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Nov Dec Jan

■ Use Case Infectious 
Diseases

■ Unsupervised ML

■ Lecture Kickoff

■ Actors in Healthcare

■ Digital Health Data

Final Exam
Feb 13, 2024

11:00am,
Lecture Hall HS1

■ Machine Learning (ML) 
Foundations

■ Use Case Oncology

■ Biology Recap

ML

Feb

Q & A

■ Natural Language 
Processing

■ Use Case Nephrology 
& Intensive Care

■ Supervised ML & 
Deep Learning

ML



■ Types of Medical Text

■ Handling & Storing Strings

■ Ontologies

■ Introduction to Natural Language Processing

■ Information Extraction
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■ Large proportion of medical data is 
unstructured

à „80%“ is often cited, but hard to validate

■ According to Pah et. al (2015):

□ Unstructured text vs. structured EHR data 
in a single hospital: 1 order of magnitude

□ Imaging & sequencing data: many orders 
of magnitude larger

Volume of Textual and Unstructured Data
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http://breakthroughanalysis.com/2008/08/01/unstructured-data-and-the-80-percent-rule/#
Image: Pah, Adam Robert, et al. "Big data: what is it and what does it mean for cardiovascular research and prevention policy." 
Current Cardiovascular Risk Reports 9.1 (2015): 424.



■ Clinicians with different specializations communicate via 
standardized documents

□ Referral to inpatient care: Admission note

□ Hospital to aftercare providers: Discharge summary

□ Radiologist to treating physician: Radiology report

□ Pathologist to treating physician: Pathology report

■ Traditionally paper-based, but should be part of EHR

■ Usually semi-structured:

□ Structured information

□ Free-text with (more or less) standardized structure

□ Classification systems

Text-based Communication Between Physicians
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■ Provide information about 
hospital stay to aftercare 
providers

■ Contents include:

□ Reason for hospitalization

□ Findings / diagnoses

□ Procedures / treatment

□ Patient's condition

□ Instructions for patients and 
families

Discharge Summaries
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https://www.sampletemplates.com/business-templates/discharge-summary.html



■ Pathologists perform diagnoses for 
certain diseases (such as cancer) based
on tissue samples

■ Pathology report contains at least :

□ Identifying information

□ Gross description (size, shape, color)

□ Microscopic description (view with 
microscope)

□ Diagnosis (e.g., ICD code)

□ In oncology:

– Grading (comparison with healthy / surrounding tissue)

– Staging (extend of tumor growth and spread)

Pathology Reports
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Clinical observations 
captured in free-text 
notes in EHR

EHR Data / Clinical Notes
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Image: https://www.emr-ehrs.com/gastrointestinal-electronic-health-records.php



Vicious Mandala of Document Generation
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Hüske-Kraus, NLG für medizinische Dokumente



Research findings are mainly disseminated via scientific publications (> 34M indexed on 
PubMed) and synthesized in clinical practice guidelines to enable evidence-based medicine

Scientific Publications & Clinical Guidelines
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SIGN Guideline: Management of lung cancer (2014)

Clinical trial report on PubMed



Encyclopedias, Forums, Social Media
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■ Text in databases is stored as strings

□ Fixed length (e.g., VARCHAR)

□ Variable length (e.g., CLOB)

■ Encoding (mapping of characters to bits) 
must be specified for reading and writing, 
otherwise:

■ (Lossless) compression is challenging, as often no structure can be exploited

Storing Text in Databases
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Character Unicode code point Glyph 

Latin A U+0041 Α 

Latin sharp S U+00DF ß 

Han for East U+6771 東



■ Sequential scan through documents only 
feasible for few / small documents 
(Ctrl+F, grep)

■ Specialized database technology 
necessary for efficient storage and 
retrieval in large collections of text 
documents (e.g., full-text indices)

□ Elastic Search

□ SAP HANA Text Analytics

■ More flexibility through

□ Fuzzy search for inexact matches

□ Regular expressions

Searching Text Documents
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■ Formal syntax for describing sets of strings, e.g.:

□ Alternatives, e.g.: (analyse|analyze) or  analy[sz]e

□ Wildcards, e.g.: \d

(matches any digit) 

□ Quantifiers, e.g.:    \d+(\.\d+)? 

matches one or more (+) digits optionally (?) followed 
by a decimal point and one more other digits (= 
decimal numbers)

■ Widely used for all kinds of text processing besides search

■ Deeply rooted in theoretical computer science and formal language theory

■ Can easily become very complex

Handling Strings: Regular Expressions
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Which set of strings is matched by this regular 
expression?

