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 Pre-processing for statistical analysis
o restricting features
o removing uninformative features

o uniting features
 Transforming dfms
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Pre-processing for statistical analysis
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Pre-processing

e only certain features provide relevant information, e.g. for classification

The aim of this course is to introduce
students to the quantitative analysis of
textual data. We will cover both
applicationsin recent empirical research

and the implementation of text analysis ihie v
techniques through hands-on o E
experiences using the R statistical et g
programming language. of Zzalysis Z
The course will cover the collection of aim this ) g
text data with webscraping techniques, text text and g
text preprocessing, dictionariesand of descriptive ! g
descriptive analysis of texts, as well as The course 2
supervised and unsupervised learning course Cata 2
methods to classify the content of text of text
corpora.
topfeatures(debate_dfm,20)
H . , the to you and a of in that 1
tHt 1627 1127 806 562 524 468 391 358 305 299 254
H it 1s have he we people  they : going
ht 254 230 215 205 183 159 149 149 144
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Pre-processing

Pre-processing as feature selection

e Examples of features without information
o Capitalization at the beginning of the sentence
o 'fillers'
o singular « plural, cases
« whether a feature is irrelevant depends on the research question
o e.g. analysis of 'empty talk' specific concepts, ... — e.g. Federalist Papers

A longer reflection on pre-processing: Denny, M. J. and A. Spirling (2018). Text preprocessing

for unsupervised learning: why it matters, when it misleads, and what to do about it. Political
Analysis

The impact of pre-processing: preText package

— We return to this as pre-processing is application-specific
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https://github.com/matthewjdenny/preText

Pre-processing

Pre-processing as feature selection

Three broad types of pre-processing:

e restricting features:
o removing punctuation
o removing numbers
o removing hashtags and URLs

o cee

« removing uninformative features:
o 'stopwords'
o trimming frequent or rare words

e uniting features:
o lowercasing
o stemming
o rarely: replacing or compounding of words
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Restricting features

docs the aim of this course is to introduce students

textl] 7 1 6 1 2 13 1 1
textz 4 1 3 1 1 1 2 1 1
text3 3 0 3 O 1 01 0 0 3
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Restricting features

docs the aim of this course is to introduce students

textl] 7 1 6 1 2 13 1 1
textz 4 1 3 1 1 12 1 1
text3 3 0 3 O 1 01 0 0 3

These are not really

words!

removing punctuation
removing numbers
removing hashtags and URLs
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Restricting features

docs the aim of this course is to introduce students

textl] 7 1 6 1 2 13 1 1
textz 4 1 3 1 1 12 1 1
text3 3 0 3 O 1 01 0 0 3

These are not really

words!

» features beyond words are typically less informative
o exception: linguistic analysis
e often done during tokenization or definition of dfm

dfm(debate_corp,remove_punct=T)
debate_toks ¢« tokens(debate_corp, remove_punct=T,
remove_numbers=T, remove_symbols=T)
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Removing features

docs the aim &f thi€ course introduce students .
text] 1 6 2 3 1 1 3
text2 1 ] 1 1 1 1
text3 31 0O 1 0 0 3
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Removing features

docs the aim &f thi€ course introduce students
text] 1 6 2 3 1 1 3
text2 1 ] 1 1 1 1
text3 31 0O 1 0 0 3

These words stop me from

understanding!

 'stopwords'
e trimming frequent or rare words
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Removing features

docs the aim &f thi€ course introduce students
text] 1 6 2 3 1 1 3
text2 1 ] 1 1 1 1
text3 31 0O 1 0 0 3

These words stop me from

understanding!

« Common practice: removing frequent but less meaningful features (so-called
'stopwords')
o default stopwords contains words like 'is', 'the' ... — see stopwords(en) in R
o can be defined by researcher, e.g. procedural terms in parliamentary records

dfm_remove(debate_dfm,stopwords("en"))

tokens_remove(debate_ toks,stopwords("en"))
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Removing features

docs the aim &f thi€ course introduce students
text] 1 6 2 3 1 1 3
text2 1 ] 1 1 1 1
text3 31 0O 1 0 0 3

These words stop me from

understanding!

