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How did we get here g_f_p_g

European Federation of
Psychologists’ Associations

} Emergence of Al during in 1950s

oéethe effort t o automate 1 nt e
by hulmansbé

mathematician Alan Turingpe121954)0 development of a general
purpose computer applied to cryptography problem
development of expert systems

useful for development of wetlefined, logical problems

unable to solve complex, ofuzzyo PASling TS

A image classification
A Speech recognition

A language translation
A face recognition

é ENIGMA
machine

p2!

1 Chollet &Allaire (2018) The Promises and Pitfalls of using Machine Learning in Mental Health, Octéh2023
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How did we get here e

} History
15t Artificial intelligence boond
oexpert systemso
fueled by computer tech of 1980s

decision rules & specific domain
knowledge harecoded

domain specific Al (e.g. chess,)

Artificial Intelligence

Gary Kasparov vs. IBM Deep Blue
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How did we get here efP

} History
2st Artificial intelligence boond
learning machines

from orul es + dat a
odata + results =

algorithms not haretoded, but learned
from data, based ol
structure A meaningful transformations

internet and the rise of Big Data

Artificial Intelligence

Machine Learning

alarm code soil rout
circle raid hot

shute risk riot

clock visit not
did must
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How did we get here

Artificial Intelligence

Machine Learning
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} History
3t Artificial intelligence boond
odeep |l earningo &
easy to use ML softwan@+, python)
explosion of data availabili#yBig Data
gamingindustry af f or dabl e G
iIncreasing impact in field of mental healtt

S

NVIDIA

GPU CLOUD

Annual Review of Clinical Psychology

Dominic B. Dwyer, Peter Falkai,
and Nikolaos Koutsouleris
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Overview of supervised &

¢,

ip

unsupervised machine learning

Psychologists’ Associations

Machine Learning

Methods |
¢ | A
Supervised Reinforcement Unsupervised
Learning Learning Learning
1 labeling cases to facilitate } labeled cases need not be 1 learning to automatically detect

learning specific rules that can be
later applied to unlabeled cases }

} Image classification, prediction
depression based on ri&k

LVictor et al.(2019) Komorowskiet al. (2018)Miotto et al. (2016)

ﬁ{)‘isceo”rﬁig{j‘é‘ d subptimal actions subgroups of individuals based on

exploration (of uncharted similar profiles of data
behavior) via mechanism of actlop clusteringbased on cognitive

generation and feedback on performance, genes, neuroimaging

success in discrete tirrgteps o ) _
predicting disease based on patier

traffic light control, playlnggoker _
Artificial Intelligence Clinici recordsd Deep Patient
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oShall owdo Machine Lear n. \=tE-"Me
} Basics of Supervised Machine Learning e
In supervised learninQLASSIFICATION or REGRESSION — -
metrics for parameter tuning iIBstimation Accuracy P f»%% ?;ge)uivw
e _ _ Actual )
for classification measures of based on confusion matrix: Class
Accuracy (ACC) | S =
.. N | Positives Negatives
Recall or True Positive Rate (TPR) (FP) (TN)
Precisionor Positive Predictive Value (PPV) :
F1or FF-measured combination of Recall & Precision ACC — (TP +TN)
area under the ROC curve (AUC) - (TP +FP + FN + TN)
for prediction in context of regression: Recall = TPR = — L
Mean Absolute Error (MAE)- average of the absolute differences between (TP +FN)
predictions and actual values i TP
Mean Squared Error (MSE) similar to MAE PPV = (TP + FP)
R"2 Metric - coefficient of determination TP
F — measure =
2TP + FP + FN

The Promises and Pitfalls of using Machine Learning in Mental Health, Octéh2023
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} Basics of Supervised Machine Learning

commonissue with classifying in clinical settings 9 the group we are trying to predict is
significantly smaller than the comparisongroup. e. peopl e with a met

misleadingly high accuracy & prevalence of 5%, accuracy 95% (basetaseraté :@:

optimizing models with suclinbalanced data

estimating accuracy usiBglanced Accuracy (in terms of true positive and negative cases balanced
the sample size of each positive and negative group), sometime&ldsoF1 andCohen Kappa

different methods to offset different group sizes:

An estimated 1 in 6 people experienced a

A class reweighting with optimization algorithm (adapt cost function) ‘common mental disorder’ like depression or
. anxiety in the past week.

