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Text AnalysisI:

corpus building
& tools




What we will do today...

e teaser for Costas's "distant reading"
lecture

e corpus building as the basis of text
analysis

e introduction to distant reading tools

o interpreting NLP visualisations




HH ST e
ol ’ ll_il----lilh-dihlh-

What is

text analysis?
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Ways to engage with texts:
"close reac{ing" e
"c{ismnt reading"

p})mse coined 19)
Franco Moretti)




SC})Old}"S 6{0.'

"middle dz’smnce readz’ng"
Hearst et al.)




Hand[ing termino[ogy...

e text mining/text analytics = artificial intelligence (Al) technology
to transform unstructured text in documents and databases into
normalized, structured data suitable for automated analysis

e distant reading = (quantitative) reading method that relies on
computer programs

e natural language processing (NLP) = field of linguistics,
computer science, and artificial intelligence concerned with the
interactions between computers and human language

e machine learning (ML) = method of data analysis that automates
analytical model building, making the computer "learn" from
studying data and statistics




Aspects of distant reading:

e word frequencies

® narrative structures

topic models (co-occurrences)

sentiment analysis (speech tagging)

stylometry (linguistic features, e.g.

those specific to one author)

e named entity recognition (locate and
classity people, places, or concepts)

e keywords in context




orpus building =
as the basis
of text analysis




What is a corpus (in NLP)¢

"A corpus can be defined as a collection of machine-
readable authentic texts (including transcripts of
spoken data) that is sampled to be representative of a
particular natural language or language variety (McEnery
et al. 2006: 5), though “representativeness” is a fluid
concept (see Section 7.3)."

Xiao, R. (2010) Corpus creation. In N. Indurkhya & F. Damerau (eds) The Handbook
of Natural Language Processing (2nd ed.), 147-165 . London: CRC Press.



Wby is building a corpus challenging?

e "importance" of individual texts negotiable

e access to texts limited

e texts incomplete or lost

e human and computational ability to process
multiple languages limited




Where to find data for text analysis...

HathiTrust (mostly older publications)

Europeana (different European heritage collections)
National archival services (e.g. LOC in the US)
corpora provided by researchers / departments
GITHUB (mainly processed data & transcriptions)
social media (limited access)
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C}m[[enges of USing social media A
for NLP:

° time restrictions
o ethical issues

= . inberent biases



INHERENT DATA BIASES - example: TWEETS (FROM THE US)

* Pew Research Center &

RESEARCH TOPICS ALL PUBLICATIONS METHODS SHORT READS TOOLS & RESOURCES EXPERTS ABOUT } {;}[/(
. . ol
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by (\ o
Home Research Topics Internet & Technology Platforms & Services Social Media ]] : bc}ffll.
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PEW RESEARCH CENTER | APRIL 24, 2019 O v Mm E / T o
e e o B8 Complete Report PDF ?( ’1
Si1zing Up Twitter Users § Vert
B Topline Questionnaire <.,.(35‘1,ff(";1
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U.S. adult Twitter users are younger and more likely to be &, 2018 Twitter Survey Dataset ¥op /:,,
Democrats than the general public. Most users rarely tweet, d/
but the most prolific 10% create 80% of tweets from adult U.S. ’
users
Sizing Up Twitter Users

BY STEFAN WOJCIK AND ADAM HUGHES

Twitter users are younger, more educated
and more likely to be Democrats than
general public
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Analysis by the Washington DC-based think tank "Pew Research Center" in April 2019:
https.//www.pewresearch.org/internet/2019/04/24/sizing-up-twitter-users/



Unreliable data - reliable research

While it is often impossible to find "complete" data sets that
represent a person or a group in their entirety, even
incomplete and ambiguous datasets can be used for valuable
text analysis if the data issues are made transparent.
Strategies to enhance data interpretation include building

sub-corpora and considering alternative scenarios in a
comparative analysis.






RECOMMENDED TOOL I: NETLYTIC

Netlytic is a browser-based service that allows you to collect social media
/ web data without programming skills: https://netlytic.org/index.php

Data Collection

Netlytic offers a user friendly way to explore and visualize publicly available data from several social media platforms. Each data source differs
slightly with regards to the request frequency and how many records will be collected by the importer. For tips, importing and

n e -t ‘ y-l: I C visualization instructions check out our tutorials page.

