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Disclaimer

» tutorial focus on analysing data with RL models
» very iIncomplete, selective and subjective review

» lots of my own work for exposition
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Hierarchical estimation - “random?” effects
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® need to adapt model

» Summary statistic

® treat parameters as random variable, one for each subject
® overestimates group variance as ML estimates noisy
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» Fixed effect

e conflates within- and between- subject variability
» Average behaviour

® disregards between-subject variability

® need to adapt model

» Summary statistic
® treat parameters as random variable, one for each subject
® overestimates group variance as ML estimates noisy

» Random effects
® prior mean = group mean
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e conflates within- and between- subject variability

» Average behaviour
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® need to adapt model
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® overestimates group variance as ML estimates noisy

» Random effects
® prior mean = group mean

p(A;lpe, op) Z/inP(AiWi)p(eiWe,Ue)
——
G

()—
(=)—
()—

RL in mental health 2018 Computational Psychiatry Satellite @ SOBP Quentin Huys, TNU/PUK



Estimating the hyperparameters

» Effectively we now want to do gradient ascent

on: d 4
d_Cp( C)
» But this contains an integral over individual
parameters:

p(AIC) = / 46p(A9) p(610)

» SO we need to:

A

( = arg?laxp(AK )

— argmax/d@p(AW)p(eK)
S
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Expectation Maximisation

logp(Al) = log / 40 p( A, 0/¢)

_ p(A, 0¢)
= log/d@q(@) 0

p(A, H‘C)

q(9) Jensen’s inequality

IV

/d@ q(0) log
LR E step: q(kH)(é’) — p(6|A, C<k))

KM step: ¢FTD argmax/d¢9 q(0)log p(A, 0|C)
G

» |[terate between

e [stimating MAP parameters given prior parameters
e [stimating prior parameters from MAP parameters
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EM with Laplace approximation

Prior mean = mean of MAP estimates

; 1
M step: /S+1) = — 1My

12

Take uncertainty of estimates

Prior variance depends on inverse Hessian S and variance Into account
of MAP estimates
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Simulations

» emfit toolbox

® models and fitting for six experiments

pasic Rescorla-\Wagner

orobabllistic reward task Pizzagalli et al., 2005
Affective Go/Nogo Guitart et al. 2012
Twostep Daw et al., 2011

Effort Gold et al., 2013

Pruning Huys et al, 2012, Lally et al., 2017

® \wrapper scripts

® key function is emfit.m

» www.cmod4mbh.org/emfit.zip
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http://www.cmod4mh.org/emfit.zip
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Anhedonia in depression

» Diminished interest or pleasure in response to
stimuli that were previously perceived as
rewarding

» What is “stimuli”? What “states” does this
correspond to in terms of RL"

Summated relative hedonic estimates over all odours
10 -

ARl

% PREFERENCE

I

-J ]
1 2
WEEK 0O WEEK3 WEEKS5 Testing Sessions

Willner et al., 1987; Dichter et al., 2010; Klepce et al., 2010
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Anhedonia in depression

» Anhedonia
® nability to enjoy rewards
® put assessed by introspection / recollection
® maybe due to the expected values accessed?
® the problem then must be learning

Qi(a,s) = Qi_1(a,s) +e(re — Q¢—1(a, s))

Montague et al., 1996, Dunlop and Nemeroff 2007; Gard et al., 2006
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Anhedonia in depression

» Anhedonia
® nability to enjoy rewards
® put assessed by introspection / recollection
® maybe due to the expected values accessed?
® the problem then must be learning

Qt(a, S) — Qt—l(aa 3) - E(Tt — Qt—l(aa 3))
Dopamine / e:t:llh-l,lhlL #'ﬂ-#kl-miu\

Montague et al., 1996, Dunlop and Nemeroff 2007; Gard et al., 2006
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Anhedonia in depression

» Anhedonia
® nability to enjoy rewards
® put assessed by introspection / recollection
® maybe due to the expected values accessed?
® the problem then must be learning

/ Anhedonia
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Reward expectation

1750 ms | correctl! l

You won
5 cents

% . short?
] long?
100 ms
@ f
500 ms

"4
500 ms
7
Long = rich: Long correct:  75% rewarded
g= " Short correct: 30% rewarded
_ ... Long correct: 30% rewarded
Short = rich: Short correct: 75% rewarded

Pizzagalli et al., 2005 Biol Psych
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Reward expectation
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Modelling: first get the task

1750 ms | correctl! ]
You won

5 cents

% . short?

