WHAT CANYOU DO WITH
TEXT MINING?




TEXT MINING CAN...

= Summarize topics of interest in a group of texts = Distinguish texts in a corpus by a given author

Analysis method: Topic modeling & Clustering (i.e. who authored which federalist paper)

Analysis method: Stylometry
= Connect common keywords among a group of

texts = Differentiate poetry from prose

. . Analysis method: Text Classification
Analysis method: Network analysis .
= Contrast the vocabulary of different corpora

= Track sentiment over topic, text source, time

. Analysis method: Keyword/feature extraction
period

= (Categorize documents

Analysis method: Sentiment Analysis Analysis method: Document/term clustering

= |dentify names, locations, entities

Analysis method: Natural Language Processing

Slide adapted from: UNLV “Introduction to Text Analysis”



APPLICATION FOR TEXT MINING

SAMPLE USE CASES




TEXT MINING:

CULTURAL

STUDIES

ACHILLES
EFFECT

What Pop Cultureis \
Teaching Young Boys ¢
about Masculinity
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SMITH

=
L |

combine Super
laonch ;- - o, ..

robot gt Ve

ot ¥ vehlcle atackear .,

E}l?aﬁﬂ?y el‘Oswtb] """ h{mce
. rnO onen aty  []]
iy dr] Stealth el Is);gcml forcecsomll)'azipld Ump
ﬁ[‘etr fof?m‘;mdeweapon 4 enemies = mm-[] Y

CI‘aSh aplsive tpack " Plde actmn sh'alegy blg ‘ m "‘n!m leOI'S tram

qmck armour prove
POWEL -5
2 ylimate "

anciny llkego e Yor y e EXplmt c::: IJE\cr er
»?totgzlllyhalr "““““Ié g%’lelamd bableSih"Wer pyE fab?ﬁlm

show
frlends

- camping "“v"ﬂ‘stamp p.\.p
COOUT

g amour,: per'fect dels]lgn tterc “angew
Shar (+ maglc fum z‘lanable mmy p‘m A ym llv Ewtu,,zs
o pnv.fr wum " shiny fasn hle(a)clhl wdeﬂcm[]s 10 sil:;]o?esre OVe

grow  fierce e

Crystal Smith

HOME ABOUT BOOKS FREELANCE WRITING

Word Cloud: How Toy Ad Vocabulary
Reinforces Gender Stereotypes

This post went viral shortly after | published it on March 28, 2011. There was so much
response that | had to write a preamble in April to address some of the questions and concerns

.d many thoughtful and important
iments were lost but it looks like most are visible via

Slide adapted from: UNLV “Introduction to Text Analysis”



A "Stunning" Love Letter to Viral Texts

Like most nmeteenth-centuly newspapers, The Raﬂ’S"ld" S]OHY nal

L I T E R A RY N ETWO R KS sought to connect its readers in rural Clearfield, Pennsylvania with
i !l El g :‘[{ " m ¥ b [ wider worlds of news, information, and literature. Whether published
(#l' w ‘ l % ’ ﬂ urnﬁ. . in major metropolitan areas such as New York, Boston, and
TS J ROV CLEARFIELD. PA.

LYY, A L VHSRRBAL st Philadelphia; in smaller cities such as Wheeling or Nashville; or in

VIRAL TEXTS PROJECT

This site presents data, visualizations,
interactive exhibits, and both
computational and literary publications
drawn from the Viral Texts project,
which seeks to develop theoretical
models that will help scholars better
understand what qualities—both
textual and thematic—helped
particular news stories, short fiction,
and poetry “go viral” in nineteenth-
century newspapers and magazines.

Ryan Cordell and David Smith, Viral Texts: Mapping
Networks of Reprinting in | 9th-Century Newspapers
and Magazines (2017), http://viraltexts.org.

rural towns such as Clearfield, nineteenth-century newspapers relied
on networks of exchange for much of their content. Newspaper
editors subscribed to each others’ newspapers, which came to them in

the mail on post roads or, later, railroads.

When exchange papers arrived, editors would comb through them to
find content their readers would appreciate, which they would then
clip out with scissors and paste on sheets for their compositors to set
in new type for the next daily, weekly, or irregular edition ,
sometimes changing the original text in the process. Sometimes a
clipping would not be needed immediately, but would be saved for
later use; we find clusters of reprinted texts that circulated in this way

around the country over years or even decades.

Thus texts of all kinds—including news , fiction , poetry,

vignettes , how-to columns, lists , descriptions of scientific and
historical curiosities , etiquette , medical and health notes , business
advice , parenting advice , recipes, religious affirmations , jokes ,
and more—circulated around the country, connecting readers from

New England to New Orleans to California through shared texts.

