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Natural 

Language
Structured 

Data

… is the main carrier of

 Communication between 

health professionals

 Communication between 

researchers

 Clinical documentation 

 Scientific publication

 Dissemination of 

authorititative medical 

knowledge for 

professionals and 

consumers
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Structured 

Data

…required for

 Disease reporting

 Patient grouping for

Billing, Controlling

 Clinical Trials

 Health Statistics

 Registries,  Databases

 Document Indexing 

and Retrieval
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Epidemiology (Morbidity, Mortality)
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Billing, Controlling
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DRGs
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Cancer Registries
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TI  - CT appearance of primary CNS lymphoma in patients with acquired immunodeficiency syndrome.

PG  - 39-44

AB  - Cranial CT studies of 32 patients with biopsy-proven AIDS-related primary CNS lymphoma were reviewed 
retrospectively. A wide variety of different CT appearances were identified. Mass lesions varied in location, size, and 
number. Most lesions were either iso- or hyperdense and all enhanced with  contrast medium. Several different 
patterns of enhancement were observed. Mass effect and edema were seen in almost all patients. After radiotherapy, 
most tumors decreased in diameter, became hypodense, and no longer enhanced with contrast medium. Edema and 
mass effect decreased or  resolved in all but one patient. Postradiotherapy CT scans also revealed interval 
enlargement of the ventricles and cortical sulci. This study  demonstrates the wide diversity of CT appearances of 
AIDS-related primary  CNS lymphoma. The CT findings cannot be used in lieu of biopsy for diagnosis of this disorder. 
The appearance of postradiotherapy CT scans was consistent with regressing lymphoma. 

TA  - J Comput Assist Tomogr

MH  - Acquired Immunodeficiency Syndrome/*complications

MH  - Adolescent

MH  - Adult

MH  - Aged

MH  - Brain Neoplasms/etiology/*radiography/radiotherapy

MH  - Child

MH  - Child, Preschool

MH  - Female

MH  - Human

MH  - Lymphoma/etiology/*radiography/radiotherapy

MH  - Male

MH  - Middle Aged

MH  - Retrospective Studies

MH  - *Tomography, X-Ray Computed

EDAT- 1991/01/01

MHDA- 1991/01/01 00:01

PST - ppublish

SO  - J Comput Assist Tomogr 1991 Jan-Feb;15(1):39-44.

Literature Indexing
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Structured 

Data

…based on Clinical

Terminologies, 

Classifictions, e.g.

 ICD

 Procedure Codes

 SNOMED

 MeSH

 etc., etc.
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Natural 

Language

Doctors‘ attitude towards

producing...

quality

cost-
+

Structured 

Data
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your bill is correct, Sir… well, the operation 

lasted only ten minutes, but then our doctor 

took two hours encoding the procedure in our 

new system…
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Structured 

Data

Attitude of Health Administrators

towards analyzing...

quality

cost

Natural 

Language

+
-

-
+
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how to bridge this gap...?

Structured 

Data

Natural 

Language

clinical
narratives,

clinical 
terminologies
and 
classifications
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 Introduction

 Requirements and Challenges

 Applications of Content Technologies

 Text Retrieval

 Text Summarization

 Information Extraction

 Where are we now? 

 Where are we going to ? Hot Topics.

Natural Language Processing, 

Linguistics and Terminology
… content technologies at the point of care
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Medical Content Management (I)

Find me relevant documents on this 

topic!

Find me relevant facts about this issue!

Find me the right classification code !

Find me scientific papers which help 

treat this patient!

I need more information on my health 

problem
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Medical Content Management (II)

I want to match genomic with patient 

information

I need to search foreign-language 

documents 

I want to search my health record

The data is in the system, but I need 

to fill out a form 

Can a have a brief summary of 

all these documents?
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Two sides of the same coin

Natural 

Language

Conceptual 

Knowledge
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NLP Specification Levels  
 Structure of Language

 Morphology: end + ed, infect + ion, infect + ion + s

 Syntax: A severe infection ended the pregnancy  vs.

Did a severe infection end the pregnancy? vs.

The pregnancy infection severe a ended

 Meaning of Language

 Semantics: A severe infection ended the pregnancy  vs.

An abortion ended the pregnancy vs.

An abortion ended the heart attack

 Understanding: A severe infection ended the 

pregnancy in the 28th week. The baby, 

however, survived.
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Ideal NLP Architecture

Lexicon Grammar
Semantic
Rule Base

Domain
Ontology

end + edPastTense

ended

infection pregnancy

a severe the

Ending

Pregnancy

Infection

severe

E-patient

E-agent

I-degree

P-patient

IF  ... Pregnancy & inf.
THEN ... mortal danger

* The baby survived

Mother

Baby

Pregnancy

P-co-patient

Morphological
Processor

Syntactic
Processor

Semantic
Interpreter

Inference
Engine
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Challenges in Medical NLP

Natural 

Language

Conceptual 

Knowledge



© Stefan Schulz  stschulz@uni-freiburg.de

Language (1)

 Greek, Latin word stems, Latin inflections
thyreoglobulin, basofilia, Synechococcus elongatus

 High lexical productivity  

 Compounding
Knochenmarktransplantation, bedrijfstandheelkunde, 

hipobetalipoproteinemia

 Eponyms
Parkinsonian disease, adenosarcoma mulleriano

 Acronyms, Neologisms
ECG, AIDS, ARDS, 5-FU, HWI, psbAI, GGDEF, WDWN
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Language (II)

