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Text analysis in political science

Within machine learning and data science, there are a number
of applications for text analysis, such as:
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• Identifying topics, e.g. what does Trump tweet about?
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• Identifying sentiment, e.g. are tweets about Trump

positive or negative?
• Identifying authorship, e.g. who is that ghostwriter?1
• Categorising documents, e.g. which emails are SPAM?

In political science, the main usage has been identifying the
ideological position of political actors.

1

An early example of this in political science concerns author
identification of unsigned Federalist Papers (Mosteller and Wallace, 1964).
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Classification of text methods
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(Grimmer and Stewart, 2013, 2)
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Ideological placement
Many attempts have been made to identify the ideological
position of political actors:
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• Manual coding of manifestos

(Budge, Robertson and Hearl, 1987; Budge et al.,

2001; Benoit and Laver, 2007)

• Elite voting behaviour (e.g. on laws in parliament or on

cases in courts)
• Expert surveys

(Poole and Rosenthal, 1985)

(Castles and Mair, 1984; Laver and Hunt, 1992; Benoit and Laver, 2007;

Bakker et al., 2015)

• Voter perceptions or voting behaviour

(Cunningham and Elkink,

forthcoming)

• Self-placement

The newest trend is to use statistical text analysis of manifestos
or speeches to get at the ideological placement of actors.
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Wordscores and wordfish

While the focus is now on techniques developed in machine
learning and data science, the first statistical text analysis
applications in political science were based on specifically
designed procedures.
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Wordscores: developed by Laver, Benoit and Garry
(2003), estimates the ideological position of a number of
documents based on the word similarity with two reference
texts defining the extreme ends of the scale.
Wordfish: developed by Slapin and Proksch (2008),
estimates an underlying latent variable model reflecting
ideology, based on word frequencies.
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1 Wordscores

2 Wordfish
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1

Select a set of reference texts (or training data) with
known ideological scores, at extreme ends of the
dimension.

2

Score words based on frequency in each reference text.

3

Take all remaining texts, virgin texts (or test data), and
calculate document scores by taking the weighted average
word score, weighted by the frequency.
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Can be too heavily influenced by terms that are irrelevant for
ideology and is very sensitive to the selection of the reference
texts.
(Grimmer and Stewart, 2013, 26)
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Laver and Benoit (2002)
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Benoit and Laver (2003)
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Baturo and Mikhaylov (2013)
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1 Wordscores

2 Wordfish
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Item Response Theory
• If all students answer the same set of exam questions and

we measure the score on each answer, then
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• the difficulty of the question varies by question, but is the

same across students, and
• the capability of the student varies by students, but is the

same across questions.
• So if you estimate, on average, how students perform on a

question, you have a measure of difficulty; if you estimate,
on average, how a student performs across questions, you
have a measure of capability.
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• If all students answer the same set of exam questions and

we measure the score on each answer, then
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• the difficulty of the question varies by question, but is the

same across students, and
• the capability of the student varies by students, but is the

same across questions.
• So if you estimate, on average, how students perform on a

question, you have a measure of difficulty; if you estimate,
on average, how a student performs across questions, you
have a measure of capability.
• Instead of questions and students, we have here words and

documents, and instead of difficulty and capability we
have ideological dimensions of term usage and documents.
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Wordfish
wordij ∼ Poisson(λij )
λij = exp(αi + φj + βj θi )
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α = document fixed effect (captures document length)
φ = word fixed effect (captures average frequency)
β = word-specific weight
θ = estimated ideological position
An earlier attempt at using a Bayesian model to estimate
underlying dimensions of speech data is Monroe and Maeda
(2004).
Basically a task-specific model that is somewhat related to the
factor analysis approach.
(Slapin and Proksch, 2008; Grimmer and Stewart, 2013, 27)
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