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Outline
❖ Real Time and Apparent Time
❖ Racialization
❖ Corpus Creation Methodology
❖ Machine Learning Analysis
❖ Apparent Time (ongoing work!)These slides are available at

http://bit.ly/322Slides_AB 

http://bit.ly/322Slides_AB


Real Time ❖ Data from different age groups 
at different moments in time



Real Time

❖ Replicating a study at a later 
time with the same people (or 
similar population) as the first 
study.
➢ Deviation from original 

pattern: evidence that 
linguistic change has 
occurred in the community



Robin Queen
(2001)

Bilingual Intonation Patterns: Evidence of 
Language Change from Turkish-German

Bilingual Children

❖ Dissertation
❖ 10 years later

➢ Same population
➢ Observe how these individuals 

have changed their usage in 
the intervening decade



Real Time
❖ Very few studies

➢ Researcher Dedication and 
Curiosity

➢ Expensive
➢ Primarily medical 

(applications)



Apparent Time
❖ Comparison between different 

age groups at one moment in 
time
➢ Difference in patterns 

between groups: evidence 
that linguistic change has 
occurred in the community



Paul Reed
(2018) The Importance
of Appalachian Identity:

a Case Study in Rootedness

❖ 3 Generations of speakers from 
the same family
➢ Observe how these speakers’ 

feature usage varies.



John Rickford,
Isabelle Buchstaller,

Thomas Wasow,
Arnold Zwicky

(2007) Intensive and Quotative ALL:
Something old, something new

❖ Apparent time study comparing 
across
➢ 2 corpora from the 1990s
➢ 1 corpus from 2005
➢ Google newsgroups searching 

in 2005
❖ Populations, collection 

methods, and genre are not 
comparable.
➢ Looking primarily at usage 

data



Real Time and 
Apparent Time

More than just sound change

❖ Morphosyntactic Change
➢ Grammaticalization

❖ Semantic and Pragmatic 
Change
➢ Lexical Usage

❖ Sociolinguistic Change
➢ Ideological 



My Research
See more at 

http://bit.ly/WrightsPersonalWebsite

❖ Apparent Time study of Usage 
Data
➢ Lexical Change
➢ Ideological Change

❖ Measuring biases through the 
distributions of words

http://bit.ly/WrightsPersonalWebsite


Lexical
Racialization

❖ Happens when a word with no 
preexisting racial connotation 
comes to describe people of 
color asymmetrically.
➢ Thug



Semantic 
Change ❖ A new Polysemous Sense

➢ One word, Multiple meanings



Potted Meat Junk Email



Formal 
Semantics

The Polysemy Problem

❖ The simplest processes of 
semantic change have proven 
reliably difficult to model.

❖ Spam: potted meat →      Spam: 
junk email
➢ Both meanings active, how do 

we choose?



Trier’s Semantic 
Field Theory

❖ Trier’s Semantic Field Theory 
(1932)

❖ In Polysemous relationships, 
meaning is epiphenomenal
➢ Not from inherent qualities of 

the lexeme (spam always is 
potted meat), but rather from its 
context or application (but 
when we use it is this way it 
means junk email).



Field Semantics

❖ Levels of Categorization and 
Contrast

❖ Semantic Field Theory
➢ Trier (1932) 
➢ a group of words with 

interrelated meanings can be 
categorized under a larger 
conceptual domain.

➢ You can know red without also 
knowing scarlet



Field Semantics

❖ Issue of polysemy
➢ What do we do when we have 

two meanings for the same 
starting point. What fields 
needs to be accessed and 
active for us to semantically 
process a word?

❖ How is meaning organized 
cognitively and applied 
materially?



Field Semantics
❖ Knowledge of Semantic 

Entailment is acquired
➢ So too with ideology

❖ Lexical Knowledge and Social 
Ideology are Intimately Bound
➢ Seeking to define the link



Ideological 
Change

❖ How do we see social ideology 
reflected in text?
➢ Through language use

❖ Wright (2017) hypothesis: 
➢ at the lexical level. Reflected in Lexical, Semantic Change



Racism
❖ Not acquired through explicit 

lessons
➢ “Part of the individual’s 

rational ordering of her 
perceptions of the world” 
(Lawrence 1995)

■ (aka ideology)
It’s real and junk



The Myth of 
Unbeatable 

Black Athleticism ❖ Folk ideology, mistakenly 
applied throughout US history



The Myth of 
Unbeatable 

Black Athleticism

❖ Folk ideology, mistakenly 
applied throughout US history

❖ Black athletes are believed to 
be exceptional or naturally 
suited for physical activity, or 
for violent displays or prowess 
in team or individual sport.