^[a-z0-9!#$%&'*+\/=?^_`{|}~-]+(?:\.[a-z0-
9!#$%&'*+\/=?^_`{|}~-]+)*@(?:[a-z0-9](?:[a-z0-9-
]*[a-z0-9])?\.)+[a-z0-9](?:[a-z0-9-]*[a-z0-9])?

A: The set of valid telephone numbers

B: The set of legal German person names

C: The set of valid e-mail addresses

D: The set of all ASCII characters 
(the expression is completely useless)

Poll
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https://gist.github.com/gregseth/5582254 http://geek-and-poke.com/geekandpoke/2013/12/3/yesterdays-regex



■ Strings have no “meaning” per se

■ Ontologies = representation and 
formal naming of concepts in a 
domain and relations among them 

■ Process of creating an ontology is 
known as knowledge engineering

■ Have a long history in philosophy 
and are used in Artificial Intelligence 
since 1970s

Representing Meaning: Ontologies
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Organism

Plant Animal

CarnivoreHerbivore

Omnivore

is A is A

is A is A

is Ais A

eats

eats



■ Examples of widely used medical ontology-based systems:

□ Systematized Nomenclature of Medicine - Clinical Terms 
(SNOMED CT)

□ Domain-specific ontologies like GeneOntology

■ Can be efficiently processed by algorithms and software and 
enable semantic interoperability between systems

■ Controlled vocabularies have similar, but less rich semantics, e.g. 
Medical Subject Headings (MeSH) terms used by MEDLINE / 
PubMed

■ Unified Medical Language System (UMLS): Compendium of >100 
controlled vocabularies and semantic network

Ontologies & Controlled Vocabularies in Medicine

Data Management for 
Digital Health, Winter 
2023

Text Data & NLP

19
http://www.snomed.org/  http://geneontology.org/
https://www.nlm.nih.gov/research/umls/index.html https://www.nlm.nih.gov/mesh/meshhome.html



SNOMED CT Example
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= fully defined concept
= concept

= subtype (“is a”)
= equivalent

= conjunction
= attribute group
= attribute

https://browser.ihtsdotools.org 

https://browser.ihtsdotools.org/


UMLS (Unified Medical Language System)
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The UMLS also contains around 
270k German terms 
vs. 10M English terms (< 3%)

https://uts.nlm.nih.gov/home.html

https://uts.nlm.nih.gov/home.html


■ “Natural Language Processing (NLP) is an area of research and application that explores how 
computers can be used to understand and manipulate natural language text or speech to do 
useful things.” Chowdhury (2005)

■ “Text Mining is the discovery by computer of new, previously unknown information, by 
automatically extracting information from different written resources. […] There is a field called 
computational linguistics (also known as natural language processing) which is making a lot of 
progress in doing small subtasks in text analysis.“ Hearst (2003)

Making Sense of Text:
Natural Language Processing & Text Mining
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■ NLP in general is hard (and considered “AI complete”), because of:

□ Ambiguity: “John kissed his wife, and so did Sam“

□ Flexibility: “Natalie ran out of the room”
“Natalie ran out of flour”

□ Implicitness: “Who should drive to the party?”
“Susie’s on antibiotics.”

■ Biomedical NLP is hard due to:

□ Domain-specific, technical, dense, and constantly evolving language:
“Southern blot analysis was performed using EcoRI and methylation–
sensitive EagI restriction enzymes followed by hybridization with StB12.3 
probe targeting the FMR1 gene on chromosome Xq27.”