 Extragrammaticality:
missing conceptualizations, not covered by the 

language description system
paciente aidetico (adjective derivated from acronym [AIDS])

 Paragrammaticality:
specialized meanings, jargon, short-hand utterances
Kein Anhalt für Malignität. (incomplete sentence)

 Agrammaticality: 
erroneous input 
dictation, typing errors

 Language Mismatch:

Physicians’ vs. lay expressions



© Stefan Schulz  stschulz@uni-freiburg.de

Challenges in Medical NLP

Natural 

Language

Conceptual 

Knowledge
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Ontology (I)

 Proliferation of Biomedical Vocabularies:

 Unified Medical Language System: 975,354 
concepts, 2.4 million terms  

 Open Biological Ontologies: 
41 open-source ontologies

 Big Business: ‘SNOMED CT : $32.4 million 
contract with the U.S. National Library of 
Medicine (NLM)

 Vocabularies are designed for specific 
purposes
(reporting, billing, indexing,...) 



© Stefan Schulz  stschulz@uni-freiburg.de

Ontology (II)

 Vocabularies are designed for human, not for 

machine use

 Computing about conceptual structures 

requires formally founded ontologies 

 Difficulties with formal ontologies

 Concept and relation definitions need do be 

precise and generally accepted

 Large-Scale Construction, maintenance and 

validation are cost-intensive
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… content technologies at the point of care
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Document Retrieval
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Document Retrieval: 

Basic Approach

 A Document Collection 
D = {d1, d2, ..., dn}

 A query q

 Two Methods:
 „Filter“ Split D into two sets Drelq and Dnrelq

(Drelq    = Set of relevant documents for  q) 
(Dnrelq  = Set nonrelevant documents for q)

„Order“ = Order by relevance:
D = [d‘1, d‘2, ..., d‘n]
with rel (d‘i)  rel (d‘i+1)

Combinations are possible
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Search
Results

Document Collection

Query ?

Document Retrieval

Documents classified
as relevant
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Document Retrieval: Basic 

Approach

 A Document Collection 
D = {d1, d2, ..., dn}

 A query q

 Two Methods:
 „Filter“ Split D into two sets Drelq and Dnrelq

(Drelq    = Set of relevant documents for  q) 
(Dnrelq  = Set nonrelevant documents for q)

 „Order“ = Order by relevance:
D = [d‘1, d‘2, ..., d‘n]
with rel (d‘i)  rel (d‘i+1)

 Combinations are possible
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Search
Results:
Ordered
by 
Relevance

Document Collection

Query ?

Document Retrieval
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Search
Results

Document Collection

Query ?

Syntactic / Semantic Preprocessing for  

Document Retrieval

Stopword Elimination
Stemming
Synonym Matching
Disambiguation
(Translation)
Acronym expansion
…
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document 01 
document 02
document 03
document 04 
document 05
document 06 
document 07
document 08
document 09
document 10
document 11
document 12 
document 13
document 14 
document 15
document 16
document 17
document 18 
document 19
document 20
document 21
document 22
document 23
document 24
document 25

Evaluation of Text Retrieval Systems

 Parameters

documentsfound

cumentsrelevantDofound

n

n
precision

_




documentsrelevant

documentsrelevantfound

n

n
recall

_

_


document 05
document 16
document 21
document 22
document 02
document 25
document 20
document 10
document 07
document 18
document 04 
document 12
document 11
document 24
document 15
document 09 
document 17
document 08
document 19
document 13 
document 03
document 14
document 23
document 01
document 06

precision =   67%   

recall =   25%  

Query X

 Precision/Recall-Diagrams 

with ranked output
Example: 25 documents, 8 relevant



© Stefan Schulz  stschulz@uni-freiburg.de

document 01 
document 02
document 03
document 04 
document 05
document 06 
document 07
document 08
document 09
document 10
document 11
document 12 
document 13
document 14 
document 15
document 16
document 17
document 18 
document 19
document 20
document 21
document 22
document 23
document 24
document 25

document 05
document 16
document 21
document 22
document 02
document 25
document 20
document 10
document 07
document 18
document 04 
document 12
document 11
document 24
document 15
document 09 
document 17
document 08
document 19
document 13 
document 03
document 14
document 23
document 01
document 06

precision =   60%   

recall =   38%  

Query X

 Precision/Recall-Diagrams 

with ranked output
Example: 25 documents, 8 relevant
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document 01 
document 02
document 03
document 04 
document 05
document 06 
document 07
document 08
document 09
document 10
document 11
document 12 
document 13
document 14 
document 15
document 16
document 17
document 18 
document 19
document 20
document 21
document 22
document 23
document 24
document 25

document 05
document 16
document 21
document 22
document 02
document 25
document 20
document 10
document 07
document 18
document 04 
document 12
document 11
document 24
document 15
document 09 
document 17
document 08
document 19
document 13 
document 03
document 14
document 23
document 01
document 06

precision =   57%   

recall =   50%  

Query X

 Precision/Recall-Diagrams 

with ranked output
Example: 25 documents, 8 relevant
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document 01 
document 02
document 03
document 04 
document 05
document 06 
document 07
document 08
document 09
document 10
document 11
document 12 
document 13
document 14 
document 15
document 16
document 17
document 18 
document 19
document 20
document 21
document 22
document 23
document 24
document 25

