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Imagine you are an oncology researcher
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Your task: Find new clinically proven treatments in 
literature for a clinician



4

Read papers that are relevant to the topic



Size of Biomedical Literature 
is growing

Year



Problem
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• Literature search for biomedical researcher is 
becoming more complex 

• Reasons: 

• Size of Biomedical Literature is growing 
exponentially 

• Biomedical domain is becoming more 
multidisciplinary

Manual literature search is not possible



Agenda
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๏ Ansatz DKG

• Template Filling 

• My Approach 

• Hands-On Session 

• Future Work



DKG
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• Deutsche KrebsGesellschaft e. V. 

• Non-profit organization 

• Section B: medical experts and non-academic 
professionals active in research, treatment and 
control of cancer 

• Consult clinicians regarding cancer treatments



Approach
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Researcher  
@ DKG

ID 123

Chapter colon cancer

Type RCT

Intervention Surgery

Study Count 140

ID 124

Chapter Colon Cancer

Type RCT

Intervention Laser Therapy

Study Count 100

Researcher  
@ DKG

Read Abstract

Fill
 Slot

s Read

Read

Create

Paper Form

Form

Summary



Form



Positive Aspects
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• Relevant information is extracted 

• Not the whole paper is read

ID

Chapter

Type

Intervention

Study Count

• Unstructured Text is structured 

• Table can be inserted into Database

Abstract

Form



DEMO



Negative Aspects



Long Templates
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Language Problems
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• Problems are also generated by human factors: 

• different languages  

• e.g. English text has to be translated into German 

• synonyms 

• e.g. pegylated liposomal doxorubicin vs. PLD

• conflicts 

• e.g. two distinct nouns are possible slot fillers



Time & Error Rate
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• Time-consuming: up to 30 minutes for one paper 

• Very tedious and error-prone approach



Let’s automate it



Agenda
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• Ansatz DKG 

๏ Template Filling

• My Approach 

• Hands-On Session 

• Future Work



Recap: Writing an abstract
• Six steps to write a good abstract: 

1. Motivation: Why do we care about the problem 
and results? 

2. Problem Statement: What problem are you 
trying to solve? 

… 

• Every abstract has these patterns



Definition
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• Abstracts of papers contain common and 
stereotypical structure called script

• A script is represented by a template

• A template consists of a fixed set of slots

• A Slot is filled with slot-fillers belonging to particular 
classes according to a slot-filling rule

• A slot-filling rule serves as an extraction guideline



Template Filling
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Filling slots in predefined templates



Template & Slots
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• Design of template can either be manual or 
automatic 

• Populated Templates can also be provided 

Study Count: 110 
Treatment: Laser Therapy 
Type: RCT

Study Count: 110 
Treatment: Laser Therapy 
Type: RCT 
Results: [ResultTemplate]

vs.

Flat template Object-oriented template



Slot-filling Rules:  
Finite-state Cascade
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• Each transducer is a finite-state automata which extracts a 
specific type of information 

• Transducers can contain hand-written regular expressions 
or grammar rules 

• Used to fill object-oriented templates

Pipeline of Transducers



Agenda
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• Ansatz DKG 

• Template Filling 

๏ My Approach

• Hands-On Session 

• Future Work



Input
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Abstracts Templates



Input
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Template Slots (1)
ID Internal ID + First Author’s Last 

Name + Year

Chapter Diseases, Cancer-Types

Mapping Internal

Type Study Type

Intervention Risk Factors, Prevention, 
Medications, Therapies 

Comparison Intervention For comparison

Study Count Start and Completion Numbers

Results Results



Template Slots (2)

• Unstructured format 

• Slot contains another template



Template Slots (3)
• After Deletion of Mapping & Results columns

ID Internal ID + First Author’s Last 
Name + Year

Chapter Diseases, Cancer-Types

Type Study Type

Intervention Risk Factors, Prevention, 
Medications, Therapies 

Comparison Intervention For comparison

Study Count Start and Completion Numbers



Fill Rules (1)
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• Searched for existing tools in the biomedical domain 

• Found systems in papers:  

• are not available 

• do not offer public access 

• are highly specialized for one template or subdomain

Customized Approach



Fill Rules (2)
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• Finite-State Cascade Approach

• One Classifier per Slot

• Reuse existing NLP Tools



Workflow
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Slot Filling: Study Count
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“110 patients were randomly assigned.”

“Hundred and forty women […] received 6 courses of 
PLD 40 mg/m2 and carboplatin (AUC 6) every 28 
days”

Candidate Sentences
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Problem: Numbers are in different format

“One hundred and ten patients were randomly 
assigned.”

“140 women […] received 6 courses of PLD 40 mg/m2 
and carboplatin (AUC 6) every 28 days”

Normalization (1)



Normalization (2)
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1. Convert word numbers to numeric numbers 
• Use regular expressions for substitutions

“110 patients were randomly assigned.”