Twitter

YouTube

Netlytic (and Communalytic) s
aren't entirely free. Advanced R e
features require a paid tier 3 e
account.




RECOMMENDED TOOL II:
WEB DATA RESEARCH ASSISTANT

WebDataRA is a tool has been developed by Prof Leslie Carr of the Web and Internet Science research group to support
researchers using Web sourced data. Its functionality focuses on Twitter, but it also works for Facebook, Google, Google Scholar,
SSRN, Github, Quora, ACM DL, Core and (since June 2020) Parler. The ultimate aim is to make advanced network analysis and
textual analysis methods accessible to social science and non-programming researchers, especially those who work in an

The Web Data Research Assistant (aka WebDataRA) @
=E]
R

interdisciplinary context.

Installation information and documentation:
https://southampton.ac.uk/~lac/WebDataResearchAssistant/



Text pre-processing/

data cleaning
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Common aspects of data c[eaning for text analysis:

e focus on texts in one language (mostly part of corpus
building)

® Use stopwords

e get rid of symbols, mail addresses, time-stamps etc.

e get rid of punctuation

* ignore uppercase letters

e tokenization (necessary when analysing data with scripts)

e lemmatization (ignoring word inflections, widely applied in
the humanities and social sciences)

e stemming (reducing words to root, mostly in linguistics)



TEXT CLEANR
(b Lt ps -/ foww.textcleanr.com/)
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* easy to use

. e Ccleaning options in drop
: down menues

Do Nothing

Email Indents Do Nothing

Line Breaks
Remove

[ ] ([ ] (
Brackets to Characters J ‘ | I l I I Ite d C | e a n I n
Spaces - -

MS Word Specific Leave Them

" possibilities (mainly for

URLs Leave Them

Find and replace with W e b - d a ta )




TEXT CLEANER net
(lottps: ‘frextcleaner.net/)

SETTINGS
Clean Text
Whitespace Characters HTML
Trim D Remove punctuation marks Unescape HTML tags
Remove leading spaces Strip all emojis D Strip all HTML tags
Remove trailing spaces D Remove letter accents (diacritics) D Remove all ids
D Replace 4 space/s with 1 tab Normalize unicode letters/characters D Remove all classes
D Replace 1 tabwith 1 space/s Remove replacement character D Remove inline styles
_ Remove non-ASCll characters Decode HTML Character Entities
D Remove blank/empty lines
_ , D Remove non-alphanumeric characters D Decode URL-encoded characters
D Replace line break with space
Multiple spaces to single Other Links
Multiple blank lines to single D Strip all e-mails D Remove all web urls
D Remove all line breaks D Remove BBCode tags (Forum) D Convert urls to links



Take a break...
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(Visual) output of

NLP operations
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A lot of user-friendly distant
reading too[s P[ace an empfmsis on

visua[isations, but...

.. Creating graphs is not the
primary objective of
computational text analysis.

Gmp})s can SMPPOVtJOMV researc/v

process and the communication of

your results to di fferent audiences.



IMPORTANT:

In "Machines of Knowledge", we
ask you to analyse text mainly
based on visual representations,
but you ought to keep In mind
that all NLP visualisations depend
on specific algorithms and are
not "accidental".




A[gorit})ms in NLP:

NLP algorithms are based on machine learning, especially
statistical machine learning. Some commonly used NLP
algorithms include:

e Edit distance (also known as Levenshtein distance)

e Cosine similarity

e TF-IDF (term frequency and inverse document
frequency)

e Nailve Bayes algorithm (Naive Bayesian Analysis/NBA)



Types of gmplas used in
data/text analysis:

column charts / bar graphs
(comparisons between categories)
histograms (continuous data
measured on an interval scale)
stacked bar / column charts

area charts (comparing trends over
time)

dual axis chart (relationship
between two variables)

line graph (changes over time)
mekko chart (development by
segment)

pie chart (percentages of a whole)

waterfall chart (running total as
values are added or subtracted)
bubble chart (multi-variable)
scatter plot (multi-variable)
bullet graph (performance
comparison)

funnel chart (values across
multiple stages in a process)
heat map (values indicated by
colour scales)

tree map (hierarchies)

chord diagrams (weigthed
relationships)



B proponSIBILITY PERFORMANCE SUCCES S

EAOERIENGE PERFORMANCE 1ETWORK COMPETENCE EXPERIENCE =~ COMPETENCE RES!

