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Introduction




Computational Literary Text Analysis

Literary Studies
(Stilistics)
(Genre Theory)
(Literary History)

Phonol (Programming)
(g\/lofpnhoo?oggyg) (Text Classification)
(Semantics) (Machine Learning)
(Syntax) (Statistics)

Linguistics Computer Science




Levels of description of genre




Data




Data: theatre-classique.fr

Théatre classique
- ed. Paul Fievre (Paris-IV)
-1610to 1810
- 740 plays
- no critical texts
- (quite) reliable text
- modernised spelling
- structural markup (TEI P4)
- rich metadata

Today's subcorpus
-1630-1779
- three genres
- plays with 3/5 acts
- 375 plays
- speaker text only
- 5.3 mio. tokens / 30 MB
- metadata
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Hypotheses




Hypotheses / Questions

Topics and genre

« Dramatic genres being (in part) defined on the basis of their themes,
topic modeling should bring out genre-related patterns in the data

Genres' distinctive topics

«  Which will be the topics most distinctive of comedies and tragedies?
Will they be clearly thematic? Will they be expected?

Topics and plot

« Some topics should show genre-related plot patterns (i.e., show
trends over textual progression)

Topics vs. MFW

» Topic-based clustering should be more genre-related than MFW-
based clustering
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Topic Modeling (1)

Topics

Documents

Topic proportions and
assignments
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dna .02
genetic 0.01
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Topic Modeling (2)

PROBABILISTIC GENERATIVE PROCESS
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Results

1. Topics
(topic words and structure)

2. Class-driven
(distinctive topics by genre / plot)

3. Data-driven
(topic-based clustering)
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Topics: high and low topic probability

topic 55
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Topics: internal structure
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Topics: expected and surprising

topic 21 topic 75
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Topics: love, love, love, love?
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Distinctive Genre Topics (stdev)
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Topic Clustering (with genre)
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Topics in Textual Progression, by Genre (1)
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Topics in Textual Progression, by Genre (2)

22

Topic weight

0.020

0.015

o
o
—
o

y

0.005

0.000
sect.1

sect.?

Distribution over topic scores

(tp044 - honneur venger bras affront )

sect.3
Five parts (beginning to end)

=@®=— comedy

-@®— tragedy
—— e
—= =f
sect.4 sect.5




23

PC2 (14%)

Topic-based clustering (plays, by genre)
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Topic-based clustering (
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PC2 (14%)
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MFW-based clustering (by genre)

PC2 (4.8%)
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Conclusion




Findings and challenges
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The topics
« Most of the topics are quite coherent (subjectively)
 Some topics are abstract themes, others are motives / setting-related

Topics and genre
e Strong genre signal connected to dramatic sub-genres (as expected)
* Results suggest there may be two subtypes of tragedy

Topics and plot

« Topic scores across text progression suggest link between (several) topics
and genre/plot

Topics vs. MFW

« PCA based on topics and on MFW yields very similar results (suprisingly) -
genre signal strong in corpus (too many authors/decades)




Findings and challenges
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Some challenges / future work

Lack of sufficient numbers of texts (375 for 150 years!)

Some results confirm existing knowledge, but there are a lot more
trends/patterns

Lack of experience (or knowledge) concerning topic-based clustering
(influence of top words on topic score?)

How to determine whether a change in topic weight over time, across genres,
in textual progression, is really significant?

With regard to textual progression: smarter way of splitting plays into smaller
segments (trade-off: scene boundaries / similar length)

Move from metadata-based averages to logistical regression or even to
supervised / labeled LDA / sequential LDA
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