This exhibit is intended to hint at the breadth—and the oddities—of
nineteenth-century reprinting that we have found thus farin the
Viral Texts Project . If you peruse the page , you will find articles that
link to our database, where you can browse versions that appeared in

other newspapers, or related pieces.

Slide adapted from: UNLV “Introduction to Text Analysis”



http://viraltexts.org/

TEXT MINING:
NOVELS

@ Stanford Literary Lab

Distributions of words across narrative tme in 27 246 novels

AMERICAN FICTION

Word count
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Positive adjectives and terms about
family tend to dominate at the start of
novels, and then tail off. Terms relating .
to death peak at the end of novels. .
There are some words (they’ve o e -
identified 200) that have a particular
narrative “charge” (i.e. they dominate
certain stages of a novel more than
you'd expect),

—————
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TO THE EDITOR OF THE TIMES.

Sir,—May I express my entire agreement with the
letter of Miss Milner in your issue of this morning ? If
.the recent sceres of rowdyism associated with women’s
franchiss .only served to bring ridicule om the self-
. appointed champions of that cause other women might
TEXT M I N I NG. ibe well content to lot the matter rest there. Un-
fortunately, such behaviour can only have the most

mischievous effect in prejudicing thoe influence of women

H ISTO RIC AL .in those branches of public life wherse the beneficial

| character of their work is universally recognized.
It.is often 'said of women that neither logic nor

N EWS P A P E RS humour counts among their strongest points, The recent

behaviour of ths would appear to support
this contention. Mrs. Fenwick Miller's lotter in The
Times this morning is in every way a remarkablo docu-
ment. It opens up-an attractive vista of the public
results we.might expect to follow from the establishment
of feminine rule marked by'such a judicious and tempe-

rete spirit, say, at the Board of Trado or India Office. As wonee N -

an onlooker IlDthing strikes me as more curious in this F,:e el w;:f:l‘PU‘: lsem"gs W'"‘\’;Wqu H:'P [ Texd Gadon] W |

req or req exts| ap]loini -~

TH E LAN G U AG E O F controvarsy X easomble but most femini.e 1 SUFFRAGISTS 615 ATTRIBUTED 56 20 2 2 983 44.29 I
3 b o 2 SUFFRAGIST 527 COLOURS 39 10 111 958 2861

des.\r? of thq = both 1,;0 eat and to keep thoir 3 SUFFRAGISTS 615 MILITANT 353 93 1116 958 9282 I

BRITI S H SU F F RAG E I N T H E POIIth&I and domestic csko. - Women cannot expect to 4 SUFFRAGIST 527 BOMBS 25 4 17 957 273
3 g 5 SUFFRAGE 1,386 WVOMAN 30 18 12 956 4021
h_a've lt'_l_)Oth ways. They cannot at one and the same tima 6 SUFFRAGIST 527 LTERATURE 87 2 123 948 40.01
P R ESS 7 SUFFRAGIST 527 BREAKERS 18 3 2 5 956 19.14
8 SUFFRAGE 1,386 WOMAN 1,178 253 1683 922 19856
9 SUFFRAGE 1,386 ADULT 63 25 143 9.46 5417
10 SUFFRAGISTS 615 ANTI 168 30 143 9.21 4969
1 SUFFRAGIST 527 ANTI 168 23 133 9.06 411
12 SUFFRAGE 1,386 WOOMAN 25 9 112 8.95 2385
13 SUFFRAGE 1,386 OPPOSING 66 2 2 30 8.87 36.66
14 SUFFRAGE 1,386 MANHOOD 31 13 116 9.05 2860
15 SUFFRAGIST 527 PUBLICATIONS 35 4 16 8.86 16.33
16 SUFFRAGIST 527 OUTRAGE 128 19 121 8.80 2986
17 SUFFRAGISTS 615 SUSPECTED 43 8 2 8 875 18.15
18 SUFFRAGIST 527 DISORDER 92 9 3 13 858 2172
19 SUFFRAGIST 527 CONSPIRACY 90 11 113 861 21.97
Kat Gu pta 20 SUFFRAGE 1,386 SOCETES 195 48 172 857 5093
21 SUFFRAGE 1,386 FEMALE 113 23 141 855 38.08
University of Roeham pton 22 SUFFRAGE 1,386 FEDERATED 14 5 3 5 852 13.19
23 SUFFRAGIST 527 SUPPOSED 132 16 117 845 2365

24 SUFFRAGIST 527, DISTURBANCEJEEEY] 9 111 851 1944 ~
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“Consciousness”
TRAC|NG Frequency of the appearance of