The Myth of 
Unbeatable 

Black Athleticism
Busted!

❖ Black athletes are NO 
DIFFERENT than White athletes 
in terms of capabilities for 
physical activity or for (violent) 
displays or prowess in team or 
individual sport.



Kelly Wright 
(2017) Racialization in Sports Journalism

❖ Athletes described predictably 
differently by race
➢ Dana Mastro et al. (2011) 

Characterizations of Criminal 
Athletes: A Systematic 
Examination of Sports News 
Depictions of Race and Crime



Kelly Wright 
(2017) Racialization in Sports Journalism

❖ Athletes described predictably 
differently by race

❖ Black athletes are described 
➢ Exceptionality and Animalistic 

traits



Kelly Wright
(2017) Racialization in Sports Journalism

❖ Athletes described predictably 
differently by race

❖ Black athletes are described 
➢ Exceptionality and Animalistic 

traits
❖ White athletes are described 

➢ Leadership or Skill-based 
terms



From Rickford et al. (2007) p.11



Dataset
Corpus of Sports Journalism 

❖ Racialized SEmantics in 
Athletics Corpus
➢ 120 Athletes
➢ 60 White; 60 Black
➢ 30 Male; 30 Female
➢ 15,500 lexemes
➢ 8.5 million total words



Dataset
RSEAC

❖ Racialized SEmantics in 
Athletics Corpus
➢ 120 Athletes
➢ 60 White; 60 Black
➢ 30 Male; 30 Female
➢ 15,500 lexemes
➢ 8.5 million total words

❖ 108 year time depth



RSEAC ❖ Combines previous 
methodologies



RSEAC
❖ Combines previous 

methodologies
➢ Metadata behind Sports 

Journalism
➢ Highly controlled journalistic 

frame.



RSEAC

❖ Combines previous 
methodologies
➢ Metadata behind Sports 

Journalism
➢ Highly controlled journalistic 

frame.
❖ Composed of longform and 

event pieces, describing 
individuals, not teams



RSEAC
❖ Variation based on patterns of 

actual (or veridical) disparities 
baked into the data, making 
racialization isolable.



Collection 
Methods ❖ Full Tutorial Available HERE

http://www.uky.edu/~mrlaue2/narnihs2017/workshop.html




Google Plug-in ❖ gInfinity (get it here!)
❖ Returns all Google results on 

one page

https://chrome.google.com/webstore/detail/ginfinity/dgomfdmdnjbnfhodggijhpbmkgfabcmn




SERP Extractor
Google Bookmark

❖ By Chris Ainsworth
➢ Search Engine Optimization
➢ Download here

❖ Pulls Search Engine Results
➢ URLs
➢ Titles

https://www.chrisains.com/






Process Text
Very simple for loop bash script

❖ A text file with URLs (one on 
each new line)

❖ Go to web address and mine all 
text





Process Text
Very simple for loop bash script

❖ Put each URL’s text in a single 
document. 

❖ Send each document to a 
folder.



Process Text
Very simple for loop bash script

❖ Create a bag of words for each 
text, each folder.
➢ A count of each word that 

occurs.
❖ Run Statistics on them, do 

simple corpus analysis



With these 
directions 
combined

❖ Build your own corpus!!
➢ Think of an idea that would be 

reflected in usage. 
➢ Google advanced search
➢ Scroll for a few minutes
➢ Open up your bash script, and 

corpus! 



Fun Corpora 
Add-ons

❖ Part of speech tagging
➢ FreeLing

❖ Semantic tagging
➢ UCREL USAS

❖ Sentiment tagging
❖ Network analysis

➢ Gephi

❖ XML coding
❖ Ngram analysis
❖ Agent-Based Modeling

➢ NetLogo

❖ TF-IDF analysis
➢ Tfidf.com

http://nlp.lsi.upc.edu/freeling/demo/demo.php
http://ucrel.lancs.ac.uk/usas/
https://gephi.org/
http://ccl.northwestern.edu/netlogo/
http://www.tfidf.com/


Machine 
Learning

❖ Support Vector Machine
➢ Counting Stuff

❖ Random Forest Modeling Task
➢ Analyzing Counted StuffA (less simple) script in R



Machine 
Learning

❖ A Support Vector Machine is a 
learning algorithm
➢ I trained my SVM to predict 

athlete race with lexical token 
counts for each athlete as 
input.

➢ Categorization task



Machine 
Learning

❖ A Random Forest is a learning 
algorithm building multiple 
decisions trees.
➢ Modeling based on the most 

accurate. 
➢ Trained on the same dataset.



