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Prediction of ADHD using
Natural Language Processing
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Toegepaste data science

1. Zorg verbeteren

Het inzetten van data van (Dpatiént, 2)behandeling en
uitkomsten van de behandeling om d.m.v. (complexe)
algoritmen verborgen verbanden zichtbaar te maken ter
ondersteuning van de patiént en de behandelaar bij het inzetten
van de ‘beste’ behandeling.
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Roel van Est Eline Nap Rosa Meijer

2. Kennis, infrastructuur en methoden centraal beschikbaar
maken binnen PG

Algoritmes, modellen, data en methoden binnen de groep delen
= verhogen effectiviteit, efficiéntie en inzetbaarheid.
Samenwerking met externe partijen; kennisoverdracht aan de PG
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Vraag

ADHD komt voor bij 3-5% van de kinderen, volwassenen en QU estion

ouderen. In de psychiatrie is de prevalentie veel hoger: . . . ..

ADHD komt voor bij 25% van de verslaafden (van Emmerik- Find patients, using existing data, that have
van Oortmerssen 2012), 35% van de borderline patiénten ADHD without it having been diagnosed in the
(van Dijk 2012)), 20% van de bipolaire en chronisch EHR

depressieve patiénten (Bron 2016; Pinna 2019), en bij 25%
van de patiénten met paniekstoornis (Fones 2000). De
aantallen zijn opvallend consistent in de range van 20-30%.

Goal
* Prevent under treatment of ADHD
* Proof of concept of methodology

Het is belangrijk ADHD te herkennen omdat met
behandeling niet alleen de ADHD verbetert, maar ook de

kans op chroniciteit van de andere stoornissen afneemt. o il ;
Bijvoorbeeld iemand met ADHD en bipolaire stoornis zal Usablllty for other dlagnoses

minder therapietrouw zijn en eerder ontregelen wat betreft de * More focussed methodology to find
stemming. Dit blijkt ook al uit de Scandinavische registratie additional diagnoses

studies: er zijn minder hypomane episoden als patiénten met

bipolaire stoornis en ADHD medicamenteus behandeld

worden voor de ADHD. Ditzelfde geldt voor de behandeling

van depressie, of het zich houden aan een dieet voor

diabetes, of chronisch medicatie gebruik voor astma of elke

andere aandoening: dit verloopt minder goed als ADHD niet

is behandeld.

Sandra Kooij, specialismeleider ADHD Parnassia Groep
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Screening for posttraumatic stress disorder using verbal features in self narratives: A
text mining approach

Qiwei He *, Bernard P. Veldkamp, Theo de Vries

Department of Research Methodology, Measurement and Data Andlysis, Behavioral Sciences Faculty, University of Twente, P. 0. Box 217, GW, 7500AE Enschede, The Netheriands

ARTICLE INFO ABSTRACT
Articl history: Much evidence has shown that people’s physical and mental health can be predicted by the words they use.
Received 1 june 2011 However, such verbalinformation is seldom used in the sereening and diagnesis process probably because the

Received in revised form 10 November 2011

procedure to handle these words is rather difficult with traditional quantitative methods. The first challenge
Accepted 31 January 2012

would be to extract robust information from diversified expression patterns, the second to transform unstruc-
tured text into. structuralized dataset. The present study developed a new textual assessment method to screen

Pttt stress cisorder the postiraumatic stress disorder (PTSD) patients using lexical features in the self narratives with text mining
Text mining techniques. Using 300 self narratives collected online, we extracted highly discriminative keywords with the
Self narratives. Chi ithm and constructed atextual ify indivi it ab-
“Text classfication sence of PTSD. This resulted in a high putcr and diagnases for PTSD and

Screening revealed some expressive characteristics in the writings of PTSD patients, Although the results of text analysis
are not completely analogous to the results of structured interviews in PTSD diagnosis, the application of text
mining is a promising addition to assessing PTSD in clinical and research settings.

© 2012 Elsevier Ireland Lrd. All ights reserved.
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Text Analysis of Electronic Medical Records to Predict
Seclusion in Psychiatric Wards: Proof of Concept

Mirjam C. Hazewinkel”,  Remco F.P.de Winter'Z,  RoelW.van Est,  Dirk van Hyfte’,  Danny Wijnschenk?,  Narda
Miedema:and  Erik Hoencamp:®
“Clinical Centre for Acute Psychiatry, Pamassia, Pamassia Group, Tne Hague, Netherlands
2Department of Clinical Psycnology. VU University, Amsterdam, Netnerlands
Data Research Office, Antes, Parnassia Group, Rotterdarn, Netherlands
*InterSystems BY Benelux, Vitvoorde, Belgium
Department of Clnieal Psycnology. Institute of Psyanology. Leiden University, Leisen, Netharisngs

Aim: With the introduction of “Electronic Medical Record” (EMR) a wealth of digital data has become available. This provides a
unique opportunity for exploring precedents for seclusion. This study explored the feasibility of text mining analysis in the EMR to
eventually help reduce the use of seclusion in psychiatry.