‘ 1) “consciousness” in each
CONSCIOUSNESS IN paragraphs per year in the ECCO

PHILOSOPHICAL
WRITING

Frequency of individual co-terms

that appear within paragraphs
"' M regarding “consciousness” in al of
< LA

EIGHTEENTH CENTURY
COLLECTIONS. ONLINE

ECCO

mmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmm

Frequency of individual co-terms that
appear within paragraphs regarding
“consciousness” in “philosophers’
corpus”

Helsinki Computational. History Group
(COMHIS), University of Helsinki
https://www.helsinki.fi/en/researchgrou

putational-history



https://www.helsinki.fi/en/researchgroups/computational-history

an Hour of virtuous Liberty, Is worth a whole Eternity in Bondage

I D E N TI FYI N G - Joseph Addison

Trigrams: hour_virtuous_liberty, virtuous_liberty_eternity, liberty_eternity_bondage

C O M M O N PLAC ES AN D an hour, of virtuous liberty Is worth a whole eternity in bondage

- James Thomson

OTH ER FORMS OF Trigrams: hour_virtuous_liberty, virtuous_liberty eternity, liberty_eternity_bondage

TEXT REUSE AT SCALE Most frequently commonplaced authors (ECCO, Literature & Language Module)

1. Shakespeare, William 16. Gildon, Charles

2. Horace 17. Young, Edward

3. Pope, Alexander 18. Congreve, William

4, Milton, John 19. Rider, William
ElGHTEENTH CENTURY 5. Virgil 20. Cibber, Colley

6. Ayscough, Samuel 21. Griffith, Mrs. (Elizabeth)
COLLECTIONS. ONLINE 7. Bysshe, Edward 22. Fénelon, Francois de Salignac de..

8. Ovid 23. Goldsmith, Oliver

9. Terence 24. Fenning, Daniel

10. Dryden, John 25. Addison, Joseph

11. Becket, Andrew 26. Walker, John

12. Thomson, James 27. Voltaire

13. Cicero, Marcus Tullius 28. Garrick, David

14. Jonson, Ben 29. Cibber, Theophilus

15. Chambers, Ephraim 30. Enfield, William
Dr Glen Rice (and team) Australian National

University

http://dh2016.adho.org/abstracts/343



http://dh2016.adho.org/abstracts/343

Biblical passages frequently quoted together

EpheSians 6 2 Péier 3 1 TirflBthy 6
TEXT MINING: e gm0 ces
HISTORICAL NEWSPAPERS ‘“ - N

I£Deute%§Qﬁ q w%t.wz
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AMERICA’S PUBLIC BIBLE: BIBLE it . ?3

Luk®20 6 Mafk6 Mattti@w 14
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in American newspapers to show how a2 7 Quotations from the Bible in Chronicling America
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The general trends, however, tell us much less than the patterns for individual verses. Consider this handful of verses, each of which has
a pattern that differs from the general trend.?



http://americaspublicbible.org/
http://worldlit.cdh.ucla.edu/

HOW TO MINE TEXTS
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CHOOSING A TOOL OR METHOD

= Data questions:
" What input/format does this tool require!?
= Collaboration questions:
® s it easy to share in-progress material with others? (if you need to)
= Accessibility questions:
®  How does this tool work for people using assistive technology?
" How does this tool work for people who are in locations with low bandwidth/internet access?
= Sustainability questions:
= Can you download/export your material from this tool once you put it in?
"  Who made this tool? Who are their audiences? What is their revenue stream? (i.e., how long is this tool likely to last?)

" What are they going to do with the data you put into their tool?

Slide adapted from: Paige Morgan & Yvonne Lam’s Making Choices
About Your Data DHSI 2019 Course



TYPES OF TEXT YOU CAN MINE

Digitized Texts Native Digital Texts

Physicals documents that are digitized and Texts created in a digital format for the purpose

processed using optical character recognition or of being accessed on an electronic device.
manually keyed to create a digital facsimile.

o

otloggedn Tak Contibutions Create sccourt Login
e B Search
b a Atticle Talk Read Edit View history | Search Wikipedia Q
@ y
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& fie e ot Ve WikipepiA  Lext mining
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PLACES TO GET TEXT

Digitized Texts

® |nternet Archive

®  Project Gutenberg

m  Google Books

Hathi Trust

JSTOR Data for Research
PubMed Open Access Subset

= Open American National Corpus

Native Digital Texts
= Email

= HTML

= RSS Feeds

= Twitter

" Wikipedia

= Data Liberation Front

® New York Times API

Dataset Repositories

m Kaggle
m  English-corpora.org (BYU)

