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• (Sub-)Genre class. 

 

• Challenges 
• Definition of genre  

• Few genre labels   

• Unstructured data 

• Feature extraction  
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Task 

en.wikipedia.org/wiki/Novel en.wikipedia.org/wiki/List_of_writing_genres 



• Task 
 

• Data 
 

• Feature extraction 
 

• Genre classification  
 

• Evaluation 
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Agenda 



Data 

• Two genre classes:  
• Bildungsroman = educational novel 

• Gesellschaftsroman = social novel  

 

• 132 labeled novels (Labeled data set) 
• 32 were closely reviewed (Prototype data set)  

• Entire corpus: close to 1700 novels 
• -> content features (LDA)  
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Features 

• Stylometric features 
 

• Content features 
 

• Social features 
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Stylometric 
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Features 

• Stylometric features 
 

• Content features 
 

• Social features 
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Content based: LDA 

θ α z 

document word 

ψ β 

w 

topic 

doc0: 

t0     0.06 

t1     0.01 

t2     0.01 

t3     0.01 

t4     0.01 

t0:  

love 0.150 

heart 0.040 

eyes 0.011 

feeling 0.005 

for 70 topics 

for 1682 documents 



Discriminative topics 
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woman/mrs man/mr 

paris madame franken 

love man women 

 

love life self  

heart mother soul 

father world eyes 

 

„Society“ „Emotions“ 

 

WOMAN/MRS 

MAN/MR 

PARIS 

MADAME 

FRANKEN 

LOVE 

MAN 

WOMEN 

 

 

LOVE 

LIFE 

SELF 

HEART 

MOTHER 

SOUL 

FATHER 

WORLD 

EYES 



Features 

• Stylometric features 
 

• Content features 
 

• Social features 
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Character graph 
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Effi 
Innstetten 

Crampas 

[...] 

»... Ich muß dir nämlich sagen, Effi, 

daß Baron Innstetten eben um 

deine Hand angehalten hat.« 

[...] 

Effi sagte zu dem neben ihr 

sitzenden Major von Crampas: 

[...]  

Trotzdem schien Innstetten auf 

Crampas' scherzhafte 

Bemerkungen antworten zu wollen, 

was denn Effi bestimmte, lieber 

direkt einzugreifen. 

[...] 



Interaction graph 

16 

Crampas 
& Effi Effi & 

Instetten 

Crampas & Effi 
& Instetten 

[...] 

»... Ich muß dir nämlich sagen, Effi, 

daß Baron Innstetten eben um 

deine Hand angehalten hat.« 

[...] 

Effi sagte zu dem neben ihr 

sitzenden Major von Crampas: 

[...]  

Trotzdem schien Innstetten auf 

Crampas' scherzhafte 

Bemerkungen antworten zu wollen, 

was denn Effi bestimmte, lieber 

direkt einzugreifen. 

[...] 



Social features  
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Effi Innstetten 

Crampas 



Social features  
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Let C = {𝑐1
𝑚𝑔

, … , 𝑐10
𝑚𝑔

}  be the 10 highest centrality values for measure 𝑚 and graph 
type 𝑔 

 
• Averages - Consider only the highest centrality value:  

• 𝑎𝑣𝑒𝑟𝑎𝑔𝑒𝑚𝑔(𝑐1
𝑚𝑔

) 

• 𝑎𝑐 = 𝑎𝑣𝑒𝑟𝑎𝑔𝑒𝑚(𝑐1
𝑚𝑐) 

• 𝑎𝑖 = 𝑎𝑣𝑒𝑟𝑎𝑔𝑒𝑚(𝑐1
𝑚𝑖)  

• 𝑎𝑐 − 𝑎𝑖  

• 𝑎𝑐 − (1 − 𝑎𝑖) 

 
• Differences - ∀ 𝑚 ∈ 𝑑, 𝑏, 𝑐, 𝑒 , 𝑔 ∈ {𝑐, 𝑖} 

• 𝑐1
𝑚𝑔

− 𝑐2
𝑚𝑔

 ,  𝑐2
𝑚𝑔

− 𝑐3
𝑚𝑔

  , 𝑐3
𝑚𝑔

− 𝑐4
𝑚𝑔

 

 
• Power Law - ∀ 𝑚 ∈ 𝑑, 𝑏, 𝑐, 𝑒 , 𝑔 ∈ {𝑐, 𝑖}:  

• Fit 𝑓 𝑐 = 𝑎 ∗ 𝑐𝑏 to 𝑐 ∈ C and extract parameters 𝑎, 𝑏 

5 features 

24 features 

16 features 
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Agenda 



Feature sets 
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• All  

 

• Only 
• Stylometric (100 Features)  

• Content (70 Features) 

• Social (45 Features) 

 

• Combined 
• Stylometric + content 

• Stylometric + social  

• Content + social  

 



Classifier 
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• Baseline: majority vote 
 

• K-nearest Neighbour 
• Naive Bayes 
• Rule-based learning  
 Mixed Fuzzy Rule Formation 
• Decision tree (C4.5) 
• Neural Network (MLP) 
• Support Vector Machine  
 LibSVM, linear Kernel  



• Task  
 

• Data 
 

• Feature extraction 
 

• Genre classification  
 

• Evaluation 
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Accuracy (Labeled, 132) 
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MV kNN NB Rule Tree pTree NN SVM 

All 

0.58 

0.64 0.70 0.51 0.65 0.65 0.70 0.73 

Stylo 0.64 0.64 0.54 0.61 0.60 0.64 0.69 

Content 0.67 0.69 0.49 0.67 0.69 0.69 0.81 

Social 0.58 0.61 0.42 0.52 0.56 0.59 0.59 

Stylo+ 
Content 

0.67 0.69 0.50 0.67 0.65 0.71 0.74 

Stylo+ 
Social 

0.64 0.63 0.48 0.61 0.60 0.64 0.71 

Content
+ Social 

0.57 0.69 0.52 0.65 0.67 0.69 0.78 



Results 

• Accuracy of over 80% 

 

• Contrary to assumptions in literary studies, 
content features instead of number of 
characters works best 

 

• Stylometric and social features perform worst 
in this setting 
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Further goals 

• Optimize parameters of classifiers & features 

 

• Further investigate social features 

 

• Develop new topic models which integrate genre  

 

• Collect more labeled data 
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Thanks for your attention 
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