Methods: The texts in notes and reports of the EMR during 5 years on an acute and non-acute psychiatric ward were analyzed
using a text mining application. A period of 14 days was selected before seclusion or for non-secluded patients, before discharge.
The resulting concepts were analyzed using chi-square tests to assess which concepts had a significant higher or lower frequency
than expected in the “seclusion” and “non-seclusion” categories.

Results: Text mining led to an overview of 1,500 meaningful concepts. In the 14 day period prior to the event, 115 of these
concepts had a significantly higher frequency in the seclusion category and 49 in the non-seclusion category. Analysis of the
concepts from days 14 to 7 resulted in 54 concepts with a significantly higher frequency in the seclusion-category and 14 in the non-
seclusion catesorv.
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Machine Learning Approach to Inpatient Violence Risk Assessment
Using Routinely Collected Clinical Notes in Electronic Health Records

VINCant Menger, MsC: M2ro Sprult, PhiD; Roel van £sT, Msc; Eline Nap, Msc: Fioor scheepars, MO, PhD

Abstract

IMPORTANCE Inpatiant violenc i igni blem despi isting risk

methods. The lack of robustness and the high degree of effort needed to use cumrent methods might
be mitigated by using routinely regi finical notes.

OBJECTIVE To develop and validate a multivariable prediction model for assessing inpatient
vinlenc risk based chi ing techni pplied to clinical notes written in patients’
electronic health records.

DESIGN, SETTING, AND PARTICIPANTS This prognostic study usad retrospactive dlinical notes
registered in electronic health records during admission at 2 independent psychiatric health care
institutions. No exclusion criteria for individual patients were defined. At site |, all adults admitted
between January 2013 and August 2018 were included, and at site 2 all adults admitted to general
psychiatric wards betwean June 2016 and August 2018 were included. Data were analyzed between
September 2018 and February 2019,

MAIN OUTCOMES AND Predictive validity and izability of p e models.
measured using area under the curve (ALUC).

RESULTS Clinical notes recorded during a total of 3139 issions of 2209 unigue indi at site
1{mean [SD] age, 34.0 [16.6] years; 1536 [48.2%] male) and 3253 admissions of 1919 unique
individuals at site 2 {mean [SD] age, 45.9 [15.6] years; 2007 [65.8%] male) were analyzed. Violent
outcome was determined using the Staff Observation Aggression Scale-Revised. We used nested
cross-validation to train and evaluate models that assess violence risk during the first 4 weeks of
admission, based on clinical notes available after 24 hours. The predictive validity of models was
measured at site 1 (ALC - 0.707; 95% Cl, 0.771-0.822) and site 2 (AUC - 0.764; 95%CI,
0.732-0.797). Applying trained models to data resulted in a significantly lower AUC
at site 1 (AUC difference = 0.075; 95% CI, 0.045-0.105; P < 001) and site 2 {AUC difference - 0121;
0585 C1, 0.0B5-0.156; P < .001).

CONCLUSIONS AND RELEVANCE Intemally validated predictions result in ALIC values with good

predictive validity, showing that automatic violence risk y regk dimical
notes is possible. The validati f trained ing data fr her sites cor previ
findings that violence risk i different

JAMA Network Open. J015: 27196708, doi:I0 1001 famanetworkopen 20186708

Key Points
Question Towhat extent can mpatient
wviokence risk assessment be performed
by applying machine leaming
tachniques to dinical notes in patients”
alectronic health records?

Findings In this prognostic study,
machine kzarning was used to analyze
dimical notes recorded in electronic
health reconds of 2 independent
psychiatric health care institutions to
predict inpatient violence. Internal
predictive validity was measured using
areas under the curve, which were 0.797
for site 1 and 0 764 for site 2; however,
applying pretrainad modals to data from
other sites resulted in significantly kower
areas under the asrve.

Meaning Inpatient violence risk
assessment can be performed
automatically using already available
dimical notes without sacrifidng
pradictive validity compared with
eisting vinkance risk

assessment methods.

+ supplemental content

Murthor affilations and artide information are
Estedat the end of this artide.