document 05
document 16
document 21
document 22
document 02
document 25
document 20
document 10
document 07
document 18
document 04 
document 12
document 11
document 24
document 15
document 09 
document 17
document 08
document 19
document 13 
document 03
document 14
document 23
document 01
document 06

precision =   55%   

recall =   63%  

Query X

 Precision/Recall-Diagrams 

with ranked output
Example: 25 documents, 8 relevant
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document 01 
document 02
document 03
document 04 
document 05
document 06 
document 07
document 08
document 09
document 10
document 11
document 12 
document 13
document 14 
document 15
document 16
document 17
document 18 
document 19
document 20
document 21
document 22
document 23
document 24
document 25

document 05
document 16
document 21
document 22
document 02
document 25
document 20
document 10
document 07
document 18
document 04 
document 12
document 11
document 24
document 15
document 09 
document 17
document 08
document 19
document 13 
document 03
document 14
document 23
document 01
document 06

precision =   54%   

recall =   75%  

Query X

 Precision/Recall-Diagrams 

with ranked output
Example: 25 documents, 8 relevant
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Aspects of Medical Document 

Retrieval

 General Observation: Users don’t like 
operators (Boolean, truncation) in the query

 Two kinds of documents of interest:

 Manually indexed (MEDLINE, MeSH)

 Non indexed (EHR, Web,…)

 Automatic indexing: extracting relevant terms 
(topic descriptors from an indexing Alphabet, 
e.g. MeSH) from a document

 Retrieval in Medical Vocabularies (disease, 
procedure encoding)

 Cross-Language Document Retrieval
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Example

 MorphoSaurus:

 extracts meaningful word fragments using a 

subword lexicon

 maps them intra- and interlingual synonymy 

classes (subword thesaurus)
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MorphoSaurus: Evaluation

Hahn, Schulz et al., RIAO 2004
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 Requirements and Challenges
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 Text Retrieval

 Text Summarization

 Information Extraction

 Where are we now? 

 Where are we going to ? Hot Topics.

Natural Language Processing, 

Linguistics and Terminology
… content technologies at the point of care
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Text Summarization

10%
reduction

25%
reduction

Extract

Extract

NLP

system
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MTT Text Summarization System



© Stefan Schulz  stschulz@uni-freiburg.de

 Compiling a well-readable and structured 
digest of the most relevant data of a 
patient at the point of care

 Semi-automated generation of discharge 
summaries 

 Compiling summaries of a clinical topic 
across different patients

 Summarize facts from medical literature

Perspectives in Biomedical 

Text Summarization
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Facts,
Info Template

Who

When

Why

. . .

What

Where

Information Extraction
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Facts,
Info Template

Who

When

Why

. . .

What

Where

Information Extraction

NLP

system
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Syntactic Analysis &
Semantic Tagging

He succeeds Jack Harper, a company
founder who was chairman ...

SUBJ: Terms: He; 

Classes: <Generic Person>
VERB: Terms: succeeds;

Root: succeed;
Mode: active, affirmative

OBJ: Terms: Jack Harper, a c. f.
Classes: <Person Name>,
<Generic Org.>, <Generic P.>

REL-OBJ: Terms: who was chairman
Classes: <Event>

Extraction Rule

CONCEPT TYPE: Succession Event

Information Extraction
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Ideal NLP Architecture

Lexicon Grammar
Semantic
Rule Base

Domain
Ontology

end + edPastTense

ended

infection pregnancy

a severe the

Ending

Pregnancy

Infection

severe

E-patient

E-agent

I-degree

P-patient

IF  ... Pregnancy & inf.
THEN ... mortal danger

* The baby survived

Mother

Baby

Pregnancy

P-co-patient

Morphological
Processor

Syntactic
Processor

Semantic
Interpreter

Inference
Engine
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Syntactic Analysis &
Semantic Tagging

He succeeds Jack Harper, a company
founder who was chairman ...

SUBJ: Terms: He; 

Classes: <Generic Person>
VERB: Terms: succeeds;

Root: succeed;
Mode: active, affirmative

OBJ: Terms: Jack Harper, a c. f.
Classes: <Person Name>,
<Generic Org.>, <Generic P.>

REL-OBJ: Terms: who was chairman
Classes: <Event>

Extraction Rule

CONCEPT TYPE: Succession Event
CONSTRAINTS:  

SUBJ: (extract: Person In)
Classes: <Generic Person> 

VERB: Root: succeed;
Mode: active

OBJ: (extract: Person Out)
Classes: <Person Name>

Extracted Template

[Succession Event
[ Person In: He] 
[ Person Out: Jack Harper,

a company founder ]]

Information Extraction
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Two Approaches to Building

Information Extraction Systems
 Classical Knowledge Engineering

 grammars are hand-crafted

 domain patterns are discovered by a human expert through 

introspection or inspection of a corpus

 laborious tuning and “hill climbing” for maintenance/updates

 Automatically Trainable Systems
 use statistical methods when possible (need training data!)

 learn rules from annotated corpora (e.g. FRAMED)

 learn rules from interaction with the user(s)

 easy maintainability, extensibility and adaptivity
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 In Basic Research (Molecular Biology) Information 

