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OutlineOutline

• Project description and purposes
– Corpus Data 
– Annotation levels

• Experiment: Automatic Text Segment
Classification

• Conclusions and Prospects
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Project DescriptionProject Description:: SemDocSemDoc

• SemDoc wants to describe the semantic 
structure of text types

• Example domain is `scientific article´ with a
restriction to linguistics and psychology

• Overall goal is the design of an empirically 
based text type ontology
– information retrieval and extraction
– automatic text summarization
– automatic annotation for the semantic web
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What are research questions 
concerning stress in managers?

How high are response rates in
student questionnaire studies?What did Author X

hypothesize?
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MethodsMethods

• Corpus compilation of scientific articles

• Annotation of text type specific knowledge on 
different levels

• Experiment on automatic annotation of text
type structure information
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CorpusCorpus CompilationCompilation

• Compilation of a corpus of scientific articles
– Linguistics: 47 German articles
– Psychology: 60 English articles

• Sources:
– Linguistic articles: „Linguistik Online“
– Psychological articles: 3 articles per journal  

(ISI-Ranking)
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Corpus AnnotationCorpus Annotation
• XML Annotation of text type specific 

information on different levels
1. Thematic information
2. Structural information
3. Morphological and syntactic information
4. [Rhetorical information]

• Annotation format is XML
• Annotations are done 

- Manually: thematic and structural level
- Automatically: syntactic level
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1.1. ThematicThematic Annotation LevelAnnotation Level

• Thematic annotations describe what a text
segment „is about“

topic =“hypothesis“

topic =“results“

• 21 such topics are provided in a hierarchically 
ordered schema
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ThematicalThematical Text Type SchemaText Type Schema
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Thematic RepresentationThematic Representation

<xs:element name=„problem">
<xs:complexType>

<xs:sequence>
<xs:element name="background"

minOccurs="0">
<xs:complexType>

<xs:sequence>
<xs:element name="othersWork"

type="xs:string"
minOccurs="0"/>

<xs:element name="background_R"
type="xs:string"
minOccurs="0"/>

</xs:sequence>
</xs:complexType>

</xs:element>
...
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g4
ThematicThematic LevelLevel

<segment id="s196" parent="g4" topic="results">In den Texten ist sehr oft 
nicht klar, ob ein Maskulinum nur auf Männer oder auch auf Frauen 
referiert. 

</segment>
<segment id="s197" parent="g4" topic="interpretation">Wichtige Fragen, die 

die LeserInnen an den Text haben, bleiben somit unbeantwortet. Die Politik 
wird durch den fast durchgehenden Gebrauch des generischen 
Maskulinums als "Männersache" dargestellt, Frauen werden, auch wenn 
sie vorhanden sind, selten sichtbar gemacht. [...]

</segment>
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2.2. StructuralStructural Annotation LevelAnnotation Level

• ‚Light‘-version of DocBook with 
– 45 DocBook-elements 
– 13 new logical elements, e.g. tablefootnote, toc,

numexample

• Additional POSINFO attributes denote the 
position of an element

POSINFO1="/article[1]/sect1[4]/sect2[4]/para[3]
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StructuralStructural AnnotationAnnotation
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3.3. SyntacticSyntactic AnnotationAnnotation

• Automatic annotation using Machinese
Syntax (Connexor Oy)

• Morphological, surface syntactic, and
functional tags for word forms
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SyntacticSyntactic Annotation TagsAnnotation Tags
Selection of 15 tags
(CNX-15)
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THMCNXTHMCNX--LayerLayer
• Integration of syntactic (CNX) and thematic

(THM) levels

<segment id="s14" parent="g2" topic="researchTopic">
<token id="w405">

<text>Das</text>
<lemma>das</lemma>
<depend head="w406">det</depend>

<tags>
<syntax>@PREMOD</syntax> 
<morpho>DET Def NEU SG NOM</morpho>

</tags>
</token> 

...
</segment>
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Automatic Text SegmentAutomatic Text Segment
ClassificationClassification ExperimentExperiment
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PurposePurpose

Evaluation of the feasibility of an automatic
annotation with respect to the thematic level:

1. Are thematic structures learnable using only 
general, domain-independent methods?

2. Which kind of information has impact on the 
classification accuracy?

3. Which kind of classifier performs best on this task?
4. Are there particular topic types which are easier to

detect than others?
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MethodsMethods

• Corpus: 47 German linguistic articles
• Classification task: 

– Domain-independent classification and
preprocessing methods

• Very specific topic that do not concern whole 
documents, but (small) text passages
– Units, i.e. segments can contain sentences, or 

clauses
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ClassificationClassification FeaturesFeatures

• Inflected word forms (from raw text)
• Stems (lemma annotation in CNX-layer)
• Part-of-speech patterns (pos annotation in 

CNX-layer)
• Head-lemma (cmp-head annotation in CNX-

layer)
• Combinations of these features
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VectorVector RepresentationRepresentation

• Text segments are represented as vectors
containing component such as pos tags,
inflected words

• Feature vectors were directly generated from 
the THMCNX-layer

• Implementation was done 
– Without weighting of features, e.g. TF*IDF
– Without stop lists and frequency filtering
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Classification AlgorithmsClassification Algorithms

• K-nearest-neighbor (KNN) Classification 
using Jensen-Shannon divergence (iRad) as 
similarity metric
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BigramBigram ModelModel

• Description of the probability of a topic Tn+1

given its predecessor topic Tn

• For a sequence of segments a total score for 
each topic T is calculated according to the 
bigram probability and the KNN classifier 
score.
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Training and EvaluationTraining and Evaluation

• For each test document the bigram model
and the classifier were trained with all other 
documents, i.e. 46 training texts or 7330 test
segments

• A simplified Roccio classifier was used as a
standard of comparision
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Training and EvaluationTraining and Evaluation

• Classification tests with different
combinations of
– data representation
– classification algorithm, and
– classifier parameter setting

• For each topic type precision and recall were 
calculated
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ResultsResults

• Accuracy of the best configuration is close to 
50% (baseline 22%)

• KNN is significantly better than the simplified 
Roccio algorithm

• The bigram model improves accuracy in most 
configurations

• Variance of classification accuracy across 
topics is very high
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RecallRecall andand PrecisionPrecision [1][1]
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RecallRecall andand PrecisionPrecision [2][2]
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DiscussionDiscussion
• Automatic thematic annotation of small text

units is possible, but accuracy differs 
dramatically for different topic types

• Some topics were underrepresented, e.g.
only 5 examples for topic experiment

• However, results are not well generalizable,
since the data basis is restricted according to
size, language, document type, and domain
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ConclusionsConclusions andand ProspectsProspects

• A multiple layer approach of semantic,
grammatical, and structural annotations of
scientific articles seems promising

• Further work is needed to improve automatic 
annotation accuracy:
– Integration of structural position information
– Using additional syntactic information
– Testing other domains and languages
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