] long?
100 ms
@
500 ms
{500 ms

Huys et al., 2013 Biol Mood Anx
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Modelling: first get the task

basic RW

Qi(a,s) = Qi_1(a,s) +e(ry — 9Qr_1(a, s))

1750 ms | correctl! ]

You won
5 cents

S

% . short?

] long?

{500 ms

Huys et al., 2013 Biol Mood Anx
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Modelling: first get the task

basic RW

Qi(a,s) = Qi_1(a,s) +e(ry — Qi—1(a, s))
allow for reward sensitivity differences

Qi(a,s) = Qi_1(a,s) +e(pry — Or_1(a,s))  170m[ comea X

You won

€Q(a75) 5 cents

plals) = S~ 0ta) @ H -

100 ms
@
500 ms
{500 ms

Huys et al., 2013 Biol Mood Anx
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Modelling: first get the task

basic RW

Qi(a,s) = Qi_1(a,s) +e(ry — Qi—1(a, s))
allow for reward sensitivity differences

Qi(a,s) = Qi_1(a,s) +e(pry — Or_1(a,s))  170m[ comea X
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€Q(a,s)—|—wl'(a,s) {
p(a’|8) — Za/ 6Q(a’,s)+'yI(a’,s) 500 ms

Huys et al., 2013 Biol Mood Anx

RL in mental health 2018 Computational Psychiatry Satellite @ SOBP Quentin Huys, TNU/PUK ‘



Modelling: first get the task

basic RW

Qi(a,s) = Qi_1(a,s) +e(ry — Qi—1(a, s))
allow for reward sensitivity differences

Qi(a,s) = Qi_1(a,s) +e(pry — Or_1(a,s))  170m[ comea X

You won

€Q(a75) 5 cents

plals) = S~ 0ta) @ H -

100 ms
with instructions Q r
500 ms

€Q(a,s)—|—wl'(a,s) {
p(a’|8) — Za/ 6Q(a’,s)+'yI(a’,s) S 500 ms
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eCQ(aaS)‘F(l—C) Q(a78,)+71(a’75)

plals) = S~ o a-00@s) @)
a Huys et al., 2013 Biol Mood Anx
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Hierarchical fitting
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Modelling: first get the task

A Across all datasets
Belief | | |

Action |

Punishment |

Stimulus-Action t

0 200 400 600
log Bayes factor
compared to model 'Belief’

05 06 0.7 08 0.9 1
Fraction correct

Huys et al., 2013 Biol Mood Anx
Quentin Huys, TNU/PUK
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Anhedonia correlates with reward sensitivity

Anhedonic Depression

o

[Arbitrary Units]

Oh

4t

Linear coefficient
|
N

Multiple weighted regression

Reward sensitivity log 0 Learning rate log(E/(1-€))

Huys et al., 2013 Biol Mood Anx
Quentin Huys, TNU/PUK
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Anhedonia correlates with reward sensitivity

O

B Anhedonic Depression
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Anhedonia correlates with reward sensitivity

B Anhedonic Depression D
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Happiness?