Extraction from Literature, e.g. Medline-Abstracts 

(e.g. facts about Protein-Protein Interaction)

 Information Extraction from narratives in the 

Electronic Health Records to meet various needs for 

structured documentation, e.g. tumor documentation

 Managing metadata by extracting semantic tags for 

XML markup of medical text (e.g. using CDA)

Perspectives in Biomedical 

Information Extraction
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Example: Cancer Documentation

EHR
shadow was pointed out on a routine chest X-ray film, but she had no further examination. 
Physical examination on admission revealed purpura of the upper and lower extremities, 
swelling of the gums and tonsils, but no symptoms showing the complication of myasthenia 
gravis. Hematological tests revealed leucocytosis: WBC count 68 700/µl (blasts 11.5%, 
myelocytes 0.5%, bands 2.0%, segments 16.0%, monocytes 65.5%, lymphocytes 4.0%, 
atypical lymphocytes 0.5%), Hb 7.1 g/dl (reticulocytes 12%) and a platelet count of 9.1 ×
104/µl. Further laboratory examination revealed elevated serum lactic dehydrogenase (589 
U/l), vitamin B12 (2010 pg/ml) and ferritin (650. 0 ng/ml). Human chorionic gonadotropin 
and [alpha]-fetoprotein levels were normal. A bone marrow aspiration revealed 
hypercelllar bone marrow with a decreased number of erythroblasts and megakaryocytes 
and an increased number of monoblasts that were positive for staining by [alpha]-naphthyl 
butyrate esterase and negative for staining by naphthol ASD chloroacetate esterase. Chest 
X-ray upon admission revealed a mediastinal mass and an elevated left diaphragm . 
Computed tomography (CT) of the chest showed a left anterior mediastinal mass . Based on 
these findings, the patient was diagnosed with a mediastinal tumor accompanied by AMoL. 
First, in June 1991, the patient was treated with DCMP therapy: daunorubicin (DNR) (25 
mg/m2, days 1, 2, 3, 4, 6 and 8), cytosine arabinoside (Ara-C) (100 mg/m2, days 1-9), 6MP-
riboside (6-MP) (70 mg/m2, days 1-9) and prednisolone (PSL) (20 mg/m2, days 1-9), followed 
by five courses of consolidation chemotherapy [1, DCMP; 2, ID-Ara-C:adriacin (ADR), 
vincristine (VCR), Ara-C, PSL; 3, DCMP; 4, ID-Ara-C; 5, A-triple V: Ara-C, VP-16, VCR, 
vinblastine (VBL)]. After induction chemotherapy, a hematological examination and bone 
marrow findings had improved to normal, and complete remission was attained. Chest CT 
scan after chemotherapy in November 1991 revealed regression of the mediastinal tumor . 
An invasive thymic tumor was suspected and surgery was undertaken in January 1992. The 
tumor (50 × 45 × 45 mm), located mainly in the anterior mediastinum, was strongly adhered 
to the adjacent tissues. Resection of the tumor included the left upper lobe of the lung, the 
phrenic nerve and pericardium. The histological finding was that the tumor cells have large, 
vesicular nuclei and prominent nucleoli, but keratinazation was unclear . The results of 
immunohistochemical finding of anti-TdT was negative. From these findings, we diagnosed 
poorly or moderately differentiated squamous cell carcinoma of the thymus. The 
postoperative course was uneventful. The patient underwent radiation therapy of the 
mediastinum and left hilum at doses of 4000 cGy delivered over 4 weeks. She was 
discharged in March 1992. After the first AMoL remission, the patient suffered a relapse six 

Cancer Registry Template

Date of 
Initial DX

Grade

Morphology

Primary
Site

Stage

Date of Initial
Treatment

Chemotherapy

Radiation
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Other NLP Techniques

 Text mining: 
discovery by computer of new, previously unknown 
information, by automatically extracting information from text

 Question answering: 
finding answers from a vast amount of underlying text

 Machine Translation: 
translate text from one natural language into another

 Natural Language Generation
generating text from an abstract semantic representation, 
e.g. multilingual generation of patient information

 Speech technologies
processing spoken language
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 Vector Space Model (document retrieval)

 Finite State Automata (information extraction)

 N-gram data (bigrams, trigrams)

 Morphological tools (stemmers)

 Text segmenters (coherent portions of a larger text)

 POS (part-of-speech) taggers

 Enormous amounts of corpora

 Enormous amounts of resources (lexicons, 
grammars, ontologies)

 Emergence of uniform evaluation standards

NLP Methodologies and Sources
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Paradigm Shift in Computational 

Linguistics

Rationalism Empiricism
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Grand Challenges for Content 

Technologies I

 Ambiguity of Language
 lexical ambiguity (polysemy, homonymy)

 [biological] cell vs. cell [in a monastery, prison]

 syntactic ambiguity (e.g., prepositional 
phrase attachment) 
 extraction [of the transplant [with a scalpel] ]
 [extraction] {of the transplant} [with a scalpel]

 semantic ambiguity (e.g., quantifier scope)
 each sample showed an increased Ph value

 specific reading: each sample showed exactly one increased 
PH

 unspecific reading: each sample showed some increased PH

Large ambiguity rates lead to excessive demands for 

computational resources (i.e, intractability)!
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 Computational Complexity
 worst case complexity for grammars

 finite state automata / linear grammars O(n)

 pushdown automata / context-free grammars O(n3)

 unification grammars, dependency grammars
NP-complete

 decidability of logics
 propositional logic, monadic first-order predicate logic 

decidable

 first-order predicate logic
semi-decidable

 nth-order predicate logic (n > 1), modal logics
undecidable

Grand Challenges for Content 

Technologies II
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 Dynamics of Real-world Language 
 Morphological productivity

 {cherry/rice-corn/...}-sized biopsy material

 plasmacellular infiltration  

 Neologisms, abbreviations
high ambiguity, e.g.
 LCA = leukocyte common antigen

LCA = left coronary artery
LCA = lymphocyte common antigen.

