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What is artificial intelligence (Al)?

" — — — — — ARTIFICIAL INTELLIGENCE
- - A technique which enables machines
Artificial Intelligence P _ -~ to mimic human behaviour
- :
Machine Learning
MACHINE LEARNING
__________ Subset of Al technique which use
statistical methods to enable machines
to improve with experience
Deep Learning
~
>~ DEEP LEARNING
SN~ —— Subset of ML which make the

computation of multi-layer neural
network feasible



Al in daily life
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Can you create a powerpoint presentation about Al for psychiatry?

© chatePT
I can certainly help you outline a PowerPoint presentation on Al for psychiatry. Below is
a suggested structure for your presentation. Feel free to customize it according to your
preferences and the specific information you want to include. Each slide title is

followed by a brief description of the content you might include.

Slide 1: Title Slide

* Title: "Al in Psychiatry: Transforming Mental Healthcare”
* Subtitle: [Your Name/Organization]
* Date

Slide 2: Introduction

* Brief overview of the current state of mental health globally
* Introduction to the role of Al in addressing mental health challenges
Slide 3: Why Al in Psychiatry?

* Discuss the limitations of traditional approaches to mental health treatment

* Highlight the potential benefits of integrating Al in psychiatry



Al for psychiatry

Input > Function Output
Features: b 505 Label:
Age y = € Diagnosis
Sex (bo + biX) Prognosis
Anxiety 1+e
Depression

Personality



Medical Al

Litjens et al. 2017, MIA
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Psychiatry vs general medicine

Standardised mean difference
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Leucht et al. 2012, BJP
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Problem 1: diagnosis

DSM-5 Field Trials in the United States and Canada, Part II:
Test-Retest Reliability of Selected Categorical Diagnoses

Slight Fair Moderate Substantial
Interrater reliability (kappa)

_
o

Number of diagnoses
O =~ N W b 01O N 00 ©

Regier et al. 2013 Am J Psychiatry; Landis & Koch 1977
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Problem 2: effectiveness

3671 patients

—

Step 1 37% SSRI

=

Step 2 31% Switch, addition, cognitive therapy

—

Step 3 14% TCA, lithium

—

Step 4 13% MAOI

1

67% recovery — 35%

Rush et al. 2006 Am J Psychiatry; Pigott et al. 2023



Problem 3: relapse
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Months in Follow-Up

Rush et al. 2006 Am J Psychiatry
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Can clinicians predict outcome?

Brief IPT or CBT (+SSRI) for depression
Response rate 62% (=5 points improvement PHQ)

« N=159
» 129 patients will improve (81% response) 80 correct
30 patients will not improve 12 correct
| Predicted
Yes No
Observed Yes 30 18
No 49 12

Smith et al. 2020, BMC Psychiatry
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Machine learning with clinical data

Citalopram (N=1949)

65%

Escitalopram (N=151)

-

60%

-

Spring Health &

Chekroud et al. 2016, Lancet Psychiatry



W
Medical Device Regulation

Ofticial Journal L117

of the European Union

English edition Legislation 5 May 2017

Volume 60

Contents

I Legislative acts

REGULATIONS

* Regulation (EU) 2017/745 of the European Parliament and of the Council of 5 April 2017 on
medical devices, amending Directive 2001/83/EC, Regulation (EC) No 178/2002 and
Regulation (EC) No 1223{2009 and repealing Council Directives 90/385/EEC and 93/42/EEC () 1

* Regulation (EU) 2017(746 of the European Parliament and of the Council of 5 April 2017 on
in vitro diagnostic medical devices and repealing Directive 98/79/EC and Commission Decision
T g e IO (00 00 TN Y LS 1T T 176
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Which scan is from a depressed patient?
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Standard univariate analysis

Amygdala volume

: p=0.041
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van Eijndhovenet al. 2009 Biol Psychiatry
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Machine learning analysis

Feature 2

\\;f/rnargg:

Feature 1
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Machine learning analysis
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Patient Control
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Structural neuroimaging

Original scan Gray matter Volume
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Functional neuroimaging

Yeo et al. 2011 J Neurophysiol
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Problem 1: diagnostics

* Neuroimaging biomarker for depression
» Europe: PsyMRI consortium

23 research centers

531 patients, 508 healthy controls
« China: REST-MDD consortium

25 research centers

1255 patients, 1083 healthy controls

Multisite resting-state fMRI Initiative (PsyMRI)
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Gallo, El-Gazzar et al. 2023, Mol Psychiatry
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Poor classification accuracy

