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OVERVIEW

Why analyze? 

Case Study: “Temporal and Regional Variation in Rap 
Lyrics” (2013) 

Sampling of others' work
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WHY COMPUTATIONAL ANALYSIS?

investigate concrete claims 

counteract reductive narratives 

reveal unnoticed relationships
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DESIDERATA

sustainable 

responsible 

accessible to members of group
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Let us build platforms that promote an understanding 
of the temporal vulnerability of the individual person or 
object; that more beautifully express the relationship of 
parts, one to another and to many a greater whole; and 
that instill, through depth of feeling in their users, an 
ethic of care—active, outward-facing, interdisciplinary, 
and expansive: sufficient to our daunting futures and 
broadened scope.

Bethany Nowviskie, “Capacity Through Care”
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“TEMPORAL AND REGIONAL VARIATION IN RAP LYRICS”

Topic Modeling Workshop at Neural Information Processing 
Systems 2013 

Impetus: interrogate claims in the literature on hip-hop, 
demonstrate the utility of techniques

http://corajr.com/margin
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DATA COLLECTION: OHHLA

~34,000 texts 

user submitted (sometimes inconsistent)
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DATA COLLECTION: ECHO NEST

Artist Locations
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DATA COLLECTION: SPOTIFY

Album Release Dates

http://corajr.com/margin


@CORA_JR | CORAJR.COM/MARGINCASE STUDY: DATA & METHODS

DATA PRE-PROCESSING: PYTHON

Python (Django database, ad-hoc scripts)
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DATA PRE-PROCESSING: OPENREFINE
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METHOD: TOPIC MODELING
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review articles

time. (See, for example, Figure 3 for 
topics found by analyzing the Yale Law 
Journal.) Topic modeling algorithms 
do not require any prior annotations or 
labeling of the documents—the topics 
emerge from the analysis of the origi-
nal texts. Topic modeling enables us 
to organize and summarize electronic 
archives at a scale that would be impos-
sible by human annotation.

Latent Dirichlet Allocation
We first describe the basic ideas behind 
latent Dirichlet allocation (LDA), which 
is the simplest topic model.8 The intu-
ition behind LDA is that documents 
exhibit multiple topics. For example, 
consider the article in Figure 1. This 
article, entitled “Seeking Life’s Bare 
(Genetic) Necessities,” is about using 
data analysis to determine the number 
of genes an organism needs to survive 
(in an evolutionary sense).

By hand, we have highlighted differ-
ent words that are used in the article. 
Words about data analysis, such as 
“computer” and “prediction,” are high-
lighted in blue; words about evolutionary 
biology, such as “life” and “organism,” 
are highlighted in pink; words about 
genetics, such as “sequenced” and 

“genes,” are highlighted in yellow. If we 
took the time to highlight every word in 
the article, you would see that this arti-
cle blends genetics, data analysis, and 
evolutionary biology in different pro-
portions. (We exclude words, such as 
“and” “but” or “if,” which contain little 
topical content.) Furthermore, know-
ing that this article blends those topics 
would help you situate it in a collection 
of scientific articles.

LDA is a statistical model of docu-
ment collections that tries to capture 
this intuition. It is most easily described 
by its generative process, the imaginary 
random process by which the model 
assumes the documents arose. (The 
interpretation of LDA as a probabilistic 
model is fleshed out later.)

We formally define a topic to be a 
distribution over a fixed vocabulary. For 
example, the genetics topic has words 
about genetics with high probability 
and the evolutionary biology topic has 
words about evolutionary biology with 
high probability. We assume that these 
topics are specified before any data 
has been generated.a Now for each 

a Technically, the model assumes that the top-
ics are generated first, before the documents.

document in the collection, we gener-
ate the words in a two-stage process.

 ! Randomly choose a distribution 
over topics.

 ! For each word in the document
a.  Randomly choose a topic from 

the distribution over topics in 
step #1.

b.  Randomly choose a word from the 
corresponding distribution over 
the vocabulary.

This statistical model reflects the 
intuition that documents exhibit mul-
tiple topics. Each document exhib-
its the topics in different proportion 
(step #1); each word in each docu-
ment is drawn from one of the topics 
(step #2b), where the selected topic is 
chosen from the per-document distri-
bution over topics (step #2a).b

In the example article, the distri-
bution over topics would place prob-
ability on genetics, data analysis, and 

b We should explain the mysterious name, “latent 
Dirichlet allocation.” The distribution that is 
used to draw the per-document topic distribu-
tions in step #1 (the cartoon histogram in Figure 
1) is called a Dirichlet distribution. In the genera-
tive process for LDA, the result of the Dirichlet 
is used to allocate the words of the document to 
different topics. Why latent? Keep reading.

