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APRIL FOOLS’ DAYAPRIL FOOLS’ DAY

https://drive.google.com/file/d/19rYAoeihhvqEgiT-4Em8LadaxlwQQevS/view?usp=sharing
https://bit.ly/spruit-oratie


[0.341, -0.359, 0.7, 0.926, -0.004, …, -0.129]

[Positive, Negative]

AGENDA

A. Setting the Scene
NLP 101: Symbolic NLP

Word embeddings: Probabilistic NLP

B. Case study
Natural Language Processing in 
Mental Healthcare
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NLP 101 TEXT SIMILARITY  SYMBOLIC NLP

WORD EMBEDDINGS  PROBABILISTIC NLP
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WHAT IS THE DIFFERENCE

BETWEEN LINGUISTICS AND NLP?
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Natural Language Processing (NLP) is the study of the computational treatment
of natural (human) language.



WHERE IS THIS QUOTE FROM?
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“2001: A SPACE ODYSSEY”
A 1968 FILM BY STANLEY KUBRICK, BASED ON A JOINT SCREENPLAY WITH ARTHUR C. CLARKE.
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A MULTIDISCIPLINARY WICKED PROBLEM

 Computers are confused by (human) language

 Specific techniques are needed

 NLP draws on research in 

 Linguistics, 

 Theoretical Computer Science, 

 Mathematics, 

 Statistics, 

 Artificial Intelligence, 

 Psychology, 

 etc.
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BASIC NLP PIPELINE, FROM A COMPUTER PERSPECTIVE

https://twitter.com/DigitalTDaily/status/1480659757841145859

https://twitter.com/DigitalTDaily/status/1480659757841145859


TEXT SIMILARITY
A FOUNDATIONAL CONCEPT IN SYMBOLIC NLP

11



TEXT SIMILARITY AND ITS TYPES

 People can express the same concept (or related 
concepts) in many different ways. For example, 
 “the plane leaves at 12pm” vs 

 “the flight departs at noon”

 Text similarity is a key component of Natural 
Language Processing

 If the user is looking for information about cats, 
we may want the NLP system to return 
documents that mention kittens even if the word 
“cat” is not in them.

 Many types of text similarity exist:
 Morphological similarity (e.g., respect-respectful)

 Spelling similarity (e.g., theater-theatre)

 Synonymy (e.g., talkative-chatty)

 Homophony (e.g., raise-raze-rays)

 Semantic similarity (e.g., cat-tabby)

 Sentence similarity (e.g., paraphrases)

 Document similarity (e.g., two news stories on same 
event)

 Cross-lingual similarity (e.g., Dutch-Flemish-
Afrikaans)
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MORPHOLOGICAL SIMILARITY: THE CASE OF STEMMING

 Case: Morphological Similarity

 Words with the same root:

 scan (base form)

 scans, scanned, scanning (inflected forms)

 scanner (derived forms, suffixes)

 rescan (derived forms, prefixes)

 rescanned (combinations)

 To stem a word is to reduce it to a base form, 
called the stem, after removing various suffixes 
and endings and, sometimes, performing some 
additional transformations

 Examples

 scanned → scan

 indication → indicate

 In practice, prefixes are sometimes preserved, 
so rescan will not be stemmed to scan
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PORTER’S STEMMING METHOD

 Porter’s stemming method is a rule-based (i.e. symbolic) algorithm introduced by Martin Porter in 1980 

 The input is an individual word. The word is then transformed in a series of steps to its stem 

 The method is not always accurate

 utilizes only suffix stripping, not addressing prefixes
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PORTER’S ALGORITHM: MEASURE

 Example 1:

 Input = computational

 Output = comput

 Example 2:

 Input = computer

 Output = comput

 The two input words end up stemmed the same way

 Stem is not (necessarily) the morphological root

 The measure of a word is an indication of the 
number of syllables in it

 Each sequence of consonants is denoted by C

 Each sequence of vowels is denoted as V

 The initial C and the final V are optional

 So, each word is represented as [C]VCVC ... [V], 
or [C](VC){m}[V], where m is its measure
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PORTER’S ALGORITHM: TRANSFORMATION RULES

 The initial word is then checked against a sequence 
of ~60 transformation patterns, in order.