MDD vs HC

i i il * s & &* s = psymn

mew  mddrest

mmm  psymri+ mddrest
GCN
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mean acc (std)
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linear-SVM rbf-SVM

Gallo, El-Gazzar et al. 2023, Mol Psychiatry



Univariate effect sizes

psymri
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Gallo, El-Gazzar et al. 2023, Mol Psychiatry
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Problem 2: treatment outcome

» ECT consortium (GEMRIC)
» 109 patients with treament-resistant depression
» 3 research centers with >20 functional MRI scans
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The Global ECT-MRI Research Collaboration

Bruin et al. 2023, Psychol Med
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Remission prediction: unimodal

AUC

B Internal validation
B External validation

Clinical VBM NMM Power FC ICA FC

Clinical data Structural MRI Functional MRI

Bruin et al. 2023, Psychol Med
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Remission prediction: multimodal

AUC

B Internal validation
B External validation

& S & 5
& % N \&

Bruin et al. 2023, Psychol Med



Meta-analysis MRI

W

log (Odds Ratio) [95% CI]

rTMS

Drysdale rep, 2017 — . 3.0 [2.01, 4.19]

Drysdale, 2017 —— 2.55 [ 1.69, 3.41]

Cash, 2019 — . 3.40 [ 1.45, 5.35]

Siegle, 2012 PR A 3.28 [0.97, 5.60]

Weiahed Estimate - 283(219,3471  81%

Psychotherapy

Quelirazza, 2019 g 2.15 [ 0.60, 3.70]

Costafreda, 2009 —_—a 2.71[0.03, 5.39]

Weinhad Fstimate mm— 2.54 [1.38, 3.70] 78%

Pharmacotherapy

Patel, 2015 — 4.28[1.35,7.21]

Meyer, 2019 . 3.50[0.27,6.73]

Marquand, 2008 L 1.99 [G0.13, 4.12]

Karim, 2018 — . 1.64 [0.42, 2.86]

iSPOT trials, 2014G2018 —a— 2.27 [1.23,3.30]

Gong, 2011 I S— 1.65[0.40, 2.91]

Godiewska, 2018 . 1.79[0.22, 3.36]

Costafreda & Nouretdinov, 2009, 2011 : —_— 416 [1.22, 7.10]

Weiahed Estimate - 21111552671  74%

Wade & Leaver, 2017, 2018 — . 1.41[0.15,2.67]

Wade, 2016 — 3.95 [ 1.64, 6.26]

Van Waarde, 2015 — 3.39[1.77,5.02]

Sun, 2019 —a— 2.48 [ 1.47, 3.50]

Redlich, 2016 e 3.30 [ 0.24, 6.36]

MorenoGOrtega, 2019 — 4.16 [ 1.22, 7.10]

Jiang, 2018 — 3.78 [ 1.51, 6.06]

Cao, 2018 e Ay 3.50 [ 1.07,5.93]

Weighed Estimate — 280211.3680 82% — 72%

Weighed Estimate E 252219, 2.85) 78%
T T T 1

6 125 35 5

log Odds Ratio Cohen et al. 2021, Transl Psychiatry



Meta-analysis EEG

Author and Year log (Odds Ratio) [95% CI]
CBT :
Hasey, 2015 P ——— 2.46[0.42,4.49]
pharmacotherapy
Cao, 2021 —_—— 3.72[1.79,5.64]
Shahabi, 2021 : — 554[268, 840
Zhdanov, 2020 : —— 3.04[2.03, 4.05
Mumtaz, 2017 ! —— 3.96[1.65,6.27]
Khodayari, 2013 | —— 384[0.73,6.95)
Weighed Estimate § - 350[2.71,4.29]
tDCS §
Al-Kayasi, 2017 4——%& 2.771[-0.33,5.87]
rTMS
Hasanzadeh, 2019 —- 470[265,6.75
Zandviakili, 2019 b e e 352[1.18,586
Bailey, 2019 —a— 3.81[1.88,5.74]
Erguzel, 2015 ——a— 430[251,6.09]
Khodayari, 2011 T 2.86[0.86, 4.86]
Weighed Estimate - 3.87[297,4.76]
Weighed Estimate ' - 3.53[2.98,4.09]
. | |

0 25 5

log Odds Ratio

AUC=0.83

AUC=0.91; 86%

AUC=0.86

AUC=0.93; 86%
AUC=0.92; 85%

Cohenet al. 2023, J Affective Disorders
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What about clinical predictors?