A undersampling larger group (when lots of data) ®

A oversampling of smaller group

A Synthetic Minority Ovesampling Technique (SMOTE)

1 Chawla Bowyer, Hall 8&Kegelmeye(2002) The Promises and Pitfalls of using Machine Learning in Mental Health, Octéh2023
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Shall owd Machi ne Lear n.
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} Basics of Supervised Machine Learning
Two -sets of parameters

parameters ( wei ght s, support vectors, [t | o Tigam —s b
hyper-parameters (model setup, architecture) [ 0SS GP0 000000000000

[teration 2| QP PV DT0900000000

Data requirementsraining, testing & validation dataset i i et 1

Training datased tune parameters e i el i
Testing datased evaluate hyper -parameters (under or over-fitting)
Validation datased evaluate on independent data

\:fold Crossvalidation often used to create training and testing dataset/*x X I
usually 5to 10-fold cross validation recommended xx’ ,' \:x X X ‘:x
bootstrapping may also be used e [ | PLage
Data Explosion in Age of Big Data o
from longform (more cases than variables) to witam e oo )
(more variables than cases)
Issues of variable selection
| mportance of parallel computing (taking advan

1 Gatys Ecker& Bethge(2015) The Promises and Pitfalls of using Machine Learning in Mental Health, Octéh2023



oShall owd Machi ne

} Support Vector Machines
findings cases that best separate growjaslel parameters)
projection in (high)dimensional feature sp&ce. Big 5, Facebook data)

model hypeiparameters ¢, “‘o
distance from best hypaylane separating groupsparameter) & type of kernel °c ® °
o

Kernel trick: projecting data into
parameter

® a new (e.g.8) dimension
o o
° o
o
® o
o
O ® O
ne\ ®
\ ® Po © < erne!

lynomi
SupportVectors al Kerne|
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oShall owd Machi ne

} Random Forests

based on decision trees

consecutively looking at best splits of groups after splitting
based on predictor
predictions are combined from many decision trees by using ks
votingA orandom forestao oo Tree: .

job offer?

algorithm takes advantage of a concept in ML called
Ensamble Learning

the combined predicative power of weak learners is more
robust and stronger than each individual algorithm

other similar concepts such as boosting (improving on
weakness of models trained in previous step)

among the more competitive et

variable importance metriés
importance for prediction & degree of interaction witha r 0 s

1LouppeWehenke| Sutera& Geurts (2013) 2Ribeiro, Singh &uestrin(2016) The Promises and Pitfalls of using Machine Learning in Mental Health, Octéh2023
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owOoO Machi

} Random Forests 0 Example

predicting Employee Turnover based on multiple

predictors in Company
bootstrapping used for parameter estimation
results given in terms of variable importance

TaBLE 3: Importance score of 30 features.

n e

No. Feature Score No. Feature Score

1 MonthlyIncome 0.2816 16 EducationField 0.0137
2 OverTime 0.2762 17 WinningCount 0.0100
3 Age 0.0665 18 Gender 0.0093
4 DistanceFromHome 0.0431 19 NumberCompaniesWorked 0.0073
5 YearsatCompany 0.0317 20 HaveChildren 0.0069
6 PercentSalarylncrease 0.0306 2 EnvironmentSatisfaction 0.0065
7 YearsinCurrentRole 0.0289 22 RelationshipSatisfaction 0.0062
8 TrainingTimesLastYear 0.0257 23 JobSatisfaction 0.0060
9 YearsSinceLastPromotion 0.0250 24 EmploymentNature 0.0056
10 YearswithCurrentManager 0.0218 25 MaritalStatus 0.0036
1 AvgWorkHours 0.0211 26 PerformanceRatingLastYear 0.0031
12 TotalWorkingYears 0.0208 27 WorkLifeBalance 0.0015
13 JobLevel 0.0173 28 PhysicalCondition 0.0007
14 Education 0.0141 29 JobRole 0.0007
15 DepartmentType 0.0140 30 NativePlace 0.0004

An Improved Random Forest Algorithm for

Predicting Employee Turnover

Xiang Gao(®,' Junhao Wen(,” and Cheng Zhang'

! College of Computer Science, Chongqing University, Chongging 400044, China

n Federation of
ts’ Associations

M ¢

*College of Big Data ¢ Software Engineering, Chongqing University, Chongging 400044, Chinga

SEUOPUEY

Decision-tree
——w| classification
result 1

Decision-tree
| classification
result 2

Decision-tree

classification
result k

UL RIS SRR s ajap Sunjos paauite g
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SSSSSSSSSSSSSS

} Random Forests - Example
good practice :validation dataset + baseline |
be wary of ML studies reporting high accuracy

An Improved Random Forest Algorithm for
Predicting Employee Turnover

1Lou et al(2016)

without a separate validation dataset !!!

oGui deli nes for Devel 0o .. .

. . . . . 9.53% 1 oo
Machine Learning Predictive Models in o —— e i
Bi omedi cal Research?t! A -~

TaBLE 4: Experimental results of different algorithms. 1;’323; ]
Algorithms  Recall F-measure ROC Area ACC (%) :Z:;, |
RF 0.627 0.698 0.850 92.65 e "
50.00% - - - b

C4.5 0.561 0.564 0.773 91.05 w0 .

Logistic 0.469 0.259 0.807 90.20

BP 0.502 0.560 0.781 89.30 ..