White 
Subcorpus → 

Culture
2:1 ratio

Black 
Subcorpus → 



Lexical Usage 
Asymmetries

Culture

❖ Culture occurs 2:1 ratio
➢ Twice as often in the Black 

subcorpus



Lexical Usage 
Asymmetries

Culture

❖ Culture occurs 2:1 ratio
❖ Black athletes are discussed as 

➢ Infusing their own culture into 
the sport

➢ Altering the sport’s culture 
with their ethnic presence



Lexical Usage 
Asymmetries

Culture

❖ Culture occurs 2:1 ratio
❖ Black athletes are discussed as 

➢ Infusing their own culture into 
the sport

➢ Altering the sport’s culture 
with their ethnic presence

❖ Culture occurrences in the 
White subcorpus
➢ The culture of the sport itself, 

not White culture as such
➢ Not in reference to the athlete



Culture and 
Polysemy

(Think Spam)

❖ Two very different lexical 
senses of culture, the usage of 
which is determined by the 
race of the referent.



Tactics
43:43 

Balanced 
across 
subcorpora

Black 
Subcorpus → 

White 
Subcorpus → 



Tactics
43:43 

Balanced 
across 
subcorpora

Black 
Subcorpus → 

White 
Subcorpus → 



Rolex
11:275

 
96% in White 
Subcorpus

White 
Subcorpus → 

Black 
Subcorpus → 



❖ The SVM sorted athletes by 
probability of membership into 
2 groups
➢ Based on sheer lexical frequency
➢ Sorted by Race

❖ The most impressive result 
here is a lack of gradience in 
the probabilities of category 
membership.
➢ The algorithm was sure. Like, 

super sure.

Athlete Race Probability

Eric Berry 3%

Chamique Holdsclaw 3%

Brittney Griner 3%

Anthony Davis 3%

Jackie Joyner Kersee 3%

Alia Atkinson 3%

Hope Solo 96%

Phil Mickelson 96%

Andrew Luck 96%

Ronda Rousey 96%

Drew Brees 96%

Katie Ledecky  96%



Lexical Type Importance Black Sum White Sum

BLOCKS 0.2092 520 102

NIKE 0.1515 660 217

COAST 0.1511 132 214

EFFORTS 0.1451 310 205

AVERAGED 0.1421 573 109

ATHLETIC 0.1130 1029 662

WONDERFUL 0.1075 204 379

UNDEFEATED 0.1064 241 74

WHOM 0.1052 363 227

APPEARED 0.0958 545 333

SOCIAL 0.0904 872 560

LLC 0.0871 104 222

❖ RandomForest lets us 
crack into Lexical 
Importance to 
Categorization

❖ Model outputs predict 
which words were 
most useful in the 
racial categorization 
task.
➢ Decision trees, tested 

on actual groupings.



Aylin Caliskan, 
Joanna Bryson, 

Arvind Narayanan
(2017) Semantics derived automatically

from language corpora contain
human-like biases

❖ Able to recreate bias results 
from Implicit Association 
Tasks with Word Vector models



The number, variety, and substantive importance of our results raise the possibility that 
all implicit human biases are reflected in the statistical properties of language. Further 
research is needed to test this hypothesis and to compare language with other 
modalities, especially the visual, to see if they have similarly strong explanatory power. 
Our results also suggest a null hypothesis for explaining origins of prejudicial behavior in 
humans, namely, the implicit transmission of ingroup/outgroup identity information 
through language. That is, before providing an explicit or institutional explanation for why 
individuals make prejudiced decisions, one must show that it was not a simple outcome 
of unthinking reproduction of statistical regularities absorbed with language. Similarly, 
before positing complex models for how stereotyped attitudes perpetuate from one 
generation to the next or from one group to another, we must check whether simply 
learning language is sufficient to explain (some of) the observed transmission of 
prejudice.” 



Implications

❖ Supports Caliskan et al. (2017) 
and Garg et al (2017)

❖ Supports the Distributional 
Hypothesis

❖ Supports Trier’s assertion that 
meaning is epiphenomenal

❖ Algorithms are super racist 
(Speer 2017)



Apparent Time
❖ Organize corpus into 20 year 

diachronic chunks.
❖ Repeat analysis and map 

semantic field
➢ À la Caliskan et al. (2017)



Apparent Time

❖ Watch as positions change 
over time

❖ Uncover the importance of 
social events or individual 
social actors to racialization 
outcomes in this written 
context



Parallel 
Coordinates 

Plot
(In R or Python or some GUIs)



Thanks!
Kelly E. Wright

@raciolinguistic

kellywri@umich.edu