 Erroneous and underspecified input 
requires robust devices

Grand Challenges for Content 

Technologies III
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Language engineering

 (Generalized) Quantification
 most of the samples

 two from eight samples contained ...

 Negation (ako Quantification)
 no evidence for X

 can be excluded from further consideration

 Certainty, Strength or Severity Assessments
 without significant findings

 is strongly infiltrated

 Temporal Expressions
 in the first two weeks

 First, take X, then do Y (guidelines)

 Coordination
 invasive and metastatic, highly differentiated carcinoma

Special Challenges for Medical 

Content Technologies (I)
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Knowledge Engineering

 Cross-mapping and unification of heterogeneous 
terminologies (UMLS)

 Providing large terminologies as formal systems

 Use state-of-the art of ontological analysis and 
engineering

 Bridge semantic differences and reach consensus 
about precise meaning of terms

 Manage labor-intensive ontology construction and 
maintenance

 Build / Adapt inference engines (e.g. terminological 
classifiers) capable of dealing with > 105 concepts 

Special Challenges for Medical 

Content Technologies (II)
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 Introduction

 Requirements and Challenges

 Applications of Content Technologies

 Text Retrieval

 Text Summarization

 Information Extraction

 Where are we now? 

 Where are we going to ? Hot Topics.

Natural Language Processing, 

Linguistics and Terminology
… content technologies at the point of care
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 Focus on Natural Language, Terminology, 
Knowledge, Ontology:

 AMIA 2003: 48 out of 156 papers 

 eHealth Projects in the EU 6th Framework 
Program: 9 out of 16 projects

 The Semantic Web Initiative:
Controversy (is a global ontology feasible 
and desirable ?)

 Google & Co...Traditional IR assumptions 
are challenged in the context of the web 
(billions of pages...)

What’s Hot?
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What’s Hot?

 Combining multiple media (text, speech, 
graphics, sound, movies, tables, etc.) for 
summarization, question answering, etc.

 Combining multiple modalities
(spoken/written language, gestures, tactile 
and haptic movements) in a versatile user 
interface

 Crosslingual and multilingual document 
retrieval, summarization, question 
answering

 Multilingual Dictionaries
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What’s Hot?

 A new generation of formally founded biomedical 

ontologies

 The Semantic Electronic Health Record

 Named entity recognition challenged by the 

deluge of new proper names from the bio domain

 Use huge (Terabyte !) medical corpora (from all 

sources including anonymized EHR data) for the 

discovery of domain and linguistic knowledge

 Use content technologies to match genotype 

information (Bio-DBs) with phenotype information 

(EHR).
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Activities

 EU 6th Framework Program:

Network of Excellence “SemanticMining”

(Semantic Interoperability and Data Mining in 

Biomedicine): 2004 – 2006, 25 Partners

www.semanticmining.org 

 AMIA Special Interest Group KR-SIG 

“Formal (Bio)medical Knowledge Representation”, 

founded 2003

 Workshop KR-MED on 1 June in Whistler/Canada

www.coling.uni-freiburg.de/pub/kr-med
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Děkuju / Thank You

Stefan Schulz

Department of Medical Informatics

Freiburg University Hospital

http://www.imbi.uni-freiburg.de/medinf

stschulz@uni-freiburg.de
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Patient-related clinical 

documentation 

Population-related

documentation

Documentation 

of canonic knowledge

(journals, articles, 

textbooks)

Aggregation

Biomedical

Research

Generation of 

Hypotheses

Generation of 

Hypotheses

Validation of 

Hypotheses

Scientific

Evidence
Medical 

Decision

Support

Health

Decision 

Makers

Health

Statistics
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Patient-related clinical 

documentation

Population-related

documentation

Aggregation

Health Care

Financing 

Agencies

Documentation 

of  Expenses

Documentation of

Expenses

Refund of Expenses Controlling

at Hospital,

Regional,

National Level

Health

Statistics
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Forschung/Lehre

Klinikverwaltung

Behörden, Kassen,

KVen

Patienten
JustizApotheken

Pflege

Andere

Ärzte

Adressaten ärztlicher Dokumente
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Arten ärztlicher Dokumente

 Krankengeschichte

 Arztbrief

 Befunddokumentation

*und Vertreter anderer Medizinberufe

...von Ärzten für Ärzte*

• Basisdokumentation

• Spezialdokumentationen

• z.B. QS

...von Ärzten für „Verwaltung“
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Document Retrieval

Search
Results

Term Frequency
Analysis: tf-idf

Term Associations:
vector space model

(e.g., cosine measure)

Thesauri,
Dictionaries,
Terminologie

s

NP
Grammar

Partial 
Syntactic
Analysis: 

noun phrase
recognition

Morphological
Analysis: 
stemming,
deflection
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Text Summarization

10%
reduction

25%
reduction

Condensation:
Reduction to
relevant info

SUMMAC
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MTT Text Summarization System



© Stefan Schulz  stschulz@uni-freiburg.de

Text Summarization
(based on sentence extraction)

10%
reduction

25%
reduction

Term Frequency
Analysis: tf-idf

Cue Phrase
Lexicon

Location
Heuristics

Extract

Extract

Text Chunking
(Segmentation)

Thesaurus
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Information Extraction

Facts,
Info Template

Who

When

Why

. . .