□ Sensitive healthcare data

Why is Biomedical Language Processing hard?
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(Sample of) structural subfields of linguistics:

■ Phonetics := study of sounds of human language

■ Phonology := study of sound systems in human language

■ Morphology := study of the formation and internal structure of words

■ Syntax := study of the formation and internal structure of sentences

■ Semantics := study of the meaning of sentences

■ Pragmatics := study of the way sentences with their semantic meaning are used for 
particular communicative goals

Aspects of Human Language Studied by Linguists
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Bender, Emily (2013): Linguistic Fundamentals for Natural Language Processing



Some Common NLP Tasks
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Level: collections of text documents

■ Information Retrieval

■ Topic modeling

Most relevant

Topic 1
§ DNA

§ Gene
§ Genetic

Topic 2
§ Brain

§ Neuron
§ Nerve 

1
2

3

Query

… 



Level: single text documents

■ Document Classification

■ Summarization
(abstractive or extractive)

■ Machine Translation

Some Common NLP Tasks
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Category

ENG DE



Level: sentences / paragraphs

■ Sentiment Analysis: „I feel a bit sad“

■ Dialogue Systems: „I feel a bit sad“ „Why do you feel
sad?“

Some Common NLP Tasks
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Affective State:
Polarity:       L
Strength:    0.4



Level: word / tokens / text spans

■ Language Modelling: “Natalie ran out of …. “

■ Information Extraction:       „Obama was president of the US from 2009 - 2017“

„Obama was president of the US from 2009 - 2017“

Some Common NLP Tasks
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P(“flour”)          = 0.01
P(“the”)                = 0.01
P(“plutonium”)    = 0.0001
P(“or”)         = 0.0000001

Person Country

works in

Temporal expression



NLP Use Case: Molecular Tumor Board
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Patient data

§ Genomic data

§ Imaging data

§ Clinical data

• Patient history

• Pathology reports

• Radiology reports

• …

Medical knowledge

§ Variant / gene 
databases

§ Drug databases

§ Cellular pathways

§ Clinical Trials

§ Clinical Guidelines

§ Research 
publications



NLP Use Case: Molecular Tumor Board
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Patient data

§ Genomic data

§ Imaging data

§ Clinical data

• Patient history

• Pathology reports

• Radiology reports

• …

Medical knowledge

§ Variant / gene 
databases

§ Drug databases

§ Cellular pathways

§ Clinical Trials

§ Clinical Guidelines

§ Research 
publications



Information Retrieval
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■ From a (large) set of documents, find the 
most relevant ones given a user query

■ User query can be:

□ in natural language (Question Answering) 

□ structured (e.g., Boolean Search)

■ Can be formulated as a document classification 
problem: P( Relevant | Document, User Query )



PubMed
https://pubmed.ncbi.nlm.nih.gov/
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■ PubMed is a search engine that provides
access to:

□ MEDLINE (citations, abstracts)

□ PubMed Central (full-texts)

□ Some text books

■ >30 M citations (and growing)

■ “America's two greatest gifts to the world are jazz and MEDLINE.” 
(BMJ Editorial from 2001)

■ MEDLINE citations are indexed via MeSH terms

□ until recently: manually with delay currently up to 200 days

□ switched to automated (NLP) based system in 2022

https://pubmed.ncbi.nlm.nih.gov/


LitVar
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https://www.ncbi.nlm.nih.gov/CBBresearch/Lu/Demo/LitVar/#



Precision Health NLP @ Microsoft
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https://www.microsoft.com/en-us/research/project/project-hanover/
http://literome.azurewebsites.net



Extracting structured information from on unstructured text

Information Extraction
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„Obama was president of the US from 2009 - 2017“
Person Country

works in

Temporal expression



NLP Use Case: Molecular Tumor Board
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Patient data

§ Genomic data

§ Imaging data

§ Clinical data

• Patient history

• Pathology reports

• Radiology reports

• …

Medical knowledge

§ Variant / gene 
databases

§ Drug databases

§ Cellular pathways

§ Clinical Trials

§ Clinical Guidelines

§ Research 
publications



Information Extraction from Pathology Reports
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(...) Material: liver biopsy (...)

Diagnosis: The macroscopic and histological assessment 
shows: Liver explants with 3 completely necrotic foci of 
an apparently radiomorphologically confirmed 
hepatocellular carcinoma (after TACE embolization).