“140 women […] received 6 courses of PLD 40 mg/m2 
and carboplatin (AUC 6) every 28 days”

Study Count :=  Number



37

Problem: Numbers are not efficient to detect 
study count

“110 patients were randomly assigned.”

“140 women […] received 6 courses of PLD 40 mg/m2 
and carboplatin (AUC 6) every 28 days”

Named Entity Recognition 
(NER) (1)

Look at type of entity using NER



Named Entity Recognition 
(NER) (2)
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2. Identify Named Entities 
• Identify and classify nouns  
• Resolve synonyms, normalizes entities 
• e.g. done by looking for presence in a 

named entity list 
• Usage of tools PubTator and BioPortal



NER: PubTator (1)
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• Among other functionality pre-annotates Bio-
Entities in PubMed articles 

• Nightly updates of annotations using state-of-the-
art text-mining tools  

• Provides species entity type among others 

• Accessible via web or REST API



NER: PubTator (2)
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• Uses SR4GN tool for identifying species 

• Comparably good accuracy of 85.42% 

• Uses dictionary look up 

• 4 dictionaries:  NCBI Taxonomy, etc. 

• Handles synonyms using regular expressions 

• Maps them to NCBI Taxonomy IDs



NER: PubTator (3)
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“110 patients were randomly assigned.”

“140 women […] received 6 courses of PLD              
40 mg/m2 and carboplatin (AUC 6) every 28 days”

Study Count :=  Number + Entity of NCBI Concept 9606



NER: PubTator (4)

42

Problem: What if trial group are men?

It still works, as 9606 is the superclass Homo Sapiens

Problem: Does PubTator match every needed 
entity type?

No, e.g. treatments are not matched 

Use a more general NER tool



NER: BioPortal (1)
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• Annotates Bio-Entities in texts using many different  
ontologies 

• Matches words in the text to terms in ontologies by 
doing an exact string comparison  

• Possible to provide UMLS Semantic Type 

• Accessible via web or REST API



NER: BioPortal (2)
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Class Ontology Type Matched Class

Patients MESH direct Patients

Persons MESH ancestor Patients

Women MESH direct Women

Persons MESH ancestor Women

Study Count :=  Number + Entity of MESH Type Persons

• Select MESH ontology



Semantic Role Labelling  
(SRL) (1)
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Problem: Role of the entities is unknown

“110 patients were randomly assigned. 96 patients 
completed 1 year follow-up.”
“140 women […] received 6 courses of PLD 40 mg/m2 
and carboplatin (AUC 6) every 28 days.”

Use SRL to identify role of the entity



Semantic Role Labelling  
(SRL) (2)
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3. Identify Semantic Roles of Entities 
• Identify relationships between entity 
• Classify role of entity in relationship 
• Usage of tools BioSmile



SRL: BioSmile (1)
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• BioSmile uses BioProp to annotate roles to 
biomedical entities in texts 

• F-Score of 87%

• BioProp contains list of biomedical predicate-
argument relations 

Doctor eliminates tumor
Arg0 Arg1



SRL: BioSmile (2)
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• BioSmile does not detect any roles, due to 
small size of BioProp

“110 patients were randomly assigned.”

“140 women […] received 6 courses of PLD 40 mg/m2 
and carboplatin (AUC 6) every 28 days”

Use more general proposition bank



SRL: PropBank + NLTK (1)
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• PropBank contains basic semantic 
propositions gathered from news articles 

• NLP Library NLTK contains PropBank corpus 
with examples 

• Train supervised model to identify roles



SRL: PropBank + NLTK (2)
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“140 women received 6 courses of PLD 40 mg/m2 
and carboplatin (AUC 6) every 28 days”

receiver
“110 patients were randomly assigned.”

thing assigned

Study Count :=  Number +
 Entity of Type Persons +
Role thing assigned | receiver

Verb Receive Verb Assign



Classifier
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• Executes rules to extract candidates for slots 
• Resolves conflicts using a learned model 
• Outputs slot values



Shortcomings
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• Latest papers are not annotated 

• Contains only five entity classes

• BioProp contains few predicates

• No biomedical semantic 

• Model has to be created to learn 
annotation

• Performance depends on ontology



Hands-On Session



What are your results?



Preliminary Results
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• ID: good accuracy, as easy to extract 

• Chapter: good accuracy, use title as indicator 

• Type: good accuracy, look for key words  

• Intervention, Comparison: ok accuracy, lots of 
candidates 

• Study Count: ok accuracy, many different 
candidates



Future Work
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• Look deeper into possible automation of filling rules 

• Iterate over slot rules  

• Train NLTK SRL model 

• More data



Research Future Work
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• More publicly available tools 

• Integrate Multiple Documents 

• Self-learned templates vs manually-crafted 
templates



Questions?