 Case-by-case: removing (frequent or rare) words
o dfm_trim() makes dfm sparser by frequency per document or corpus
= in addition or as replacement of stopword removal
o dfm_select() / tokens_select() keeps only selected features

dfm_trim(debate_dfm,min_termfreq=5,max_docfreq=20)

dfm_select(debate_dfm,"politx")
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Uniting features

= EDUCATION

docs the aim of thi 's to in.
2 1 3

textl] 7 1 6 1 13 1
textz 4 1 3 1 1 12 1 1 1
text3 3 0 3 O 1 01 0 0 3

Students = students = student = Student
Texts = texts = text = Text
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Uniting features

= EDUCATION

docs the aim of thi 's to in.
2 1 3

textl] 7 1 6 1 13 1
textz 4 1 3 1 1 12 1 1 1
text3 3 0 3 O 1 01 0 0 3

Students = students = student = Student
Texts = texts = text = Text

These words are just the
same to me!

e lowercasing
e stemming
e rarely: replacing or compounding of words
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Uniting features

= EDUCATION

docs the aim of thi 's to in.
2 1 3

textl] 7 1 6 1 13 1
textz 4 1 3 1 1 12 1 1 1
text3 3 0 3 O 1 01 0 0 3

Students = students = student = Student
Texts = texts = text = Text

These words are just the
same to me!

e By default: lowercasing
o automatically with dfm() (but can be disabled)
o optional with tokens

dfm(debate _toks,tolower=F)
tokens_tolower(debate_ toks)

Theresa Gessler, Preprocessing 16 / 35



Uniting features

= EDUCATION

docs the aim of thi 's to in.
2 1 3

textl] 7 1 6 1 13 1
textz 4 1 3 1 1 12 1 1 1
text3 3 0 3 O 1 01 0 0 3

Students = students = student = Student
Texts = texts = text = Text

These words are just the
same to me!

» Case-by-case: altering features
o stemming or lemmatization
o e.g. students — student

dfm_wordstem(debate toks,"en")
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Uniting features

= EDUCATION

docs the aim of thi 's to in.
2 1 3

textl] 7 1 6 1 13 1
textz 4 1 3 1 1 12 1 1 1
text3 3 0 3 O 1 01 0 0 3

Students = students = student = Student
Texts = texts = text = Text

These words are just the
same to me!

e stemming: cutting off the endings of words
o transform similar words into the same feature, e.g. "immigrants" and "immigrate"
o many algorithms and language dependent - worth looking at it once

« lemmatization: better but more complicated variant: lemmatization
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https://xapian.org/docs/stemming.html
https://towardsdatascience.com/stemming-lemmatization-what-ba782b7c0bd8

Uniting features

= EDUCATION

docs the aim of this to in.
textl 7 1 6 1 2 1 3

13 1
text2 4 1 3 1 1

12 1 1 1
text3 3 0 3 O 1 01 0 0 3

Students = students = student = Student
Texts = texts = text = Text

These words are just the

same to me!

» Case-by-case: altering features

o splitting hyphenated features split_hypothens=T for dfm/ tokens
o replacing features: dfm_replace(), tokens_replace()
o compounding features: tokens_compound()

dfm(debate_corp,split_hyphens=T)
dfm_replace(debate_dfm,c("say","said"),rep("SPEAK",2))
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Transforming dfms
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Document feature matrix

To evaluate the results pre-processing, we have a series of helper functions.