The following slide contains a word cloud in which the biggest
words are the most frequent in a text. Use a search engine to find
out which novel it is. What is the novel about? Why is that (not)
reflected in the word cloud?



Examp[e of a word cloud

(displaying the most frequent words in a text or corpus)
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Text samples on GITHUB:

https://github.com/MonikaBarget/DistantReading/tree/main/
YouTube AmandaGorman



Differences between raw text and Pre—processed text:

Why is the word
cloud on the
right "better"?

Example taken from
https://se.mathworks.com/
help/textanalytics/ug/prepa

re-text-data-for-
analysis.ntml

Raw Data Cleaned Data
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Creative, more meaningful uses of word clouds

in researc/o ama’ teac/oing:

Cubﬁgghanistan
Irag . . . .
ran syria opportu An alternative visualisation for the 2016

ese o § Columbia Ukraine " . n
“medical -, ECONOMY US "State of the Union" summary;,
cure cancer . .

maaria  prercarf U created by Marti Hearst, 23 April 2019:

oo i T https://medium.com/multiple-views-
climate soa ~HEOPe military P>. ' P
* ghergy Sl Warqaeda visualization-research-
i explained/improving-word-clouds-
democracy vote Chaﬂ%garg P P 5
leadership ~ 9d4a04b0722b

government DD[itICS


https://medium.com/multiple-views-visualization-research-explained/improving-word-clouds-9d4a04b0722b?source=post_page-----9d4a04b0722b--------------------------------

The following slide contains a line graph with several lines
that cross each other. What do the individual lines stand
for? What does the graph say about the analysed text?



Examp[e of a line gmp/a s})owing "trends”

& Voyant Tools
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Look at the two graphs on the following slide, go to
the indicated websites, identify both use cases, and
discuss the analytical value of the visualisations.



Relationship between emotion and song's year of release
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https:.//www.promptcloud.com/blog/
data-visualization-text-mining-taylor-
swift-song-lyrics/

https.//www.textminingsolutions.co.uk/
news/hot-topics-on-a-heat-map/



How to perform
text analysis...




"Pytbon” and "R” pac/@ges:

Dz’fferent programming [cmngges such as Java
and R are used for natural [anguage processing.
R is especia[[y common in the social sciences and
for [inguistic anabsis. Historians and otber
scholars with a content focus often fa'vour
P)tf)on because of its numerous Pdc/@ges, simp[e

syntax, and its easy integration with other
programming [cmguages.



@ github.com/MaonikaBarget/DistantReading/blob/main/Twitter_full-archive-search_sxtended.py

# Extended script for full archive search with Twitter academic &PI

# based on a sample provided by Twitter

# for documentation, see https://developer.twitter.com/en/products/twitter-api/academic-research

import
import
import
import

import

# STEP

requests
os

json

csv

urllib # needed to merge strings to new URLs

1: add bearer token for your academic Twitter API dev account

bearer_tokenm = "YOUR TOKEN" # add your token here but do not share it with anyone

# STEP

search_|

token_u

url=
next_to

Optio
start

expan

STEP

query
query
query

query

2: define which API endpoint to query: "all" or "recent”

url="https://api.twitter.com/2/tweets/search/all”
rl="https://api.twitter.com/2/twests/search/allinext_token="

ken=""

nal params:
_time,end_time,since_id,until_id,max_results,next_token,

sions,tweet.fields,media.fields,poll.fields,place.fields,user.fields

3: define guery parameters and number of pages to be retrieved

example 1: (from:twitterdev -is:retweet) OR #twitterdew

example 2: ((from:Eurovision) OR #esc OR #esc2018) (#ISR OR #NettaBarzilail OR @NMettaBarzilai) lang:en

example 3: (#lgbt OR #lovelslove OR #pride) (#norway OR #oslo) lang:en

example 4: #lght OR #loveislove OR #pride OR #homophobia OR #PrideMonth) (#norway OR #oslo OR #oslopride OR #0sloPride2@22? OR #oslolove) lang:en