WQRF 0.653 0.711 0.881 92.80 a7

60.00%

40.00%

65.50%

90.47%. B

98.32%

98.89%

Overtime = Yes

Attrition = Yes
Attrition = No

Overtime = No
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} Other Methods :
Principal component analysis (PCA) (Pearson, 1901)
Lineardiscriminantanalysis (LDA) (Fisher, 1936)
Isometric feature mappindgsomayp (TenenbaumSilva, & Langford, 2000)
Extreme Gradient Boosting (Chen&uestrin 2016)
Single Layer Neural Networkd e.gperceptron(Rosenblatt, 1957)

} Revolution with the development of Deep Learning

Geoffrey Hinton and two students attended the 20ll2ageNet_arge Scale Visual
Recognition Challenge (ILSVRC2042)on the first place with more than 10% improvemer
of top-5 test error rate over the second best entty

Devel opment o CompuRWnifseed Reniak Archhie@@Uu®A) in 2010s allowed
training of multilayer neural networks

IKrizhevskyet al.(2012) The Promises and Pitfalls of using Machine Learning in Mental Health, Octéh2023



Fundamentals of Deep Learning —
} Neural Networks o neurons as inspiration
neurons perform computations by aggregating information 'y, S .

from incoming connections to dendrites and then passing a ) \
signal along the axon to the next neuron or muscle junction :

I Xp ,-‘_ . , "
the connections that are more often used (and/or prove R = e sess. OUEPUES
beneficial) are strengthened, others disregarded ows >

ounits that firebDdabHgbet her, wire togethero

combining neurons together in a network & using feedback edral Network
I Hidden
loops allows for complex computations fisger

Input
Layer

||||||||

} Artificial Neural Networks
Input layerA hidden laye®y output S, \V{ .
mathematical models that throughrepeated process of .

iterations compute the optimal connections between the
iInput, hidden & output layer® get the predicted output

The Promises and Pitfalls of using Machine Learning in Mental Health, Octéh2023
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Fundamentals of Deep Learning g v—
1 Deep Learning & stacking multiple hidden layers e
combining multiple hidden layers together turns out to improve
o . . TV N
prediction accuracy and enables abstraction of informadigust like @
an information distilleryébut \
each layer level learns to transform its input data into a slightly more H
abstract and composite representation AINNKAD @@\
e.g.image classification: \ /
first layer may abstract the pixels and encode edges Q

second layer may compose and encode arrangements of edges
third layer may encode a nose and eyes
fourth | ayer may recognize that th

Deep Neural Network

Hidden Layer

Input
Layer

language processing, audio recognition, social network filtering, .:jj:""':j:é
machine translation, medical image analysis, material inspection arl._— ™\
board game programs

Is able to learn which features to optimally place in which level on its ow —— 7 N oupt
successful application in computer vision, speech recognition, natu “"fé} % % RN

1 Chollet &Allaire (2018) The Promises and Pitfalls of using Machine Learning in Mental Health, Octéh2023
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Fundamentals of Deep Learning .

Pyhl e

1 ConvolutionalNeural Networks (CNNs}
CNNs are able to detect spatially invariant features with progressive abstraction
the first to achieve humanompetitive performance on certain practical applications

Image classification of small & large objects in cluttered scenes

able to generated data that reflects spatial characteristics at different scaIeGso ar by pablo

pavid

1 Gatys Ecker& Bethge(2015) The Promises and Pitfalls of using Machine Learning in Mental Health, Octéh2023



Fundamentals of Deep Learning

} CNNOs reproducing

lower levels of CNN (a, b, c) reconstruct ar
original image almost perfectly, at higher
levels @,e) only highlevel content is
preserved

style representation are computed as
correlations between the different features
In different layers of the CNNhat match
the Istyle of a given image on an increasin(
scale

at same time discarding information of the
global arrangement of the scene and
capturing their general appearance in tern
of color and localized structures

two images can synthesized by finding an
Image that simultaneously matches the
content representation of the photograph ¢
style representations of the artwork

I ipud

Content

1 Gatys Ecker& Bethge(2015)

art

| Sti C

|
?
T

]iu|.‘|w,;.u A0S

|
Uiy ¢
Y

7 v
[)
¥,
Content
Representalions
” i
" P N
"
3

Reconstructions
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Fundamentals of Deep Learning

+ Transferring layers to new problendstransferring knowledge

using layer from prérained network to solve smaller sample picture classification

solving classification problems of 4000 cats & dogs with the help ofganed network layer, trained
on ImageNet (collection of 1.4 million labeled images of over 1000 categories)

transfer of layers from deep neural networks (DNN) for language translation

e.g. layer from DNN for translating English to French transferred to translating English to Italian en
faster learning of new association

1 Similar performance to humans in terms test item difficulty

study looking at IRT indicators of question difficulty (based on Fapeaccion

responses from 1000 humans from Amazon Mechanical Turk L

assessing pairs of premise & hypothesis (ggifigthen) s

as DNN trained with more data easier examples are learned T . - Ty

more quickly than hard ones S—. — —
} Great flexibility in Deep Learning Architecture P DU Prowre

Combining mulimodal datgtext, picture,geel oc at i on ¢é)
1 Chollet &Allaire (2018), 2Qi et al. (2018)3 LalorWu, Munkhdala& Yu (2018) The Promises and Pitfalls of using Machine Learning in Mental Health, Octéh2023
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Fundamentals of Deep Learning —