What

Where

MUC
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Information Extraction

Facts,
Info Template

Who

When

Why

. . .

What

Where

Full NLP System:
morphological 

analyzer
parser (FSA)

semantic analyzer
(template filling)

Lexicon

Grammar

Templates
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Text Generation

Structured Data (Facts)

Who

When

Why

. . .

What

Where
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(Shallow) Text Generation

Structured Data (Facts)

Who

When

Why

. . .

What

Where

Template Filler
canned text

Templates
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0

200

400

600

800

1000

July Aug Sept Oct

FARC M-19 Tupac Amaru

Places mentioned 

significantly in reports on 

FARC (black) and M-19 

(white) are highlighted

Summary of activity (sig. 

frequency of mention) of 

3 terrorist groups (FARC, 

M19, Tupc.Am.) 

generated from news 

reports

Summaries are 

critical here, 

since 

succinctness is 

key and display 

space is limited. 

Foreign 

mercenaries

believed to 

have joined 

the FARC
25

20

Urgent cable 

summarized at 20% 

reduction (generic or 

query-related)

Multimedia 

Summarization
for an Electronic 

Notebook

Filters composed together to provide powerful 

information reduction, visualization, and 

analysis
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Cross- and Multilingual 

Summarization (ISI Prototype)

Indonesian hits

Summary

Machine 

Translation
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Combined Speech and Virtual 

Reality Applications
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Multimedia / Multimodal Interfaces
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 Process large volumes of texts

 Deal robustly with  ‘dirty’ real-world texts

 Meet fast throughput demands

 ‚Tricky’ solutions for really hard problems
 ad hoc heuristics

 domain- and application-specific solutions

 Evaluate how good you are

Language Engineering 

Requirements
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Token-based Indexing

abdominalchirurgischen

adenomatöse

akute

analyse

antibiotikatherapie

ausmaß

basisprojekt

blutlymphozyten

carcinoma

chirurgie

chronisch

colitis

colon

colonkarzinoms

darmerkrankungen

darmlymphozyten

daten

diagnostik

eingriffen

einschließlich

empfindlichkeit

entzündliche

epidemiologischer

Index
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Medical Terminology: 

Poor retrieval performance

Number of exclusive hits (no other form matches)

Number of Hits

Kolonkarzinom 2070 1780

Colonkarzinom

Coloncarcinom

Colon-Ca

Kolon-Ca

Dickdarmkrebs

Dickdarmkarzinom

Dickdarmcarcinom

Kolonkarzinoms

Kolonkarzinome

Kolonkarzinomen

248

111

203

66

4000

288

13

471

275

265

135

73

169

46

3610

175

10

253

139

166

Spelling Variants 

Synonyms

Inflections

Frequency of synonymous German Word forms in Google Searches
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Improving Retrieval Performance 

Using Linguistic Techniques 

 The MorphoSaurus approach:

Subwords are atomic linguistic sense units

 Morphemes: nephr, anti, thyr, scler, hepat, cardi

 Morpheme aggregates: diaphys, ascorb, anabol, 

diagnost

 Words: amyloid, bone, fever, liver

 (noun groups: vitamin c,…)

 Grouping of synonymous subwords:

kkyxkj = {nephr, kidney, nier, ren}, 

qxkjkq = {hepar, hepat, liver},
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Search
Results

Document Collection

Query ?

Document Retrieval

Subword
Lexicon/
Theuarus

Subword 
Extraction

Synonym
Mapping
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 Examples:

 proctosigmoidoscopy

 Schilddrüsenkarzinom

 colecistectomía 

 acrocefalosindattilia

 Sportverletzungen

 hørselshemmede

 orchidopexie

 Magenschleimhautentzündung

proct o sigm oid o scop y

Schilddrüs en karzin om

cole cist ectom ía 

acro cefal o sindattil ia

Sport verletz ung en

hør sel s hemm ed e

orchid o pex ie

Magen schleimhaut entzünd ung

Lexical 
subwords 
(used for 
indexing)

Functional 
morphemes 
(not used for 

indexing)

Examples of Subword Extraction
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Subword Indexing

abdomin
adenom
akut
analys
antibiot
ausmass
basis
biolog
blut
chirurg
chroni
darm
daten
diagnost
eingriff
empfindlich
entzuend
epidemiolog
express
famili
fap
fein
heredit
hinsichtlich
hnpcc
immun
indik
iort
itis
karzin
klin
kolitis
kolon

kombin
krank
krohn
lymph
modal
molekul
multi
non
operation 
ordn
osis
pankreas
pankreat
periton
polyp
projekt
prophylakt
punkt
resekt
schwerpunkt
stell
suppress
thema
therap
ueber 
ulzer
versus
zeit
ziel
zyt
zytokin
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Subword - Indexing with Semantic 