Samp[e project: Irish Women's WW]I Networ/g

FeministDH

Visualisations of women's correspondence in "Letters 1916-1923"

QI ®e ™

Women’s agency and networks in Ireland (1915-1923)

The visualisations presented here were created by Monika Barget and Susan Schreilbman, using
metadata and transcriptions from the "Letters 1916-1923" project. Prof. Susan Schreibman (formerly
Trinity College Dublin and NUI Maynooth, now Maastricht
Letters 1916-1923 ({"f @ University) started the Letters 1 923 project in 2013.
Ordinary Tives Sxtracrdinary Timee o Since then, circa 6000 letters, t ams, postcards and
notes relating to Insh history between December 1915

and the end of the Civil War in 1923 have been collected from 36 private and 29 public archives.

The initial quantitative analysis of our metadata categories highlighted the gender ratio per manually
assigned tag / topic in all items uploaded to the Letters 1916-1923 backend by December 2019. In this
way, we could wuncover themes that were [predominantly addressed by women]
(https:/igithub.com/MonikaBarget/FeministDH/blob/master/Letters_topics-covered-by-women.png).

ext analysis based on correspondence collected for the Letters 1916-1923
project, analysed by Susan Schreibman and Monika Barget using Python,
https://monikabarget.github.io/FeministDH/




GUI tools for

text analysis
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Tool examp[e )& Goog[e n-gram viewer

Google labs  Books Ngram Viewer

Graph these case-sensitive comma-separated phrases: _ﬂute,guitar,tmmpet,drum

between 1750  and 2008  fromthe corpus (English 4] with smoothing of (5 #]. | Fi nd i ng m USica I
. Search lots of books |

I o 8 uiar B G [ rmoo | instruments in books

0.00090%%

| | published between
| 1750 and 2008:

0.00060%%|
0.00050%
0.00040%|

| ' https://ai.googleblog.com

0.00020%¢

in-word-or-five-with.html

1760 1780 1800 840 TBED 1500 1820 15940 1960 1580
Search in Google Books:

1750-1793  [1794-1623  [1924-1940  [toA1-feB1  [1e62-2008 e |
1750-1825  (1826-1o7e  [1980-1992  [1993-2001  2002-2008 quitar
7501777 (17781801 |1802-1817  |1818-1952 |1953-2008 [tumpet
1750-1801  |1e02-1e11  [1912-1927  |198-1983 [1984-2008 dnm |

Run your own experiment! Raw data is available for download here.




(Dz’s-)advanmges of Goog[e n-gram viewer

® easy way to graph and compare phrases from publications over
time

* insights into long-term development of word usage

e [arge corpus of circa 500 billion words in total

e exciting accidental discoveries ("serendipity")

* N0 own corpus building

e corpus provided by GOOGLE intransparent and in progress

e |[imited algorithm control




Tool examp[e 2: [exos.wlvedtoncollege.ea’u

¢ visualisations and statistics on word
distribution

e option to scrape text from websites
via URL

e clean interface and "info" buttons with
technical / mathematical details

e several text-pre-processing options

e export of graphs as PNG or SVG

e browser-based version not suitable
for large text corpora

e BUT: frequent connectivity issues

EE—L:E" {L}EHGS |: J i _IE'I Upload Manage Prepare \Visualize




Tool exczmple 3: Voyant Tools (NLP tool co[[ection)

& Terms =, Links ? 3 Reader | () TermsBermry | ? " Trends & Document Terms ?