(@

Bl Placebo
B.-DOPA

N
o
1

How happy are you
at this moment? How happy are you
at this moment?

r—o—0

very very
unhappy happy

Happiness per £
o

()-
t t Certain EVat RPE
Happiness(f) = wo + W; >,y CR;+w;, >, Yy EV, reward choice
t j=1 j=1
+ W3 }:, v RPE;
j=

Rutledge et al., 2015 J Neurosci
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Happiness?

t

t
Happiness(t) =wo + w; > v CR, + w;, >, YT EV,
i=1

j=1
t J
A | Laboratory decision task C | Smartphone decision task +W; E Yt_j RPE,
i} =1
20 20- j
. Depression I High BDI
“ [ ] Controls T " [ Low BDI
2 2
w0 wn -
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c c
a —‘7 =
o o
© ©
I T T _
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0 0
CR EV at Choice RPE CR EV at Choice RPE
B | Reward-related activity
Depression Controls
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m m
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Rutledge et al., 2017 JAMA Psych
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Anhedonia
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N primary sensitivity (Sucrose)
N learning
N computing prediction errors

» Anhedonia related to sensitivity to complex

stimuli (here monetary)

Bylsma et al., 2008
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Anhedonia

» No impairment in primary sensitivity (sucrose)
» No impairment in learning
» No impairment in computing prediction errors

» Anhedonia related to sensitivity to complex
stimuli (here monetary)

Citation Year MDD Ctrl -300 -200 -1.00 0.00 1.00 200 300
Positive Emotional Greden 1986 63 37 e
Reachvity Sigmon 1992 20 20 — et

Sloan 1997 24 23 ——

Allen 1999 14 14 —

Henriques 2000 18 15

Gehricke 2000 11 11

Sloan 2001 20 20

Rottenberg 2002 72 32 —_—

Tsai 2003 12 10 #

Kaviani 2004 22 22 —_—

Dunn 2004 25 25 e

Dichter 2004 17 16 -

Rottenberg 2005 19 22 —e—

Forbes 2005 38 38 —

PER (14) 375 305 d=-.530 p<.0001 -+

Bylsma et al., 2008
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Example code

» www.cmod4mh.org/emfit.zip

» batchRunEMfit(‘mProbabilisticReward’)

® Wil generate example data

fit all models in modelList.m

oerform model comparison

generate surrogate data

generate plots for basic sanity checks

» basic model is lllbeg0.m
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http://www.cmod4mh.org/emfit.zip
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Dopamine, learning & addiction
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Dopamine, learning & addiction

Learning

Dopamine

Addiction
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Dopamine, learning & addiction

Learning Addiction

4

Dopamine

Is dopamine’s role in addiction
mediated by its role in learning”
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Addictive Pavlovian values

=
|

-
~

Flagel et al., 2011 Nature, Huys et al., 2014 Prog. Neurobiol.
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Addictive Pavlovian values

!

e

|

7

Peak [DA] change (nM)

Peak [DA] change (nM)

30_—CS
—
20 -
O_ 1 1 1 1 1
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30 | s
e 1
20
Y Ao
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Flagel et al., 2011 Nature, Huys et al., 2014 Prog. Neurobiol.
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Dopamine

Sign trackers Goal trackers

Flagel et al., 2011 Nature
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Dopamine

Sign trackers Goal trackers
a Sign-tracking d Goal-tracking

10- bHR rats 1.0- bLR rats

0.8 1 0.8 | T
 06- * 06+ 5’6/66
§ 0.4 - 0.4 - W

0.2 A 0.2 |

0.0 44— . 0.0+ .

Flagel et al., 2011 Nature
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Pavlovian state values: sign tracking

at risk for addiction

~ Goal trackers =

| é
Peak [DA] change (nM)

Flagel et al., 2011 Nature
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Sign-tracking in humans?

Compound fractal/tone stimuli
deterministically associated with

(0]

_ . o “ ié) monetary outcomes

Experlmental Pgr.adl.gm gﬁ ‘
Pavlovian Conditioning ’ ' =
(%

n=129

All subjects ST/GT
%)
20 - ® (Goaltrackers 2
0.7 1
. |
c © Intermediates N
= Q
8 10 - © Signtrackers 2
S 06- .
'8 -@— All subjects
.G;J -8- Goal-trackers
D1-® : — o 8 0.54 Sign—trackers
O O 0 2 0-4 T T T T T T T T T T

Effect of CS value on the gaze index

[regression coefficient] CS value [€]

Schad et al., in prep
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STs only show BOLD RPE

O
—
1

L

I
o
—

I

RPE BOLD signal in NAc

®
=
n
-

Schad et al., in prep
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RPEs in Pavlovian setting?