} Generative Deep Models ‘

recurrent Neural Networks (RNNs) to map text Probabiy
stream intoa latent language space il e ret N
possible to sample the latent language space to Thecstsntontbom —of Lang;a?e L J gy ser | .
obtain the prediction of the next token (e.g. word) in | : —
a next stream Y .,

variability of sampling has important implication for mecatsatonthoms | iy l*J.I“\ | —

text reproduction -
(e. g. replicating text from Friedrich Nietzsche)

no variability(low temperature = 0.20) realistic, repetitive, realistic

A cheerfulness, friendliness and kindness of a heart are the sense of the spirit is a
man with the sense of the sense of the world of the -selfl and self
concerning the subjection of thetrengthorixesd the subjection of the
subjection of the subjectionéeé

limited variabilitymedium temperature = 0.50)unusual, yet still comprehensible

A cheerfulness, friendliness and kindness of a heart are the part of the soul who
have been the art of the philosophers, and which the one won't say, which is it
the higher the and with religion of thiegencesthe life of the spirit among the
most continuesgé

great variabilityhigh temperature = 1.00)non-existent words, less plausible

A cheerfulness, friendliness and kindness of a heart are spiritual loyutinee for
the entalledis, heastragedor errors to our you idstood-and it needs, to think . : .
by spars to whole themvivesf the newoatlyprefectlyraal$ Friedrich Nietzsche

The Promises and Pitfalls of using Machine Learning in Mental Health, Octéh2023



Fundamentals of Deep Learning & A\ Ef
Other Machine Learning Methods P

} Tuning parameters & hyp@arameters
parameter tuning mostly gradient descent
optimizing hypeparameters currently more an
art than a science
3 datasets: training, testing, validatltn

A
E
NEGATIVE SLOPE

POSITIVE SLOPE
10

FLUCTUATION *
close to the
LOCAL

MINIMUM /" °

R, 8 !

PLocAL
L MINIMUM

GLOBAL

DD MINIMUM S

Dec?asfe w lncl;ease w
} Current trends
Art Images — A Train with artinot art labals and style elass Iab&ls faking a PlcaS@adversarial networlgs
With sie . l R . .
ismee O, ; _:» [ e - 2 networksd 15t producing, 29 evaluating
Discriminator [ Art-style classification | .
; — —" T ; Program Synthesis
Generated ! Style Ambiguity '_'_I ] . .
Fome S— T—— using genetic or other algorithms to develop
computer code

nestinghypep ar amet er eval ua
owhil ed and other pr o(

emphasis on using unstructured data

1Chollet &Allaire (2018) 2Elgammal, Liilhoseiny& Mazzong2017) 2Kant (2018) The Promises and Pitfalls of using Machine Learning in Mental Health, Octéh2023
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Large Language Models (LLMs) N\ ef

Basic Principles o

Pyhl e

Neural Machine Translation

} recurrent neural networks (RNN)
how many words forward and back to take

“ m into account?

how to take word order into account
( e bay chages dng \d@g.chases by

how to account for context( e Mgnightadl )

Neural Machine Translation
SEQUENCE TO SEQUENCE MODEL WITH ATTENTION

Encoding Stage Decoding Stage

| rotransformerd archit

M| OAttention is all you néeehsvanet al., 2017)
d dynamic weighting of all words in a text

weighting of connections for the prediction of

Jui suis dtudiant

e words within model is dynamic and weighted
. M differently according to current combination
d taking context into account

—_ + convolutional neural network@CNN)

Iarge model® millions of parameters The Promises and Pitfalls of using Machine Learning in Mental Health, Octéh2023



Large Language Models (LLMS) A\ efpa

Tools for psychological research o re—

Psychologists’ Associations

+ types of Iarge |anguage models BERT-Based Transformers for Early
BERT Bidirectional Encoder Representations Detection of Mental Health Ilinesses

from Transformer

O ansio e S Rodrigo Martinez-Castafio™?®™) Amal Htait?, Leif Azzopardi?,

T5 (Textto-Text Transformer and Yashar Moshfeghi”

. . . ! Centro Singular de Investigacién en Tecnoloxias Intelixentes (CiTIUS),

conversational modelg&enerative Pretrained Universidade de Santiago de Compostcla, Santiago, Spain
rodrigo.martinezQusc.es

Tran Sform e)-S ala ChatG PT 2 Department of Computer and Information Sciences, University of Strathclyd

Glasgow, UK

{amal.htait,leif.azzopardi,yashar.moshfeghi}@strath.ac.uk

1 large language models dagge

ilh Abstract. This paper briefly describes our research groups’ efforts in
ChatG PT3175 b|”|0n parameteré lOOOX IeSS tackling Task 1 (Early Detection of Signs of Self-Harm), and Task 2
than COnneCtIOHS IN braln, 500 bl”lon besed, prICe Of (Measuring the Severity of the Signs of Depression) from the CLEF

eRisk Track. Core to how we approached these problems was the use
of BERT-based classifiers which were trained specifically for each task.
G LaM 1 2 b” Our results on both tasks indicate that this approach delivers high per-