 An example pattern is:

 (m>0) ATION -> ATE (e.g. medication -> medicate)

 Whenever a pattern matches, the word is 
transformed and the algorithm restarts from the 
beginning of the list of patterns with the transformed 
word.

 If no pattern matches, the algorithm stops and 
outputs the most recently transformed version of 
the word.

 Example 1:

 Input = computational

 Step 2: replace ational with ate: computate

 Step 4: replace ate with ø: comput

 Output = comput

 • Example 2:

 Input = computer

 Step 4: replace er with ø: comput

 Output = comput

 The two input words end up stemmed the same way...
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ONLINE DEMO
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 http://text-processing.com/demo/stem/

http://text-processing.com/demo/stem/


EXAMPLE #1 SYMBOLIC NLP: DEDUCE

 De-identification of 
Dutch medical text

 https://tdslab.nl/deduce
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https://tdslab.nl/deduce


EXAMPLE #2 SYMBOLIC NLP: SNPCURATOR

 PubMed literature mining of 
enriched SNP-disease 
associations

 https://tdslab.nl/snpcurator
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https://tdslab.nl/snpcurator


WORD EMBEDDINGS
A FOUNDATIONAL CONCEPT FOR TEXT REPRESENTATIONS IN PROBABILISTIC NLP
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WORD EMBEDDINGS AS TEXT REPRESENTATIONS

 A word embedding is one of the most 
popular representations of document 
vocabulary.

 It is capable of capturing context of a word 
in a document, semantic and syntactic 
similarity, relation with other words, etc.

 Word embedding are simply : vector 
representations of a particular word.

 Each word is mapped to one vector, and 

 the vector values are learned in a way that 
resembles a neural network

 word2vec is a "predictive" model

 Predictive models learn their vectors in order to 
improve their predictive ability of the loss of predicting 
the target words from the context words 

 capture co-occurrence one window at a time

 GloVe is a "count-based" model

 Count-based models learn their vectors by doing 
dimensionality reduction on the co-occurrence counts 
matrix.

 capture the counts of overall statistics how often it appears.



WORD EMBEDDINGS: HOW AND WHY

 Consider the following sentences: 

1. “Have a good day”

2. “Have a great day”

V={have, a, good, great, day}

 One-hot encoding:  (“a 5 dimensional space”)

 Word-2-Vec employs either of two methods (both 
involving Neural Networks): 

 Continous Bag Of Words (CBOW): takes the context of 
each word as the input and tries to predict the word 
corresponding to the context

 Skip Gram: the inverse of CBOW
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WORD EMBEDDINGS AS TEXT REPRESENTATIONS

 After dimension reduction 
of the high-dimensional 
vector space:
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SIEGERSMA (2022) ET AL.
DATA PREPARATION: FIND MEDICATION WITH WORD EMBEDDING MODELS

 Idea: Words that have similar neighbouring words are 
similarly shaped

 Every word is represented in a numerical vector

 Trained on all the 277.389 clinical notes

 The Word2Vec approach is used, which means that 
vectors are shaped based upon their neighbouring 
words

 “King – Man + Woman = Queen”

 Because the models are trained on domain specific text, 
domain specific results:
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Siegersma,K., Evers,M., Bots,S., Groepenhoff,F., Appelman,Y., Hofstra,L., Tulevski,I., Somsen,A., Den Ruijter,H., Spruit,M., & Onland-Moret,C. (2022). Adverse Drug Reactions Identification in clinical Notes (ADRIN): Word embedding models and string matching. JMIR Medical Informatics, 10(1), e31063. [JIF: 2.96] [pdf] [online]

https://drive.google.com/file/d/11V5TfD9LSPtY1-E-OQPSK5psQXAX-O-s/view?usp=sharing
http://dx.doi.org/10.2196/31063


… MANY STATE-OF-THE-ART TEXT REPRESENTATION TECHNIQUES!
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SO… WHAT CAN WE DO WITH WORD EMBEDDINGS?...
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[0.341, -0.359, 0.7, 0.926, -0.004, …, -0.129]