Figure 1. The intuitions behind latent Dirichlet allocation. We assume that some number of “topics,” which are distributions over words,  
exist for the whole collection (far left). Each document is assumed to be generated as follows. First choose a distribution over the topics (the 
histogram at right); then, for each word, choose a topic assignment (the colored coins) and choose the word from the corresponding topic. 
The topics and topic assignments in this figure are illustrative—they are not fit from real data. See Figure 2 for topics fit from data.
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Blei, David M. “Probabilistic Topic Models.” 
Communications of the ACM 55, no. 4 (2012): 77–84. 
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TOPIC MODELING

MALLET (via R)
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EXAMPLE TOPICS

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

hood
ghetto

streets
block

thug
street

dope
life

thugs
crack
stay
young
real
game

livin

4

8

12

2.0 2.5 3.0 3.5
IMI(w,D|k)

R
an
k

http://corajr.com/margin


@CORA_JR | CORAJR.COM/MARGINCASE STUDY: RESULTS

EXAMPLE TOPICS
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EXAMPLE TOPICS
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EXAMPLE TEXT: 2PAC’S “DEAR MAMA”

When I was young me and my mama had beef  

Seventeen years old kicked out on the streets  

Though back at the time, I never thought I'd see her face  

Ain't a woman alive that could take my mama's place  

Suspended from school; and scared to go home, I was a fool  

with the big boys, breakin all the rules  

I shed tears with my baby sister  

Over the years we was poorer than the other little kids 

http://corajr.com/margin
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"GHETTO" VS. "HOOD"
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"GHETTO" VS. "HOOD"
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SYSTEMATIC DEVIATIONS DUE TO METADATA
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REGIONAL DISTRIBUTION: {GHETTO, THUG, HOOD}

Less O
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M
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More OccurrencesFewer Occurrences
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REGIONAL DISTRIBUTION: {GANGSTA, GANG, GANGSTAS}
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More OccurrencesFewer Occurrences
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AFTERLIFE

this talk! 

the odd e-mail (mostly from students) 

much more to be done
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OTHERS HAVE WORKED ON...

Hip-hop 

Slave Narratives 

Black Women’s Suffrage 

Black Press

http://corajr.com/margin
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TAHIR HEMPHILL
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TAHIR HEMPHILL
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ADITI MURALIDHARAN: WORDSEER (2010-)
3.1. CASE STUDY 1: STEREOTYPES IN NORTH AMERICAN SLAVE
NARRATIVES 20

Figure 3.4: Stereotypes compared. The visualization shows the occurrences of the “I was
born” stereotype (blue) and the “North Star” guided escape stereotype (yellow). The first is
relatively more prevalent, and the two do not occur in the same places.

3.1.4 Prevalent Stereotypes
Professor Wagner was able determine that there were indeed certain events that occurred

so frequently in the collection as to be rightly called stereotypical. The first of these was
the “cruel treatment” stereotype. Of the many listed by Olney, it was also the easiest to
search for. As shown in Figure 3.5a, almost all the narratives had multiple occurrences of
the simple keywords: “punish”, “beat”, or “whip”. Such events were not restricted to the few
narratives Olney mentioned by name. Grammatical search (Figure 3.5b) reveals the other
side of the stereotype. The numbers on the graph confirm the high prevalence revealed by
the newspaper-column visualization, but the adjectives accompanying these actions paint a
more complete picture: one of severe, cruel, and inhuman treatment.

Other similar stereotypes were separation from parents (Figure 3.6), escape (Figure 3.7),
and the “I was born” stereotype (Figure 3.3).

3.1.5 Less Prevalent Stereotypes
He was also able to identify at least two sterotypes that did not appear to be as prevalent

in the collection as implied by Olney’s language: those of escapes guided by the north star,
and of being received by Quakers.

As already shown in comparison with “I was born”, mentions of the north star (Figure 3.4)
do occur in some narratives. Hovering over the highlighted blocks shows the matching text,
with a link to view the sentence in the original context. Upon reading these mentions and
their contexts, we found that almost all occurrences of the “north star” are indeed related to

http://corajr.com/margin
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ADITI MURALIDHARAN: WORDSEER (2010-)

3.1. CASE STUDY 1: STEREOTYPES IN NORTH AMERICAN SLAVE
NARRATIVES 18

Figure 3.2: The most frequent 20 words described as cruel, filtered (by clicking) on the word
“master”. The visualization creates an explorable picture of the sources of cruelty in a slave’s
life as reflected by the narratives in the collection.

http://corajr.com/margin
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MICHELLE MORAVEC: BLACK WOMAN SUFFRAGE DATABASE
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As Hazel Carby notes,  [Frances] Harper crafted a 
discourse for black women that “address[ed] exclusion 
from the ideology of true womanhood” and “rescue[d] their 
bodies from a persistent association with illicit sexuality.”  
That she did this by relying in part on embodied references 
drawn from sentimental conventions makes perfect sense.

Michelle Moravec

OTHER ANALYSES: SUFFRAGE
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KIM GALLON: BLACK PRESS RESEARCH COLLECTIVE
Chicago Defender’s Standing Dealers, 1919
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WHY AREN'T THERE MORE?

archiving & digitization challenges 

skepticism? 

lack of resources?
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CALLS TO ACTION

lift up work by/for marginalized groups 

open up data and process when possible
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