( . lnon paramEte I’S) formance across a series of measures, particularly for Task 1, where our
submissions obtained the best performance for precision, F1, latency-
weighted F1 and ERDE at 5 and 50. This work suggests that BERT-
based classifiers, when trained appropriately, can accurately infer which

computing power 12 milion $)

} add Itl O n al 0 ptl m Izatl O n Of m Od eI social media users are at risk of self-harming, with precision up to 91.3%
. . . for Task 1. Given these promising results, it will be interesting to further
pOSSI ble for SpeCIfIC pu rposeé |. e . refine the training regime, classifier and early detection scoring mecha-
. . . . nism, as well as apply the same approach to other related tasks (e.g.,
p red | Ctl O n Of Se Hh arm | n g be h aV| O I’ anorexia, depression, suicide).

The Promises and Pitfalls of using Machine Learning in Mental Health, Octéh2023



Application in Clinical Psychology & other
Domains of Psychology




Vefpa

Prediction of risk and outcomes

Psychologists’ Associations

e ~= |+ Predicting suicide notoriously difficult
LD rare but highly significant evént
EU 11/y00@ Slovenia 194yq

The use of machine learning in the study of suicidal and non-suicidal self-
injurious thoughts and behaviors: A systematic review

Contents lists available at ScienceDirect

}+ focus of (Machine Learning) ML studies
Improve prediction accuracy
7- Directions for future research earlier reviews of norML prediction (AUC ~ 0.58)
7.1 Broaden outcomes and indicators \nrn o FORWARD better ML prediction (AUC ~ 0.71 to 0.89)

7.2. Broadening research questions

identify important indicators & interactions
identified well known risk factors (depression, earlier

7.3. Advancing ML techniques

e swudies 12 %5 attempts, psychiatric hospitalization)
et sampl®- PP O, o ﬁg ale‘ﬁ;“”m?;a%: identified unusual indicators in clinical notes
i5%;;“;};“‘2?33@iﬁg{ﬂiﬁj“"ﬁi‘f‘é?ﬁ;ﬂi e et model highrisk subgroups
iiamﬁda;fﬁ;ﬁnaﬁj;jjif;ame\awdﬁ“”“" r specific highrisk groups identified using decision tree:
© pich over-fLANE e.g. female adolescents, high depression, delinguen

1Eurostat(2014), °Bae et al. (2015) The Promises and Pitfalls of using Machine Learning in Mental Health, Octéh2023



Prediction of risk and outcomes
+ Tackling Depression by Mining FaceBook

Vefpa

European Federation of
Psychologists’ Associations

text mining (e. g. studying psychological states and traits Baiceppookposts-9)

di fferent
captures

wWriteros
t hat

deter mi ne
categories

peopl eds

t hi nk
a l anec

emoti ons,

SsoC.I

key word and phrases identified by frequency rank or by special metrics (term freqoemagrse
document frequency), which measures the relative information value of a term

TF (number of times a term occurs in a document)DF (the log of the number of documents a term occurs in)

many

e.g. the word otheodo occurs in
Depressed Mood & Feeling Loneliness
- soon |
. crying Wi kinda);, 52 reein petter care feelores. boybabymssi
. . . s worl@PC. bit kinda_ underetand feelings T s S
Facebook language predicts depression in ck "aesfeelittle sometimes [ % “ishamueh(
. t s%arténg f?e“‘* " hurtssorneuol;‘%emotions “MISS soo
medical records ye - feeling ne” already
Johannes C. Eichstaedt™'?, Robert J. Smith®", Raina M. Merchant®*, Lyle H. Ungar®®, Patrick Crutchley™®, B=.17 ok kBH p=.11 k% B= .14 **BH

Daniel Preotiuc-Pietro®, David A. Asch™9, and H. Andrew Schwartz®

Hostility Somatic Complaints Medical Refs.
(683 patients) Wif d i

) erked rite erkedax (‘}0 worstnose ughkillingtooth meds  gdoctors e
114 depression contPSet anmnoyed hateirke. s bady pain ‘1‘"”’"( s i mae-hospital

irkedpe htnOWerk nervespi**ed> headacheS | CK( bad urt blood “Pessucers
- % at ali)gg::éi f*es*inerkugh stomaffh feeling ugh opayinhead m?r%'g erhy | h?rlaying

. . S : t!
screening for depression %*‘*‘*m ‘feel ruring UrtS =
/3= .15 %**BH ﬂ= 12% B= 17 F**BH B= 15 **#BH p= 20 **#8BH

document s, b

&
o

F
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\
N
%
-
—
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Prediction of risk and outcomes

} Other studies with similar goals for ML
identifying pospartum depression from social media posts