(...) Tumor classification: TNM (8th edition): PT1b, pNX, 
L0, V0 Classification: G2 R classification (local): R0 (...)



Information Extraction from Pathology Reports
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(...) Material: liver biopsy (...)

Diagnosis: The macroscopic and histological assessment 
shows: Liver explants with 3 completely necrotic foci of 
an apparently radiomorphologically confirmed 
hepatocellular carcinoma (after TACE embolization).

(...) Tumor classification: TNM (8th edition): PT1b, pNX, 
L0, V0 Classification: G2 R classification (local): R0 (...)

Diagnosis

Tumor classification

Materials



Recap: TNM Classification Example
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pT4 pN2 M1 R1 G3

Large 
(e.g., >7 cm 
for lung 
cancer)

Spread to 
regional 
lymph nodes

Spread to 
other 
organs

Seen by 
pathologist

Not 
completely 
removed

High grade, 
i.e., poorly 
differentiated



Rule-based TNM Extraction
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Regular expressions

More regular expressions

Even more regular 
expressions

Custom tokenizer (!)



Information Extraction from Pathology Reports

Data Management for 
Digital Health, Winter 
2023

ML and Corpora

41

(...) Material: liver biopsy (...)

Diagnosis: The macroscopic and histological assessment 
shows: Liver explants with 3 completely necrotic foci of 
an apparently radiomorphologically confirmed 
hepatocellular carcinoma (after TACE embolization).

(...) Tumor classification: TNM (8th edition): PT1b, pNX, 
L0, V0 Classification: G2 R classification (local): R0 (...)

Diagnosis

Tumor classification

Materials



■ In clinical context, text data is created via:

□ Keyboard

□ OCR of printed documents

□ speech-to-text (common in radiology)

■ Advantage: more expressive and flexible than structured forms

■ But: flexibility of natural language can make interpretation of text hard, e.g.:

□ Abbreviations (BP – Blood Pressure, Pt. – Patient, etoh – Alcohol)

□ Synonyms (Aspirin / acetylsalicylic acid)

□ Homonyms (“dermatome” can refer to an area of the skin / a surgical instrument)

□ Errors in spelling, punctuation or grammar à no well-formed sentences

Characteristics of Clinical Text
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Image: https://www.healthcareitnews.com/news/fast-growing-medical-scribe-industry-poses-risks-patients-and-product-design



Clinical Practice Guidelines vs. Clinical Text
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Both:
■ Similar clinical terminology

■ Created in many different national languages

Clinical Guidelines:
■ Well-formed, scientific text
■ No protected health information (PHI)



Named Entity Recognition

Identifying instances of 
classes, e.g., paroxetine as a 
pharmacological substance

Tasks for Information Extraction in Clinical Context
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Thompson, Paul, et al. "Annotation and detection of drug effects in text for pharmacovigilance." Journal of cheminformatics 10.1 (2018): 37.

Named Entity Normalization 

(aka Entity Linking)

Mapping of entities to 
unique identity, e.g., hair 
loss to its ICD-10 code

(Temporal) Relation Extraction 

Identifying n-ary relations 
between entities, e.g., 
adverse_effect 
(paroxetine, hairloss )



Extractable Information

Data Management for 
Digital Health, Winter 
2023

Text Data & NLP

45

Entity Type UMLS Concept UMLS Semantic 
Type

37-year-old 
female

Subject C0043210 
Woman

Population 
Group

complained Adverse Effect C0277786 
Chief complaint 
(finding)

Finding

hair loss Disorder C0002170  
Alopecia

Disease or 
Syndrome

paroxetine Pharmacological
Substance

C0070122 
paroxetine

Organic 
Chemical

Relation Entity 1 Entity 2

Treatment 37-year-old 
female

paroxetine

Has Adverse 
Effect

paroxetine hair loss



■ Find and categorize mentions of entities (instances of certain classes)

■ Definition of entity is task-specific, can also include quantities, durations, etc.

■ IOB format used to describe tokens as Inside / Outside / Beginning of named entity

□ Input:     The patient underwent a   CT    scan   in  April .

