |acting |
[ Remove ] | QOODODODODODODODODODODODODODODODODODO_
I T 1
L ] | 0 05 128

Skaktus
|_H., | " I . T o I |




Convert all numeric to nominal (boolean)

IE-:!:’:]Weka Explorer

Freprocess | Classif';.fl Clusterl .ﬁ.ssuciatel Select attril:uutesl 'u'isualizel

=10l x|

Cpen file, .. | Cpen JRL., .. | Cpen DE. . | Generate. ., IInda Edit... | Save. .. |
~Filker = ‘l
Choose 'NumericTuNuminal -R. Firsk-lask I
—Current relatln ll —Selected attribute
Relation: C__Daocuments and Settings_barskym_Mw Documents_DMCa, . Mame; ability Type: Maominal
Instances: 2000 Atbributes: 1226 Missing: O (0% Distinct: 2 Lnique: 0 (0%
Atkributes Ma, Label Countk
1{0 1874
all | Mone Inverk Pattern | 21 126
Mo, [ame

1213[[ [unique :I

1214 [united

1215([" [varpire

1216 [view

1217 wigwing o

1218 Frincent ICIass. docurmentClass (Marm) ll Yisualize All

1219([ [visually

1220 I- Wars 1874

1221|[" [washington

1222 witty

1223 pwonderfully

1224 jwoody

1225 [younger

1226 [docurnentClass -

Remove
126
I —

Skaktus
[ Ik

| loo | g x0




Visualize all attributes

Weka Explorer 10l =l
Preprocess I Classifyl Clusker | Associake | Select attributesl \l'isualizel
Open file... | Open URL... | Open DE... | Generate. .. Unda Edit. .. | Save... |
Filker
Choose INumericTnNuminaI -R 1-1155 | Apply |
~Current relation ~Selected attribute
Relation: C_ Documents and Settings_barskym_My Documents_DMCa.. Mame: documentClass Type: Mominal
Instances: 2000 Attributes: 1156 Missing: 0 {0%) Distinct: 2 Unique: 0 {0%:)
Aktributes Ho, Label Court
1|neg 1000
all Mone Irveert Pattern | 2|pos 1000
Mo, Marne

1143 oy «|

1144 |trek

1145 [truman

1146[ |rruth (

1147 |kwpical

1148 Ilzuili:;ilae ICIass: documentClass (Mo - Wisualize All

1149 unlike

1150{[ |view 1000 1000

1151 \wars

1152 jwedding

1153 jwonderful

1154 [ jwonderFully

1155 jwoody neqg [1000]

Remove

Stakus
’:DK

Log w. x0

30



Presence of a word discriminates
Presence Classes

ol x|
of a word
e basically ;I
1836
e 174
beautiful
1931 1545 1770 1780

o
b=
|r-..\-

1532 30 220
because become becomes been
1085 15849 1586 1096

14

H1

=}
=
=
=
lw

befaore begin beqginning begins
1771

-3
[
b=
o
.
P=
o
3

behind being believe b
1703

ai)
a

Presence R
Of a Word bebween beyond

1331

I
=
-1
=3
F=3
==
=
(=3

bill b
1330

=3

[

b=
Pl —
= oo
=] 6.2
— b=}

‘o

31



Absence of a word discriminates

qe classes

=10/ x|

batrman

1931
— e

because become becomes

1085 15849 1586
befaore begin beqginning

1275 1825 1771

e

behind being believe

1700 1703

Absence
of a word

[
=
-

between
1321

=3
[
b=

bill
1566 1330

basically
1836

beautiful
1780

been

k=3

14

begins

=
i
b=

[
[

b

ai)
a

oo
=3
=3

beyond

i

- —
= oo
=] 6.2
— b=}

=
a

20
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Classify using Naive Bayes

Fivweka Explorer

=10] x|
Preprocess  lassify | Clusterl P.ssu:u:iatel Select attril:uutesl 'u'isualizel
Classifier

Choose |Nai"||'EBEI‘fE5

Test options Classifier output

™ Use braining set

" Supplied test set Sef. .. |

=== Bun information ===

Don't use Scheme:weka.classifiers.bayes.NaiveBayes
™ Cross-validation  Folds |10 o )
Felation: C__Documents and Jettings barskym My Documents DMCourse Labs Lak
Cross- {% Percentage split S IEuEu l Instances: 2000
Validation Attributes: 1156

Maore options. ..

[lizt of attributes onitted]
Test mode:zsplit 66.0% train, remainder test

— takes
too muc h (Marm) dacurmentClass :l
time Start Stop |

Result list {right-click for options)

0 ba

Skaktus

Building model on kraining data. .. Log w x 1




Result

* Accuracy: 78.67 %

 We might try to improve it by selecting only
the best words



Feature (discriminative words)
selection

 WEKA class CfsSubsetEval evaluates the worth of a subset of
attributes by considering the individual predictive ability of each
feature along with the degree of redundancy between them.