You can also find them on the quanteda cheat sheet
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https://muellerstefan.net/files/quanteda-cheatsheet.pdf

Document feature matrix

Information on features and documents

» most frequent features

topfeatures(debate_dfm)

H . , the to you and a of in that
#H 1627 1127 806 562 524 468 391 358 305 299

e number of features
nfeat(debate dfm)
#H [1] 2297

« number of documents
ndoc(debate _dfm)

# [1] 789
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Document feature matrix

Information on features and documents

« Names of features

featnames(debate _dfm) %>% head()

## [1] "good" "evening" "from" "the" "health" "education"
» frequency of features

featfreq(debate_dfm) %>% head()

good evening from the health education

I
I 31 1 34 806 11 2
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Transforming dfms

In order to statistically evaluate feature frequencies, we have to transform the document
feature matrix

— summarize documents, select features, select documents etc.

dfm_subset() : Selection based on docvars
e dfm_group() : grouping of documents based on docvars
e dfm_select(): Selection of features
o dfm_trim(): Selection of features based on frequency
e dfm_weight() & dfm_tfidf() : weighting the feature counts

e dfm_lookup() : Looking up dictionaries
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Transforming dfms

Example dfm

docs the aim of this course is to introduce students

textl 7 1 6 1 2 1 3 1 1
text2 4 1 3 1 1 1 2 1 1
text3 3 0 3 O 1 0 1 0 0
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Transforming dfms

Documents

dfm_subset()

docs the aim of this course is to introduce students

textl 7 1 6 1 2 1 3 1 1
text2 4 1 3 1 1 1 2 1 1
text3 3 0 3 O 1 0 1 0 0

Select documents based on docvars
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Transforming dfms

Documents

dfm_subset()

docs the aim of this course is to introduce students
textl 7 1 2 1 3 1 1
1

tavt?) A 1 1
Ll L] 1

1
;;;;; ]
text3 3 0

s
No

6
3 1
3 0 1 01 0 0

Select documents based on docvars
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Transforming dfms

Documents

dfm_group()

docs the aim of this course is to introduce students

textl 7 1 6 1 2 1 3 1 1
text2 4 1 3 1 1 1 2 1 1
text3 3 0 3 O 1 0 1 0 0

Unite documents based on docvars
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Transforming dfms

Documents

dfm_group()

docs the aim of this course is to introduce students

textl 7 1 6 1 2 1 3 1 1
{textz 4 1 3 1 1 1 2 1 1
+ + o+ o+ + + 4+ + -

text3 3 0 3 O 1 0 1 0 0

Unite documents based on docvars
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Transforming dfms

Features

dfm_select()

docs the aim of this course is to introduce students

textl 7 1 6 1 2 1 3 1 1
text2 4 1 3 1 1 1 2 1 1
text3 3 0 3 O 1 0 1 0 0

Select features based on content
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Transforming dfms

Features

dfm_select(,stu**)

docs theéaimof this course is to i ce students
textl 7 1 1 1
text2 4 1
text3 0

Select features based on content
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Transforming dfms

Features

dfm_trim(min_termfreqg=12)

docs the aim of this course is to introduce students

textl 7 1 6 1 2 1 3 1 1
text2 4 1 3 1 1 1 2 1 1
text3 3 0 3 O 1 0 1 0 0

Select features based on frequency
(per document or total)
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Transforming dfms

Features

dfm_trim(min_termfreg=12)

docs the @im of thi
textl] 7 1/ 6 1
text2 4 3 1
text3 3 0O\ 3

Select features based on frequency
(per document or total)
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Transforming dfms

Feature counts

dfm_weight() / dfm_tfidf()

docs the aim of this course is to introduce students

textl 7 1 6 1 2 1 3 1 1
text2 4 1 3 1 1 1 2 1 1
text3 3 0 3 O 1 0 1 0 0

weighting feature counts
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Transforming dfms

Feature counts

dfm_weight() / dfm_tfidf()

docs the aim of this course is to introduce students

textl +—A——6—1 2 13 ] ]
text2 4—4—3— ] -2 ] ]
text3 3—0—3—0—1 0—1 0 0

weighting feature counts
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