5 et et haians @ viol® | @ revolutic®™ | @ rebellion® @ diplomacy”
o e
T - & & . :
conardries Erissse % % E 'T Tems BSSEET st peeads seesi
fore 1‘="l'l. prablic oo EEE m lewal  gpmen pomii skt e 5 £n couar mola
ambassador O e g- =
informationg.§ 5z& g e e s e
= (T overnments R
) FiT g ¢ ©&° P AL Ay A early (38) =7
Zg - o 2o (0 F : “‘“Th-'—}mllln[mcs1m
ﬂ$ R L:HG i 55 :_ _&_m-"’“ ='="_l;:lnnu 1- difzozm T
p-:jlltual"':-i lne - e '
sevent th g 111."?101116[’[5 = mpe A e Document Segments (1 Barget, de Boer, and...)
diplomacy = g (o AAN AL |
thering B il revolutio™ = ?
T rebellion™ > viol® = _
e Feset Display
Terms: s K's Sirategy Terms: (i
Summary 7= Documents =1 Phrases ? <@ Bubblelines & Correlations ?
This corpus has 1 document with 4,633 total words and 1,666 unique word forms. Created now. Document Left Term | Right
Vocabulary Density: 0.360 1 Barge. .. Rebellion and Diplomacy in ~ early  Modern Europe: Introduction Monika ... =
- arge... y the insatiable appetite o early  modern governments to leam as
Readability Index: 17.370 ) 18 by the | ‘al e of | d |
- 1 Barge. .. 2015).] Rebellion and Diplomacy in  early  Modern Europe is devoted to
A Words Per Sent : 291
verage Totds Tel sentence 1 Barge. .. as key information brokers in  early  modern Europe. [endnoteRef:5] In
Most frequent words in the corpus: early (38); modemn (37); information (28); europe (23); endnoteref (26) 1 Barge... the emergence of contemporaneityin  earfy  modern Europe (Farnham, 2010); J
items: (e ? 38 context (e expand (s

Voyant Tools | Siéfan Sinclair & Geoffrey Rockwell (= 2022) Privacy v. 2.6.1



Tool examp[e 3: Voyant Tools

Functionalities:

® ingest your own corpus (via
URL or file import)

e handle multiple languages

e explore text without
programming skills

e use several tools for
analysis and visualisation

e quickly change settings

e 00d documentation and
extensive tutorials

Limitations:

e not always clear what tools are best
suited to the imported corpus: some
depend on multiple documents,
others don't work well with hundreds
of documents

e interface dense and at first
overwhelming

e occasionally prolonged text-loading
time




Customi{ab[e settings in Voyant:

e turn stopwords on / off
e chose number of words to be

displayed

e change layout of tool display
(e.g. font size) Sl

e adjust CONTEXT and k We will cover Voyant in more detail
CORRELATIONS In the 2nd skills session.

Watch out for the Voyant Tools
- tutorials recommended on CANVAS!

e export visualizations




Voyant Tools "terms berry”

The TermsBerry tool shows
high frequency terms in

# Voyant Tools

TermsBerry
combination with B @
information how those
https  ntelligenc war  yvernimen rebellion
ferms co-occur. 1
french van  foreigh »yenteent mbassadc 2gents
The term frequency- history liplDEmaCj'lante_ émpﬂlitica]
° In Docs: 1
inverse document e oo tamat gagly .dﬂerm
frequency value is 3 Y
. . P revolts .
weighting factor that N &
Pu?]jc news
balances the overall I tbassade early*
frequency of words and media | (8
th el r | m pO rta n Ce to Strateqy Terms: = Context: i Scaling:
i r.] d |\/| d U a | d O C U m e ﬂt S . Voyant Tools , Stéfan Sinclair & Geofirey Rockwell (8 2022) Privacy v. 2.6.1

Examp[e: In a text on "diplomdgi" in "early modern Europe’, it

IS no surprise that "earlj” mostb co-occurs with "modern’”.



https://en.wikipedia.org/wiki/Weighting_factor
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W/mt we wi[[ cover in t/ve Lwo up—coming S/Q'[ls sessions:

e detailed text analysis with Voyant Tools

* in preparation: "play" with the sample
data (provided on GITHUB) at home

e understanding differences between
visualisation options in Voyant

e working with Voyant table tools



T}mnks for your
participation!