[Positive, Negative]

AGENDA

A. Setting the Scene
NLP 101: Symbolic NLP

Word embeddings: Probabilistic NLP

B. Case study
Natural Language Processing in 
Mental Healthcare
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PREDICTING INPATIENT VIOLENCE RISK WITH CLINICAL

NOTES IN ELECTRONIC HEALTH RECORDS
CASE STUDY 2

Menger,V., Spruit,M., Est,R. van, Nap,E., & Scheepers,F. (2019). Machine Learning Approach to Inpatient 
Violence Risk Assessment Using Routinely Collected Clinical Notes in Electronic Health Records. 
JAMA Network Open, 2(7), e196709. [pdf] [online]
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https://drive.google.com/file/d/12Emp828WVyHHouJQ57xzZjmdW7o_h67s/view?usp=sharing
https://jamanetwork.com/journals/jamanetworkopen/fullarticle/2737104


[1/6] 
DOMAIN UNDERSTANDING: OBJECTIVE

 “Predict for which admissions a violence incident will occur in the first 30 days, based on clinical texts 
that are written up to and including the first day of admission”

 Prediction task excludes incidents on Day 1 of admission

 insufficient data available to make a prediction

 30 days interval chosen for sufficient specificity

 majority of incidents included 

 mean duration of admission is 40.3 days

 81.9% of incidents happen during the first 30 days

 Area Under Curve (AUC) to report performance
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[2/6]
DATA UNDERSTANDING

 Site 1: UMC Utrecht

 Site 2: Antes, Parnassia Group, Rotterdam
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[2/6]
DATA UNDERSTANDING

WHAT IS A CLINICAL NOTE?

(2012-07-29)
“Mw heeft matig geslapen, sliep van 1.00 uur tot 
4.00 uur. Kwam toen uit bed, at koekjes en dronk 
thee. Nog geadviseerd medicatie te nemen en 
mijn zorgen geuit over evt. doorschieten in een 
manie. Mw was er niet gevoelig voor en 
reageerde geagiteerd. Mw had spreekdrang maar 
gaf aan dat wanneer zij zich goed voelt ook veel 
praat. Mw gaat vandaag naar <PERSOON-1> met 
haar zoon, ziet daar nu niet meer tegenop omdat 
de klachten die zij gisteren aan haar voeten 
ervaarde verdwenen zijn. Mw ging na 4.00 uur 
weer naar bed en kwam niet meer uit haar 
kamer tot de ochtend.”

(2012-08-05)
[...] “Uit verzet trapte mw. mij tegen de zijkant 
van mijn been” [...] ?
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[3/6]
DATA PREPARATION

Text representation
• Represent all clinical 

notes related to 1 
admission as 1 vector 
(not words)

• paragraph2vec

• SVM classifier
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“Mw heeft matig geslapen, sliep van 1.00 uur tot 
4.00 uur. Kwam toen uit bed, at koekjes en dronk 
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[4/6] (SVM CLASSIFIER)

MODELLING: PREDICTION PERFORMANCE
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Perfect Score Actual Score Random Score
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[5/6]
EVALUATION: EXPLORATORY ANALYSIS



[5/6]
EVALUATION: MODEL EXPLAINABILITY
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 Sample of Local 
Explanation predicting 
high risk of aggression

 Sample of Local 
Explanation predicing 
low risk of aggression



[6/6]
DEPLOYMENT: GITHUB REPOSITORY? CLINICAL INTERVENTION? DASHBOARD?

Startup options

 https://github.com/vmenger/violence-risk-assessment

 DEDUCE

“de-identification method for Dutch medical text”

 pip install deduce

 http://tdslab.nl/deduce

 SNPcurator

 http://tdslab.nl/snpcurator

Advanced options

 Availability in Dashboards

 Intervention instrument in RCT (e.g. STRIPA)

 IMDD, Ethical committee approval
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https://github.com/vmenger/violence-risk-assessment
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THANK YOU
PROF. DR. MARCO SPRUIT
contact: m.r.spruit@lumc.nl
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