Normalization

qxxqky
yxyqwx
yyxqkx
zzkqyz
yyzqkq
kkqkky
qkqzzk
yzxqkq
qxqxkz
qkqxkz
kqxqqk
kzzkqz
yzqyyz
yzkkzy
xqkzqq
yqqqkq
xxzxqk
zxkqqq
qyyyzx
kzxqkk
kqkzzq
kqqzkz
yzqkqz
zzqqzz
yyyyyq
kkqyzq
qqkqzz
kqkyzy
yqqkkk
kxyzqk
zxqkyz
kkzqxy
qqkqkz

zzyqkk
yzxqkz
yzzqyz
yyzqkq
zkqkyz
zkqzzk
yzqkqq
qxxkzy
qqxkzx
qqkxxq
zkqzqz
yyyzyk
ykzyqk
xzqqqz
qkqkqz
zxqkyy
xkqqqy
yyyzxk
zxqkkq
qkzzqq
kzkzqk
yqkqzz
zqqzzy
yqqkzq
kqyzqq
qqzzkk
kyzykq
qkkkyq
xyzqkq
qkqkqy

{entzuend; inflamm; 

itis}

{pankreas; pankreat; 
bauchspeicheldrues}

{periton; bauchfell}
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Document Retrieval
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 Automatic indexing
 extracting relevant terms (topic descriptors) from a 

document
 ad hoc retrieval query

 Automatic classification
 grouping a subset of documents with a homogeneous topic 

(as characterized by their descriptors)
 ad hoc retrieval query

 Automatic routing, filtering, 
 delivery of documents matching a given interest profile (as 

characterized by topic descriptors)
 frozen retrieval query

Different Perspectives
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Document Retrieval: 

Basic Approach

 A Document Collection 
D = {d1, d2, ..., dn}

 A query q

 Two Methods:
 „Filter“ Split D into two sets Drelq and Dnrelq

(Drelq    = Set of relevant documents for  q) 
(Dnrelq  = Set nonrelevant documents for q)

 „Order“ = Order by relevance:
D = [d‘1, d‘2, ..., d‘n]
with rel (d‘i)  rel (d‘i+1)

 Combinations are possible
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Search
Results

Document Collection

Query ?

Document Retrieval
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Document Retrieval: Basic 

Approach

 A Document Collection 
D = {d1, d2, ..., dn}

 A query q

 Two Methods:
 „Filter“ Split D into two sets Drelq and Dnrelq

(Drelq    = Set of relevant documents for  q) 
(Dnrelq  = Set nonrelevant documents for q)

 „Order“ = Order by relevance:
D = [d‘1, d‘2, ..., d‘n]
with rel (d‘i)  rel (d‘i+1)

 Combinations are possible



© Stefan Schulz  stschulz@uni-freiburg.de

Search
Results:
Ordered
by 
Relevance

Document Collection

Query ?

Document Retrieval
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document 01 
document 02
document 03
document 04 
document 05
document 06 
document 07
document 08
document 09
document 10
document 11
document 12 
document 13
document 14 
document 15
document 16
document 17
document 18 
document 19
document 20
document 21
document 22
document 23
document 24
document 25

Evaluation of Text Retrieval Systems

 Target variables:

documentsfound

cumentsrelevantDofound

n

n
precision

_




documentsrelevant

documentsrelevantfound

n

n
recall

_

_


document 05
document 16
document 21
document 22
document 02
document 25
document 20
document 10
document 07
document 18
document 04 
document 12
document 11
document 24
document 15
document 09 
document 17
document 08
document 19
document 13 
document 03
document 14
document 23
document 01
document 06

precision =   67%   

recall =   25%  

Query X

 Precision/Recall-Diagrams 

with ranked output
Example: 25 documents, 8 relevant
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document 01 
document 02
document 03
document 04 
document 05
document 06 
document 07
document 08
document 09
document 10
document 11
document 12 
document 13
document 14 
document 15
document 16
document 17
document 18 
document 19
document 20
document 21
document 22
document 23
document 24
document 25

document 05
document 16
document 21
document 22
document 02
document 25
document 20
document 10
document 07
document 18
document 04 
document 12
document 11
document 24
document 15
document 09 
document 17
document 08
document 19
document 13 
document 03
document 14
document 23
document 01
document 06

precision =   60%   

recall =   38%  

Query X

 Precision/Recall-Diagrams 

with ranked output
Example: 25 documents, 8 relevant
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Evaluation of Text Retrieval Systems
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document 01 
document 02
document 03
document 04 
document 05
document 06 
document 07
document 08
document 09
document 10
document 11
document 12 
document 13
document 14 
document 15
document 16
document 17
document 18 
document 19
document 20
document 21
document 22
document 23
document 24
document 25

document 05
document 16
document 21
document 22
document 02
document 25
document 20
document 10
document 07
document 18
document 04 
document 12
document 11
document 24
document 15
document 09 
document 17
document 08
document 19
document 13 
document 03
document 14
document 23
document 01
document 06

precision =   57%   

recall =   50%  

Query X

 Precision/Recall-Diagrams 

with ranked output
Example: 25 documents, 8 relevant
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Evaluation of Text Retrieval Systems
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document 01 
document 02
document 03
document 04 
document 05
document 06 
document 07
document 08
document 09
document 10
document 11
document 12 
document 13
document 14 
document 15
document 16
document 17
document 18 
document 19
document 20
document 21
document 22
document 23
document 24
document 25

document 05
document 16
document 21
document 22
document 02
document 25
document 20
document 10
document 07
document 18
document 04 
document 12
document 11
document 24
document 15
document 09 
document 17
document 08
document 19
document 13 
document 03
document 14
document 23
document 01
document 06

precision =   55%   

recall =   63%  

Query X

 Precision/Recall-Diagrams 

with ranked output
Example: 25 documents, 8 relevant
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Evaluation of Text Retrieval Systems