= Data is Plural (Jeremy Singer-Vine)

= DH Toychest (Alan Liu)

Slide adapted from: UNLV “Introduction to Text Analysis”


https://archive.org/details/opensource
http://gutenberg.org
https://books.google.com/
https://www.hathitrust.org/
https://www.jstor.org/dfr/
https://www.ncbi.nlm.nih.gov/pmc/tools/textmining/
https://www.anc.org/
https://developer.twitter.com/en/docs
https://developer.nytimes.com/
https://www.kaggle.com/datasets
https://www.english-corpora.org/
http://mail01.tinyletterapp.com/data-is-plural/data-is-plural-2019-10-02-edition/15351074-docs.google.com/spreadsheets/d/1wzhplmchkjvwokp4juclhjfgqiy8fqfmemwkl2c64vk%3Fc=0a3dad44-9c1c-4e14-a16d-920660d06c07
http://dhresourcesforprojectbuilding.pbworks.com/w/page/69244469/Data%2520Collections%2520and%2520Datasets

PLACES TO MINE TEXTS

Programming Languages Software Libraries Out-Of-The-Box
= Python (Text Cleaning & Statistical = MALLET (Topic Modeling) = Voyant
Analysis) = spaCy (Natural Language " Lexos
= R (Statistical Analysis & Visualization) Processing) " Juxta
= Javascript (Visualization) = Scrapy (extracting the data = AntWord Profiler
= Geo|SON (Geo-mapping) from websites) = Textometrie (TXM)
®  Transkribus = Textal
= Gephi
= Palladio

Other helpful links:
= TAPor

Slide adapted from: UNLV “Introduction to Text Analysis”


https://www.python.org/
https://rstudio.com/
http://mallet.cs.umass.edu/index.php
https://spacy.io/
https://scrapy.org/
https://transkribus.eu/Transkribus/
https://voyant-tools.org/
http://lexos.wheatoncollege.edu/upload
http://juxtacommons.org/
https://www.laurenceanthony.net/software/antwordprofiler/
http://textometrie.ens-lyon.fr/%3Flang=en
https://www.textal.org/
https://gephi.org/
http://hdlab.stanford.edu/palladio/
http://tapor.ca/home

QUANTITATIVE ANALYSIS

Parts of Speech uses natural
language processing of syntax to

recognize, and tag parts of speech.

In this implementation of Parts of
Speech Tagger you may review
how authors use of speech varies
over time.

Open Source developer: spab"

QUALITATIVE ANALYSIS

Sentiment analysis determines a
tally of the positive or negative
words within each document of a
content set. It uses the AFINN
lexicon (dictionary of words and
their sentiment value) to compile
sentiment scores for each phrase,
which are then compiled to
produce a document-level
sentiment value. By establishing
polarity within the texts (i.e.
positive/negative word
association), this tool can classify
the documents in your content set
between positive to negative
sentiment.

1 )

U “[wmw

ANALYSIS METHODS IN THE DSL

Named Entity Recognition (NER)
recognizes and extracts proper
and common nouns from
documents using a Parts of Speech
tagging method, and outputs
them as lists of grouped by entity
“type". Some "entity types"
available for extraction are:
people (including fictiorfaT); groups
(nationalities, religious, or
political), organizations, locations,
products, works of art, dates ,
among others. This
implementation uses spaCy's
Named Entity Recognmodel.
Learn more Jhere>

Clustering analyzes the
documents from a content set
using statistical measures and
methods to group them around
particular features or attributes.
This implementation of clustering
leverages the k-means algorithm
to create clusters of documents
according to similar words
contained within each document
of your content set.

Open Source developer: Scikit-
NAAN
Learn

Learn more here>
.

An Ngram is a term, or collocation
vhmund in your content
set. You set the range or number
of terms ('N') you wish to consider
in your analysis. Then, the
frequency of those Ngrams is
counted and displam
analysis.

Ngram examples:
=1 Unhigram
"a", "the", "turtle", "frankenstein”
WMWAAAAAN

N=2: Bigram

"on the”, "turtle dove”, "mary
AN

shelley"

WAAN

Learn more here>

Topic modelling allows users to
analyze a large corpus of
unstructured (OCR) text. A "topic,"
often referred to as a "bag of
words," is a collection of terms
that frequently co-occur in your
collection of documents. Mallet
uses Latent Dirichlet allocation
(LDA) models to extract contextual
clues in order to connect words
with similar meanings, as well as
differentiate between words that
are spelled similarly but have
differing meanings.

Learn more here>
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