□ Output:  O     O O O B-PROC I-PROC   O    O O

□ Various flavors: IO, BIOES

□ Simple, but not very expressive (does not allow nesting)

■ Text usually not given in properly tokenized format…

(Named) Entity Recognition
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NER Pipeline
Preprocessing – Boundary Detection
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The patient underwent a CT scan in April.    It did not reveal any abnormalities.

Boundary Detection

■ Not trivial, e.g., because of nested punctuation (“Mr. Brown”) or indirect speech



NER Pipeline
Preprocessing – Tokenization
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The   patient   underwent   a   CT   scan   in   April.    

Tokenization

■ Tokens are loosely equivalent to “words”, but details depend on the use case

□ aren’t    aren t    or   are n’t

□ 37-year-old    or    37  year  old

■ Tricky in languages like German

■ Really tricky in languages like Chinese



NER Pipeline
Preprocessing – Syntactic Analysis
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                  The   patient     underwent     a       CT        scan       in        April         .   

Part-of-speech            DET  NOUN    VERB    DET NOUN  NOUN  ADP PROPN PUNCT   
Tagging

Chunking
(Shallow Parsing)      Noun Chunk       Noun Chunk



A More Complex Example
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Symptoms

Procedures



■ Simple idea: use a dictionary (also called 
gazetteer) for Named Entity Recognition

■ Ontologies and controlled vocabularies 
can be used to derive such lists
(e.g., all terms from “Signs and Symptoms” category in MeSH)

■ Fuzzy matching usually necessary to account for variations in spelling

■ Named Entity Normalization for free

■ Limitations: 

□ For many applications, maintaining a complete dictionary hardly feasible 
(e.g., drug names)

□ Challenging to deal with homonyms, multi-token entities, co-reference and 
context

Dictionary-based Approach to NER
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Symptoms

Procedures



Rule-based NER

Data Management for 
Digital Health, Winter 
2023

Text Data & NLP

52

■ Many systems used in practice make use 
of (large) sets of handwritten rules

■ Advantage: Domain knowledge can be 
easily encoded

■ Rules can be enhanced by dictionaries 
and linguistic information, e.g., only 
match noun phrases as named entities

■ Elaborate rule-based systems can 
perform well, but are rather inflexible 
and costly to create and maintain

Symptoms

Procedures



General vs. Specific Rules
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■ General rules à high recall

■ Specific rules à high precision

■ Some possible rules (pseudo code)

matches: bleeding per (\w)+ AND POS tag: NOUN  à symptom

prefix: [Cc]omplain[\w]* (of)? AND matches: (\w)+ à symptom

chunk: NOUN phrase AND suffix: was done à procedure

matches: (\w*acids) à procedure

matches: (\w+ation) à procedure

Symptoms

Procedures



Tools for (Bio-medical) NER:
MetaMap
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■ Widely used tool to identify biomedical concepts in text

■ Originally developed by NIH to provide link between UMLS and biomedical literature

https://metamap.nlm.nih.gov/



Tools for (Bio-medical) NER:
MetaMap
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■ clinical Text Analysis and 
Knowledge Extraction System

■ Focus on information extraction 
from clinical text in Electronic 
Health Records

■ Configurable pipeline concept 
based on UIMA (Unstructured 
Information Management 
Architecture)

Tools for (Bio-medical) NER:
Apache cTakes
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https://cwiki.apache.org/confluence/display/CTAKES/cTAKES+4.0+Component+Use+Guide



cTakes Clinical Information Extraction Pipeline
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https://cwiki.apache.org/confluence/display/CTAKES/Default+Clinical+Pipeline

Morphology / 
Syntax

Semantics



Tools for (Bio-medical) NER:
Apache cTakes
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https://ctakes.apache.org/



■ Volume and types of biomedical text

■ How to handle strings

■ Ontologies & controlled vocabularies

■ Challenges in processing medical text for humans and computers

■ Aspects of human language & NLP tasks

■ Dictionary- and rule-based information extraction

What to Take Home?
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New Jupyter Notebook(s)!

(relevant for Exercise 3)


