
MiTextExplorer:

Text Exploration
using 

Linked Brushing
and

Mutual Information
on

Document Covariates

Brendan O’Connor
Carnegie Mellon  →  UMass Amherst
June 2014 presentation, ILLVI WS at ACL http://nlp.stanford.edu/events/illvi2014/

1

http://brenocon.com/te

Monday, June 30, 14

http://nlp.stanford.edu/events/illvi2014/
http://nlp.stanford.edu/events/illvi2014/
http://brenocon.com/te
http://brenocon.com/te


How are X and Y related?  (Anscombe 1973)
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x y
10 8.04
8 6.95
13 7.58
9 8.81
11 8.33
14 9.96
6 7.24
4 4.26
12 10.84
7 4.82
5 5.68

x y
10 9.14
8 8.14
13 8.74
9 8.77
11 9.26
14 8.10
6 6.13
4 3.10
12 9.13
7 7.26
5 4.74

x y
10 7.46
8 6.77
13 12.74
9 7.11
11 7.81
14 8.84
6 6.08
4 5.39
12 8.15
7 6.42
5 5.73

x y
8 6.58
8 5.76
8 7.71
8 8.84
8 8.47
8 7.04
8 5.25
19 12.50
8 5.56
8 7.91
8 6.89
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r = 0.82Pearson correlation

r =

P
i(xi � x̄)(yi � ȳ)pP

i(xi � x̄)2
pP

i(yi � ȳ)2

Scatterplot:
x = horizontal position

y = vertical position
Simple

Non-parametric

assumes (x, y) ⇠ N(µ,⌃)

Is there an analogue to the scatterplot, when text is a variable?
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Linking and brushing
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Figure 2: Anscombe Quartet. (Source: Wikipedia)

which are crucial to help ensure a dataset will be
useful. Exploratory techniques can also suggest
possible hypotheses or issues for further investi-
gation.

The classical approach to EDA, as pioneered in
works such as Tukey (1977) and Cleveland (1993)
(and other work from the Bell Labs statistics group
during that period) emphasizes visual analysis un-
der nonparametric, model-free assumptions, in
which visual attributes are a fairly direct reflec-
tion of numerical or categorical aspects of data.
As a simple example, consider the well-known
Anscombe Quartet (1973), a set of four bivari-
ate example datasets. The Pearson correlation, a
very widely used measure of dependence that as-
sumes a linear Gaussian model of the data, finds
that each dataset has an identical amount of de-
pendence (r = 0.82). However, a scatterplot in-
stantly reveals that very different dependence re-
lationships hold in each dataset (Figure 2). The
scatterplot is possibly the simplest visual analysis
tool for investigating the relationship between two
variables, in which the variables’ numerical values
are mapped to horizontal and vertical space. While
the correlation coefficient is a model-based analy-
sis tool, the scatterplot is model-free (or at least, it
is effective under an arguably wider range of data
generating assumptions), which is crucial for this
example.

This nonparametric, visual approach to EDA
has been encoded into many data analysis pack-
ages, including the now-ubiquitous R language (R
Core Team, 2013), which descends from earlier
software by the Bell Labs statistics group (Becker
and Chambers, 1984). In R, tools such as his-
tograms, boxplots, barplots, dotplots, mosaicplots,
etc. are built-in, basic operators in the language.
(Wilkinson (2006)’s grammar of graphics more

Figure 3: Linked brushing with the anal-
ysis software GGobi. More references at
source: http://www.infovis-wiki.net/index.
php?title=Linking_and_Brushing

extensively systematizes this approach; see also
(Wickham, 2010; Bostock et al., 2011).)

In the meantime, textual data has emerged as
a resource of increasing interest for many scien-
tific, business, and government data analysis ap-
plications. Consider the use case of automated
content analysis (a.k.a. text mining) as a tool for
investigating social scientific and humanistic ques-
tions (Grimmer and Stewart, 2013; Jockers, 2013;
Shaw, 2012; O’Connor et al., 2011). The content
of the data is under question: analysts are inter-
ested in what/when/how/by-whom different con-
cepts, ideas, or attitudes are expressed in a cor-
pus, and the trends in these factors across time,
space, author communities, or other document-
level covariates (often called metadata). Compar-
isons of word statistics across covariates are ab-
solutely essential to many interesting questions or
social measurement problems, such as

• What topics tend to get censored by the Chi-
nese government online, and why (Bamman
et al., 2012; King et al., 2013)? Covari-
ates: whether a message is deleted by cen-
sors, time/location of message.

• What drives media bias? Do newspapers
slant their coverage in response to what read-
ers want (Gentzkow and Shapiro, 2010)? Co-
variates: political preferences of readers,
competitiveness of media markets.

There exist dozens, if not more, of other examples

GGobi software
(Cook and Swayne 2007, 
Buja et. al 1996, etc.)

Is there an analogue to linking/brushing, when text is a variable?

Monday, June 30, 14



Text and document covariates

• X:  Text

• Discrete, high-dimensional  (e.g. bag of words)

• Y:  Document covariates (metadata)

• Time, author attributes, social context, geography, 
community membership...

• Discrete or continuous

• Lower dimensional

• Goal is exploratory data analysis:
first-cut insight into relationship(X,Y)

• Requirement: speed for interactivity
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Demo
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(A) Covariate display
(C) Covariate-word associations
(E) Keyword-in-context text display

Linked views
of the data
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[A] → [C]:  words related to covariate query Q
Q selection: “brushing”

rankw
p(w|Q)

p(w)

(Exponentiated) Pointwise Mutual Information  (a.k.a. lift)

where p(w|Q) � TermProbThresh

countQ(w) � TermCountThresh

Scatterplot
Ranked list
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[C] → [D]:  word-word associations

rankv
p(v|w 2 doc)

p(v)

(Exponentiated) Pointwise Mutual Information  (a.k.a. lift)
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KWIC (keyword-in-context)
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KWIC reveals word senses
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• p( text | covariates ):  Dirichlet-
Multinomial Regression, Author-Topic 
Model, Labeled LDA, Structural Topic 
Model ...

• p( text, covariates ): Supervised LDA, 
MedLDA, GeoTM ...

Covariate -- word analysis
direct PMI topic model bottleneck

• Feature selection

• Monroe et al. (2008)

words

covariates

K topics

-vs-
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Related work: Text Exploration

• Voyant/Voyeur (Rockwell et al. 2010)

• WordSeer (Shrikumar 2013)

• Jigsaw (Görg et al. 2013)

• Topical Guide (Gardner et al. 2010)

• etc...
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• Other uses  [tx Molly Roberts]

• Figure out NLP models and parameters (what should be 
a stopword?)

• Select documents to read in an intelligent way (by 
covariates)

• What variables to use in a model? 

• Identify coding (hand labeling) errors in the data

• Questions

• Platform?

• Interactive labeling?

Demo session today

Prototype available:  http://brenocon.com/te
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