Model- / Feature selectie Model toepassen



Model- / Feature selectie Model toepassen

ADHD => diagnose = ADHD

Niet-ADHD =» diagnose != ADHD EN
= screener = ADHD Rapportage-tekst behandelaren

negatief label == lastig




Aanpak

Model- / Feature selectie Model toepassen

ADHD => diagnose = ADHD
Niet-ADHD =» diagnose != ADHD EN
=> screener != ADHD

Analyseset
1.099 patiénten ADHD, met rapp-tekst 5,6% ADHD
1.712 patiénten niet-ADHD, met
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Niet-ADHD =» diagnose != ADHD EN
=>» screener != ADHD
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1.099 patiénten ADHD, met rapp-tekst
1.712 patiénten niet-ADHD, met
rapportage tekst

Preprocessing
Stammen, stopwoorden, lengte >1,
<deduce> eruit




Model- / Feature selectie Model toepassen

ADHD => diagnose = ADHD
Niet-ADHD =» diagnose != ADHD EN
=> screener != ADHD

Analyseset
1.099 patiénten ADHD, met rapp-tekst
1.712 patiénten niet-ADHD, met
rapportage tekst

Preprocessing
Stammen, stopwoorden, lengte >1,
<deduce> eruit

Onderscheidende woorden
- Chi2
- #2.148




Chi2 woorden
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Model- / Feature selectie Model toepassen

ADHD > diagnose = ADHD - 3 Repres.: BOW, TF-IDF, W2V
Niet-ADHD =» diagnose != ADHD EN - 5 modellen: DT, RF, SVM, LR, ET

=>» screener |= ADHD

W2V slechte resultaten
- 10 aantallen woorden:

alle, 2000, 1500, ..., 100, 50

Analyseset

1.099 patiénten ADHD, met rapp-tekst 150 modellen

1.712 patiénten niet-ADHD, met
rapportage tekst

Preprocessing
Stammen, stopwoorden, lengte >1,
<deduce> eruit

Onderscheidende woorden
- Chi2
- #2.148




Model- / Feature selectie Model toepassen

ADHD > diagnose = ADHD - 3 Repres.: BOW, TF-IDF, W2V
Niet-ADHD =» diagnose != ADHD EN - 5 modellen: DT, RF, SVM, LR, ET

=>» screener |= ADHD

- 10 aantallen woorden:

alle, 2000, 1500, ..., 100, 50
Analyseset

1.099 patiénten ADHD, met rapp-tekst 150 modellen
1.712 patiénten niet-ADHD, met
rapportage tekst

- Representatie: TF-IDF
Preprocessing - Model: Random Forest
Stammen, stopwoorden, lengte >1, - Aantal woorden: 150

<deduce> eruit - 5x crossvalidatie

Onderscheidende woorden Recall /Sens  :0,69
- Chi2 Precision : 0,86
- #2148 Specificiteit : 0,93




Preprocessing

ADHD => diagnose = ADHD
Niet-ADHD =» diagnose != ADHD EN
=> screener != ADHD

Analyseset
1.099 patiénten ADHD, met rapp-tekst
1.712 patiénten niet-ADHD, met
rapportage tekst

Preprocessing
Stammen, stopwoorden, lengte >1,
<deduce> eruit

Onderscheidende woorden
- Chi2
- #2.148

Aanpak

Model- / Feature selectie

- 3 Repres.: BOW, TF-IDF, W2V
- 5 modellen: DT, RF, SVM, LR, ET
- 10 aantallen woorden:

alle, 2000, 1500, ..., 100, 50

150 modellen

- Representatie: TF-IDF
- Model: Random Forest
- Aantal woorden: 150

- 5x crossvalidatie

Recall / Sens :0,69
Precision : 0,86
Specificiteit : 0,93

Model toepassen

Model trainen op hele
analyseset

Model toepassen op alle Antes
patienten met tekstdata

pred adhd
adhd diagn false  true
false 17.042 1.453 18.495 7,4%
true 260 839 1.099 5,6%
17.302 2.292 19.594 13,0%




—eature importance

Representatie: TF-IDF
Model: Random Forest
57% Aantal woorden: 150
5x crossvalidatie

Recall / Sens :0,69
Precision : 0,86
Specificiteit : 0,93
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—eature importance

adhd

ritalin
methylfenidat
concerta

add

haotisch

57%

drink

onrust
dexamfetamin
diagnos
alcohalgebruik
pt

gedrank
medicatie
abstinent
alcohaol

well butrin
drinkt

oontact

wlgend

sped
000

Representatie: TF-IDF
Model: Random Forest
Aantal woorden: 150
5x crossvalidatie

Recall / Sens :0,69
Precision : 0,86
Specificiteit : 0,93




Next steps

ADHD
. Train model on larger (Parnassia Group) data set

. Add structured, tabular data to increase accuracy
(recall)

. Verify the results with medical practitioners

Antes”

NLP

Build prediction model for PTSD diagnosis
Improve, test, implement violence risk assessment

Prediction for involuntary admission

EHR summarisation
Compare patient (groups) based on topic modelling

Speech-to-text



Questions / discussion

Questions
e ?

Discussion
« Best practices for NLP model / feature selection?
 How to cope with missing labels? Semi-supervised methods?

* Importance of explainability for end-users?

Roel van Est

PG r.est@antesgroep.nl
Antes 06 - 1036 8001