Prediction of postpartum depression using machine learning TABLES D-CC performance scores
techniques from social media text DCClayer  Classifier Accuracy Precis |
10-fold CV.  SVM 89.42 89,469
. - . - . MLP 91463 9183
Iram Fatimal®® | Burhan Ud Din Abbasi? | Sharifullah Khan? | Majed Al-Saeed! | o 0031 0048
H 1 H 2 : :
Hafiz Farooq Ahmad! | Rafia Mumtaz Holdout UM 90.44 90,61
MLP 2170 9174 wLIY
a5 LR 20.84 20,20 90.87
&m]nxon d dwce'& ‘ﬁ?@%?’thlnijS \N\K@anyone
g‘:—‘ é @ng 5 =DM cand
h\%lgi ‘. o g@;"'*-"_ " TABLE® Validation of feature set from psychology literature
() 45 0Ly
/ 9\ "’.f‘ 7 Feature Current work Petrick (1984) Boyer (1990) Beck (2001)
gOOerlekes - me\ G
know R . |1 51 M Socwe=w - Famiky Emotional support of partner and/or family  Support from famiky Social support
; : Feeling unloved by partner Marital relationship
FIGURE3 Word clouds for post titles. PPD, postpartum depression
2 Drive Recent major changes in ones’ life Lack of control of one's life Self esteem
i PR P e Difficulty making changes
L \'ayt 8 dg s inGseVen(Tre) Temiensst | 3 D ll
ea m evens X %,pl,:lﬁglr)g I | K A %S‘, b eath Fear of illness
thin N o .
cl 1 = he /}7 MRSt e G """;f, i i H o
gmmLéal Iyl eg ét \'-\\\lo? .;.9 %’g@:/@:’]u~;1 Je]%uyw = ,3 4 AFIEET -IE'LHBF!" at your |IfE situation
sty nJ U S de”btjgns I'xiut 8?)}50 k ) d’vv!‘\"r"?‘yq‘;:’; ~ 5 Home Financial, housing, or other personal problems Life stress
wantyea 2 ' vill s . .
ol QOPJ.‘?.WOI‘I(W'" we:“é‘ﬁ* L l r/«@l@)’@ MVW@QE“LRQ &| Socio-economic status
(n) Daily Life (b) Depression & Megative emotion Feel it is your fault when bad things happen to you

FIGURE4 Word clouds for post contents. PPD, postpartum depression

The Promises and Pitfalls of using Machine Learning in Mental Health, Octéh2023



Machine learning as tool for A\
. . ef
understanding complexity

Pyhl tA

1 Random Forests to find features associated with specific psychiatric disbrders
113 psychiatric patients & 51 healthy control cases
schizophrenia (n=60), schizoaffective disorder (n=19), bipolar disorder (nexdipplardepression (n=14)

used multiclass classification to examine predictedsstive, negative, and general psychopathology
symptoms, cognitive indexes, global assessment of function (GAF), and parental ages at birth)

reported good accuracy with RF (Accuracy = 0.93), but no validation dataset

a i i . . c Importance Ranking of Variables
Importance Ranking of Variables b Importance Ranking of Variables p g
General psychopathology I 0.107 GAF-c I  0.087 GAF - ¢ I —— 0.057
]
Positive 5x G 0082 GAF-p I 0.059 Paternal age 0.055
) GAF-p I (026
Negative Sx N 0.04 PSI I 0.039
PSI I (.018
WM I 0.01 VvCl I 0.024
VOl . 0.016
PSI M 0.009 WM I 0.
S POl I 0.014
POl NN 0.008 Paterna lage I 0014 General Psychopathology IEEEEEE 0.007
Maternal Age Il 0.007 PO N 0.012 Maternal age EEEEEE 0.006
vCl I 0.007 Positive 5x I 0.01 WM 0.006
0 0.02 0.04 0.06 0.08 0.1 0.12 0 0.02 0.04 0.06 0.08 0.1 0 0.01 0.02 0.03 0.04 0.05 0.06
Mean Decrease in Accurac y (MDA) Mean Decrease in Accuracy (MDA) Mean Decrease in Accuracy (MDA)

IWalsh-Messinger et a{2019) The Promises and Pitfalls of using Machine Learning in Mental Health, Octéh2023



Machine learning as tool for
understanding complexity

} Identifying psychosis spectrum disorder
from experience sampling data (ESM)
using ML approaches
ESM is a validated, structured diary approach to capture
momentary mental states (emotions) in the context of

daily life, using repeated assessments and alerting
participants by means of prompts (e.g. mobile Apps)

260 psychosis spectrum patients & 212 healthy controls

filled out questionnaire with Hiems 10x per day
three positive (cheerful, relaxed and satisfied)
Six negative (anxious, down, guilty, insecure, irritated, lonely)
one psychosis specific item (suspicious)

SVM6s indicated
anxious and insecure levels
dynamically accelerating anxiety & insecurity

capturing sgddcwsso veadher
oupso or odownsoOo i mportant

t hat

« ¢ , PSYCHOSIS

Vefpa

European Federation of
Psychologists’ Associations

Rank varlmp(LVQ) RFE ReliefF

1 acc.anxious.interq cheerful.q0.1 cheerful.q0.1

2 insecure.q0.9 Age relaxed.med

3 acc.anxious.q0.9 accanxious.interg velo.guilty.q0.1

4 down.q0.9 satisfied.q0.1 relaxed.q0.9

5 lonely.q0.9 lonely.q0.9 velo.rritated.q0.9

6 cheerful.g0.1 accsatisfied.inter down.g0.9

7 anxious.q0.9 suspicious.q0.9 insecure.q0.9

8 acc.insecure.interq accanxious.g0.9 velo.suspicious.interg
9 insecure.interq accinsecure.nterq suspicious.q0.9