© Stefan Schulz  stschulz@uni-freiburg.de

document 01 
document 02
document 03
document 04 
document 05
document 06 
document 07
document 08
document 09
document 10
document 11
document 12 
document 13
document 14 
document 15
document 16
document 17
document 18 
document 19
document 20
document 21
document 22
document 23
document 24
document 25

document 05
document 16
document 21
document 22
document 02
document 25
document 20
document 10
document 07
document 18
document 04 
document 12
document 11
document 24
document 15
document 09 
document 17
document 08
document 19
document 13 
document 03
document 14
document 23
document 01
document 06

precision =   54%   

recall =   75%  

Query X

 Precision/Recall-Diagrams 

with ranked output
Example: 25 documents, 8 relevant
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Evaluation of Text Retrieval Systems
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Search
Results

Document Collection

Query ?

Document Retrieval

Token 
Index
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 Automatic indexing: extracting relevant terms 
(topic descriptors from an indexing Alphabet, 
e.g. MeSH) from a document

 Automatic classification: grouping a subset of 
documents with a homogeneous topic (as 
characterized by their descriptors)

 Retrieval in Medical Vocabularies (disease, 
procedure encoding)

 Cross-Language Document Retrieval

Perspectives in Medical Document 

Retrieval
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MorphoSaurus: Cross-Language 

Medical Document Retrieval

Hahn, Schulz et al., RIAO 2004
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 Sub SetEnglish()

 '

 ' Makro aufgezeichnet am 11.04.2004 von coling.

 '

 Dim i As Integer

 For i = 1 To 
ActiveWindow.Presentation.Slides.Count

 ActiveWindow.Presentation.Slides(1).Select



ActiveWindow.Presentation.Slides(1).Shapes.Selec
tAll

 ActiveWindow.Selection.TextRange.LanguageID 
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 document processing technologies provide shallow-
processing approximations to ‘hard’ language 
understanding problems:
 summarization: sentence extraction, text chunking vs. ‘conceptual’ 

abstracting

 info extraction: application-specific templates vs. generic text 
understanding

 text generation: instantiation of canned text templates vs. unrestricted 
text generation

 translation: machine-aided translation (tool support), ‘raw’ 
translation skeletons (relevance assessment) vs. 
fully automatic, high quality translation

 coverage of grammars and domain ontologies 
 products: 100,000 (low profile) vs. lab systems: 1,000 - 5,000 (high 

profile)

 sublanguage vs. generic language

Relevant Parameters (Products 

vs. Lab Prototypes)
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 Find me relevant documents on this topic!

 Find me relevant facts about this issue!

 Find me the right classification code !

 Find me scientific papers which help treat this patient

 The data is in the system, but I need to fill out a form 

 Can a have a brief summary of all these documents?

 I need to search foreign-language documents 

 I want to match genomic with patient information

 I want to search my health record

Medical Content Management (I)
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Odgen & Richards triangle…

Sign:
Symbol 

Language

Term

Referent:
Reality/

Object

Reference: 
Concept, 

Sense, 

Semiotic

Triangle
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Content Technologies

Semiotic

Triangle

 Language

 Syntax

 Natural Language 

Processing (NLP)

 Lexicons

 Grammars

 Taggers, Parsers

 Corpora

 Meaning

 Semantics

 Knowledge Engineering 

(KE)

 Vocabularies, Thesauri, 

Ontologies

 Inference engines

(reasoners, classifiers)
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Let us Try to Avoid some Common 

Misunderstandings ...

 Automatic natural language processing is easy 

 Natural language processing systems with a high 

degree of sophistication (understanding) can readily 

be introduced into clinical practice
feasible though: NL engineering solutions (document retrieval, extracting, 

speech recognition, canned text generation)

 Different views on ‘knowledge representation’
 medical nomenclatures, terminologies, classifications (mainly used for 

references to documents) vs.

 logically founded knowledge representation formalisms (for knowl-edge 

acquisition/question answering from documents)

 inference rules

 modeltheoretic semantics (true/false assertions)
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Morphological
Processor

Syntactic
Processor

Coreference
Resolver

Template
Filler

POS tagging:
Wermter (2004): 
98%

partial parsing:
probabilistic FSAs
(HMM, Viterbi,...)

semantic tagging

lexical lookup

named entity
recognition:
products, loca-
tions, people,
organizations,...
(R/P=90% )

fully domain-
specific trans
rules

template
elements:
P=.65/.70;
R=.45/.47

definite NPs:
IBM - the company

pronouns: 
B.G. - he
(P=.72; R=.63)

heuristics,
ontologies:
WordNet; UMLS

A Closer Look at Information 

Extraction Techniques