Subsets of features that are highly correlated with the class while
having low inter-correlation are preferred.

To find such attributes WEKA uses BestFirst search: Searches the space
of attribute subsets by greedy hillclimbing augmented with a
backtracking facility. Setting the number of consecutive non-
improving nodes allowed controls the level of backtracking done.
Best first may start with the empty set of attributes and search
forward, or start with the full set of attributes and search backward,
or start at any point and search in both directions (by considering all
possible single attribute additions and deletions at a given point).



Attribute (words) selection

(#weka Explorer

=10] x|

F‘repru:u:essl Classif';.fl Clusterl Associate) Select attributes

—attribuke Exvaluakor

Choose IEfsSuhsetEval |

—Search Method

Choose  |BestFirst -0 1 - 5 |

—ottribute Selection Mode——— - Akkribuke selection oukput
% Use full training set === Pun information === =
" Cross-validation Folds |1IZI
Ceed Il_ Ewvaluator: weka.attributelelection. CEzfubsetEwval
Search:weka.attributelelection.BestFirst - 1 -N &
Relation: C__Documents and Jettings barskym My Doocuments DMCourse Labs La
(Mom)  documentiClass - |
Instances: Z000

| Atrtributes: 1156
[list of attributes omitted]
Evaluation mode:evaluate on all training data

Shark Skop

~Resulk lisk (right-click for options)

Skakus )
’7Evaluating on kraining data. .. Log %\ x 1




Selected discriminative attributes
(words): 51

e Right-click result -> save reduced data as
Movies_reviews_reduced.arff

also world

awful worst

bad animation

boring definitely Some of selected
both deserves words
dull effective

fails flaws

great greatest

joke hilarious

lame memorable

life overall

many perfectly

maybe realistic

mess share

nothing solid

Nnthaerc ciihtle




Classify again

e Accuracy 78.67 — no improvement, but only
51 words instead of 1155



Rules-Decision table

Accuracy — 69.85
Feature set: 3,4,10,14,1/7,33,48,51,52

Leave only these attributes, plus class
attribute, and use naive bayes again

Accuracy — 72.05



Classifying new reviews

Append — put new reviews into a positive
folder

Do the same manipulation on the new dataset
Remove new reviews into a new test set
Classify



New reviews to classify

 Go to: http://www.rottentomatoes.com/
* or
http://www.cinemaclock.com/Nanaimo.html

e Select one movie and find reviews

* Generate test set by copying the text of each
review into a separate .txt file

e Store all new files in the ‘pos’ folder under the
names NewReview1-5.txt


http://www.rottentomatoes.com/
http://www.cinemaclock.com/Nanaimo.html

Repeat all the steps with new reviews
included

* Open file-> all files -> select folder X
movie_reviews (Select option-outputFileName
— to be sure where your new reviews are)

Ef}weka.gui.EEnericﬂhjectEditnr El

Zhoose |wekﬂ.cnre.-:Dnverters.TextDirectDryLDader

Abouk

Loads all text files in a directory and uses the subdirectorny Mare |
names as class lahels.

charset I
debug IFaIse ;I
directory  |[Weka-3-6
cutputrienane (TR -
CIpEM. . . | Save. .. | I | Cancel |
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Continue work on attributes

Filter -> StringToWordVector: Attributelndex X
1

Remove some remaining meaningless words
from the top of the list

Edit -> select @class@ -> right-click ->
AttributeAsClass

select @class@ -> right-click -> rename to
DocumentClass



Select attributes

e Select attributes with default parameters and
save data file as movies_review_training.arff



Continue work on attributes

e Convert numeric 0-1 values to nominal X

e Save as movies_reviews_training.arff



Transfer new records to a new text file

 Open your movie_reviews_training.arff in text editor

* Copy the entire header up to the @data tag into a new text
file

e Cut and paste the last 5 lines for new reviews into the same
new file

e Save as movie_reviews_new.arff

 Load movie_reviews_training.arff and remove the filelD

attribute. Save file

 Load movie_reviews_new.arff :

— Remove filelD attribute

— Rep?lace class value with ?” (Edit-> Replace values with ...->pos
to 7’

— Save file



Run classifier for prediction

inst#, actual, predicted, error, probability
distribution

1 ? lneg + *1 O
2 ? lneg + *1 O
3 ? lneg + *1 O
4 ? 1l:neg + *0.999 0.001
5 ? 1l:neg + *0.993 0.007

Test if the classifier is correct