Neuroimaging predictors |
Al-Kaysi 2017¢ 9 10 : - 0.90 [0.55;1.00] 2.4%

Al-Kaysi 2017m 8 10 C 0.80 [0.44;0.97] 24%
Bailey 2018 46 50 i — 0.92 [0.81:0.98] 4.8%
Costafreda 2009 12 16 H— 0.75 [0.48:0.93] 3.1%
Khodayari-Rostamabad 2013 19 22 : 0.86 [0.65;0.97] 3.6%
Korgaonkar 2015 128 157 —— 0.82 [0.75;0.88] 5.9%
Liu 2012 14 17 - 0.82 [0.57:0.98] 3.2%
Marquand 2008 13 20 - 0.65 [0.41;0.85] 3.4%
Mumtaz 2017 30 34 — 0.88 [0.73;0.97] 4.3%
Patel 2015 30 33 — 0.91 [0.76;0.98] 4.2%
Redlich 2016 52 67 —B— 0.78 [0.66:0.87] 5.2%
van Waarde 2014 38 45 —— 0.84 [0.71:0.94] 4.7%
Wade 2016 47 53 — [0.77;0.96] 4.9%
- [0.81; 0.88] 52.09

Clinical predictors

Chekroud 2016 1,543 2,374 :0.87] 6.5%
Etkin 2015 479 865 E E :0.75] 6.4%
Iniesta 2016 523 793 . : :0.69] 6.4%
Kautzky 2017 1,057 1,409 B ;0771 6.5%
Serreti 2007 93 145 —a— .56; 0.72] 5.8%
Random effects model - 64; 0.73] 31.8Y
Random effects model 6,325 <z 0.80 [0.75; 0.85] 100.0%

Heterogeneity: 12 = 89%, 1° = 0.0134, p <0.01 ' ' ' ' '
05 06 07 08 09
Classification Accuracy Lee et al. 2018/2020, JAD



Al for psychiatry?

« Diagnostics: poor
Disease heterogeneity
No ‘golden standard’

» Treatment outcome: good
Neuroimaging ~85%

Clinical variables ~68%

» Relapse: ?
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Personalization of treatment

Remission

1:3 SSRI, CBT

1:4 SSRI, CBT

1:4 rTMS

1:7 TCA, lithium ;JW'

1:3 Ketamine h/
Ie

1.7 MAOI -

1:3 ECT

1.5 DBS

Rush et al. 2006; Carpenter et al. 2012; Bergfeld et al. 2016;
van Diermen et al. 2018; Fedgchinet al. 2019
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Personalization of treatment

Remission Remission
1:3 SSRI, CBT 4:5 SSRI, CBT
\V
1:4 SSRI, CBT 4:5 SSRI, CBT
N
1:4 rTMS 4:5 rTMS
N
1:7 TCA, lithium gu' TCA, lithium
1:3 Ketamine ﬁ; Ketamine
1:7 MAOI MAOI
1:3 ECT 4:5 ECT
\V
1:5 DBS DBS

Rush et al. 2006; Carpenter et al. 2012; Bergfeld et al. 2016;
van Diermen et al. 2018; Fedgchinet al. 2019
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Personalization of psychotherapy

Depression
CBT or IPT

PTSD
EMDR or TF-CBT

GAD
CBT or ACT

BPD
DBT or MBT



W
BOOST Depression consortium

Now: stepped care

'i' — E]D[ﬂ - & =R
Q2 O 0

Future: biomarker-guided treatment

m )
é& # & &@ CBT
= EEG (epi)genetics
w @ .ﬂ = I SSRI
MRI questmnnalres ’ rTMS
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BOOST Depression consortium
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Patient recruitment

* Inclusion

Primary MDD (DSM-5, MINI)

HRSD > 15

Indication: SSRI, CBT, rTMS, esketamine, ECT
» Exclusion

Bipolar, psychotic, substance use disorders
» Treatment according to guidelines



Future?

 Clinical decision support system (CDSS)

» From stepped-care towards personalized treatment
“first time right”

» Faster recovery
Burden
Absenteeism
Waiting list
Workload
Costs




Thanks to?

Amsterdam UMC, AMC Consortia

*  Willem Bruin * GEMRIC

* Selene Gallo * PsyMRI

*  Ahmed El-Gazzar * REST-MDD

* Sem Cohen

« Jasper Zantvoord BOOST Depression

* Rajat Thomas

UMC Utrecht
«  Annemieke Dols

UvA
e Steven Scholte

Rijnstate
e Jeroen van Waarde