10 down.interg lonely.interg velo.suspicious.q0.1

Common in top 20: cheerful.q0.1, insecure.q0.9

Variable rank with Leaming Vector Quantization (LVQ), Recursive Feature Elimination
(RFE) and ReliefF feature selection methods applied on the dataset including base, velocity
and acceleration data in normal values, with V2 aggregation applied. Abbreviations in var-
iable names are as follows: acc: acceleration, interq: interquartile, q; quantile, velo; veloc-
ity, med: median.

SYMPTOMS OF

—— SVM Radial
—— SVM Polynomial
—— GP Radial

T T T T T I
0 0.2 0.4 0.6 0.8 1

1 - Specificity
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T h e p Ote n tl al Of M L g e n e rate d d ata PsychOIORLS: Ascomiatons
} TechnologyEnhanced Human Interaction in ==
M ental Health Tre atment Technology-Enhanced Human Interaction in Psychotherapy
with natural language processing ML models =~ ™"

have been used to automatically classify
psychotherapies & interventiohand test basic

theories of empathy in the context of In essence, the platform empowered its users
psychotherapy from session transcri@ts .| to help each other think more hopefully abougj
: : & the world. Unlike traditional peer support i
Ml—_ used t_o autome_ltlcally generate sess_lon | platforms, all interactions on our service were
ratings of interventions such as Motivational supported and augmented by Al. P cach
Interviewiné (n=84)/ 00 online expressive writing !
4 T (n=82)A posting descriptions of stressful |, (o,
KOkO. smartphonepl_atform pl’QVIdII’]g thoughts & situations, with recievingp (ded i.v
emOtIOna| and COgnItlve reframlng through Crowdsourcedreappraisa| Support after post ’::j;‘:'_
crowd-sourced responses sorted and presented | A improvements for depression, reappraisal cor-
to clients by machine learning algorithms andperseverativehinking
Clinical Trial at MIT- (https:llltskoko.com/) Deep Learning for detecting thinking errors &™”*"

Imel et al(2015), 2Lord et al. (2015)$Gibson et al. (2016}Morris, Schuelle& Picard (2015) emotions (RojasBarahonzt al., 2018) ference




The potential of ML generated data —P—

European Federatior
Psychologists’ Associations

PSYCHOMETRIKA—VOL. 83, NO. 4, 847857

Machine-learned selection of psychological : DEcEMBER 2018
https://doi.org/10.1007/s11336-018-9608-y

questionnaire items relevant to the development of

. . AUTOMATED ITEM GENERATION WITH RECURRENT NEURAL NETWORKS
persistent pain after breast cancer surgery

B s o 2 : ; MATTHIAS VON DAVIER
]J. Lotsch=*, R. Sipila”. V. Dimova~ and E. Kalso
NATIONAL BOARD OF MEDICAL EXAMINERS

+ 3000 women followed up-years after } synthetic item generation not new
breast cancer surgery earlier relied on generating clones of
1 Goal: find items from test battery that narrowly defined items or extensive analysis
best predict persistent pain of task components and derivation
Beck Depression Inventory (BDI) } automated item generation using recurrent
StateTrait Inventory (STAI) neural networks (RNN)
StateTrait Anger Expression Inventory LSTMRNN (256 cells per layer, 2 hidden

_ layers, 64 cells per layer 4 hidden layers)
+ Random Forest with -tem set (10%) same

predictive power as full battery + learned from 3,320 items from
Balanced Accuracy = 0.64 International Personality ltem Pool
+ 100G-bootstrap sampling, but no validation ( )

24 automatically generated items with 17 item from the
data sample item pool reproduced big 5 structure

no systematic difference co
The Promises and Pitfalls of using Machine Learning in Mental Health, Octéh2023
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Natural language analyzed
with Al-based transformers

predict traditional subjective
well-being measures approaching

the theoretical upper limits

In accuracy

Oscar N. E. Kjell2**, Sverker Sikstrém?, Katarina Kjell* & H. Andrew Schwartz?

Model HILS SWLS
BERT contextualized word embeddings from word- and text-responses of HIL and SWL | 0.85M* | 0.80™*
Reliability measures

Inter-item Pearson correlation average 0.76 0.73
Corrected item-total Pearson correlation average 0.84 0.82
Test-retest reliability1'® 0.71 0.82
Test-retest reliability2"” 0.77 0.84

Table 1. Comparing Pearson Correlations based on All Responses Combined and Analyzed with
Contextualized Word Embeddings to the Reliability of the Rating Scales. Italic values indiactes results
from other articles/datasets. All correlations were significant at p <0.001. N=608. HIL=Harmony in
life; SWL = Satisfaction with life; S=Scale. T =significantly higher than Inter-item correlation average;

#0t = p <0.001, ** = p <0.001.

1 Kjell et al. (2023)

European Federation of
Psychologists’ Associations

+ use of BERT on naturally generated text to
predict psychological states & traits?

} Predicting constructs such as Harmony Iin
Life (HILS) in Satisfaction in life (SWLS)

oOverall i1 n your [|1ife

v

not ?20

correlation betweenguestionairreand BERT at
level of reliability(r = 0.70:0.85)

BERT shows discriminant validity

use of context useful for sentences, but not
singular words

The Promises and Pitfalls of using Machine Learning in Mental Health, Octéh2023



Article

https://doi.org/10.1038/s41593-023-01304-9

Semantic reconstruction of continuous

language from non-invasive brainrecordings
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This is Sally’s basket.

This is Anne’s box.

Sally puts her
red ball . ..

into her basket.

Sally goes out of the room
and leaves Anne alone.

- @Iﬁ o

Anne takes the ball out
of the basket . . .

and puts it in
___the box.

When Sally comes back . .75 she wants to
play with the

— Vs

Where will Sally look for her ball2

Kosinski (2023e mer g e nt Motels that groweost of (izp

Theory of Mind May Have Spontaneously Emerged in Large Language Models
Authors: Michal Kosinski*!
Affiliations:
!Stanford University, Stanford, CA94305, USA

*Correspondence to: michalk(@stanford.edu

Abstract: Theory of mind (ToM), or the ability to impute unobservable mental states to others,
1s central to human social interactions, communication, empathy, self-consciousness, and
morality. We tested several language models using 40 classic false-belief tasks widely used to
test ToM in humans. The models published before 2020 showed virtually no ability to solve
ToM tasks. Yet, the first version of GPT-3 (“davinci-001”), published in May 2020, solved about
40% of false-belief tasks—performance comparable with 3.5-year-old children. Its second
version (“davinci-002”; January 2022) solved 70% of false-belief tasks, performance comparable
with six-year-olds. Its most recent version, GPT-3.5 (“davinei-003”; November 2022), solved
90% of false-belief tasks, at the level of seven-year-olds. GPT-4 published in March 2023 solved
nearly all the tasks (95%). These findings suggest that ToM-like ability (thus far considered to be
uniquely human) may have spontaneously emerged as a byproduct of language models’
improving language skaills.

Code availability and data:

The code and tasks used 1n this study are available at https://osf.i0/csdhb. We encourage you to
explore all the tasks used here. Some are arguably more difficult than the ones presented in the
text.

? 1
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Sparks of Artificial General Intelligence:
Early experiments with GPT-4

Sébastien Bubeck Varun Chandrasekaran Ronen Eldan Johannes Gehrke
Eric Horvitz Ece Kamar Peter Lee Yin Tat Lee Yuanzhi Li Scott Lundberg
Harsha Nori Hamid Palangi Marco Tulio Ribeiro Yi Zhang

Microsoft Research
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create a questionnaire for depression
ChatGPT
Sure! Here's a questionnaire for depression:
1.How often do you feel sad or down?

1. Notat all

2. Occasionally

3. Frequently

4. Almost all the time

2.Have you lost interest or pleasure in activities that you used to enjoy?

1. Notatall
2. Occasionally
3. Frequently
4. Almost all the time
3.Do you struggle with feelings of guilt or worthlessness?
1. Notatall
2. Occasionally
3. Frequently
4. Almost all the time

4. Are you experiencing changes in your appetite (e.g., significant weight

loss or gain)?
1. No change
2. Decreased appetite
3. Increased appetite
5.How is your sleep pattern affected?
1. No change
2. Trouble falling asleep
3. Waking up too early
4. Sleeping too much
6.Do you find it difficult to concentrate or make decisions?
1. Notatall
2. Occasionally
3. Frequently
4. Almost all the time

7. Are you feeling tired or lacking energy?
7. Not at all \
8. Occasionally e fP a
9. Frequently A T—
10. Almost all the time fts i

8.Have you noticed a decrease in your overall motivation or productivity?

1. Notatall

2. Occasionally

3. Frequently

4. Almost all the time

9.Have you had thoughts of death or suicide?

1. No
2. Rarely
3. Occasionally
4. Frequently
10Do you feel restless or agitated, or are you experiencing slowed movements and speech?
1. Notatall
2. Occasionally
3. Frequently
4. Almost all the time
11 Have you noticed a change in your overall mood, such as increased irritability or sadness?
1. No change
2. Occasionally
3. Frequently
4. Almost all the time
12 Are you withdrawing from social activities or avoiding social interactions?
1. Notatall
2. Occasionally
3. Frequently
4. Almost all the time
Please note that this questionnaire is not a diagnostic tool, but rather a way to gauge your
current experiences and provide some indication of potential depression symptoms. If you're
concerned about your mental health, it's important to consult a healthcare professional for a
proper assessment and diagnosis.
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