» No behaviour - cannot fit the usual models

» Early results: MR relatively insensitive to learning
rate used. 0.3 as ‘default’

» Here, assumed slower one as Pavlovian trace
conditioning paradigm
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What should we expect?

» Assume data generated as follows

Y =[x, + €,
» and use wrong regressor
= (Xfxf)_leY
= (x/x) " (x{fx,)
3 o(X,)
T ﬁp(Xgaxf) G(Xf)

» the resulting t/p values

f—i — (x,,x,)CNR r-2
Wy P 1+ CNR*(1 — p(x,,%,)")

g?

Wilson and Niv 2017 PLoS CB
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For static reward probabillity

p(95 0))

O =~ N W H» O O N

Wilson and Niv 2017 PLoS CB
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There is little information

o

!
N

1
(0))

I ———————

relative log-likelihood, ALL
o EN

1 | |

0 0.2 0.4 0.6 0.8 1
learning rate, «

Wilson and Niv 2017 PLoS CB
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For drifting reward probability

A value, V B prediction error, &

N 1 1
o

I 0.8} 0.8
bC
~ 06§ _ 06}
e}
e 0.4
o
o 0.2

I
?\
o) 1
I 0.8
bC
2 06
o}
— 0.4
©
o 0.2}
Il
?\
o 1
M 0.8

C
I 0.6

-O e

S
S 0.4
> 0.2
?\
(0 o
g g

Wilson and Niv 2017 PLoS CB
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There 1s some information

relative log likelihood, ALL
A

0 0.2 0.4 0.6 0.8 1
learning rate, «

Wilson and Niv 2017 PLoS CB
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STs only show BOLD RPE

o
—
1

o
o
1

|
o
—

L

RPE BOLD signal in NAc

GT ST
Schad et al., in prep
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STs only show BOLD RPE

@ 0.10- ® ST
a0
2 oo < o0
m | & p< .01
- (&) - <.05
Q X 2 0.00 ¥ p
Z * < ~+ p<.1
-E || || || || || || 1 1
= 01- 051 2 3 4 5 .6 P>
S Learning Rate
‘»
=
= 0.0
O
m
o
m —0.1'

GT ST
Schad et al., in prep
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Pupil size accommodates in STs only

o d GT ST b —/—— 0 +/++
N = 0.4-
oF e CS val
22 01 D ~— +2 EUR
3 ¢ w| S 1ol ld
°3 . o 1T T Aot ol - M EUR
(3 ) > BN
L5 S deee | M - 0 EUR
HCI_)CT) 0071e ® ® o o —
o & \ ¢ O] -~ -1 EUR

o N
= a ® ¢ ® ° %)
S D — == -2 EUR
> o o
o — —0.14 >
O 1 | 1 1 | 1 1 1 D— 1 1 1 1 1 1 | 1 1 1 1 |

4 8 1216 4 8 12 16 4 8 1216 4 8 1216 4 8 12 16
Trial number Trial number

Schad et al., in prep
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Pavlovian-lnstrumental Transfer

Schad et al., in prep
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Pavlovian-lnstrumental Transfer

\Q’ Stimulus control

7

Schad et al., in prep
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Pavlovian-lnstrumental Transfer
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PIT in alcohol use disorder

31 AUD = 13 abstainers A) T
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PIT in at-risk young males

201 HC

A

low-risk drinkers
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The point

» A model “processes” iInformation
» Cannot increase it
» If it's not there, the model won’t put it there
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Outline

Depression

OCD

Schizophrenia

Mood

Addiction

Anxiety

Parkinson’s

Metareasoning
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Obsessive-compulsive disorder

» Overwhelming urge to think certain thoughts or
perform certain actions

» A “habit” driving urges to think and to act?

G Cell

SSSSS

Special Issue: Cognition in Neuropsychiatric Disorders

Neurocognitive endophenotypes of
iImpulsivity and compulsivity: towards
dimensional psychiatry

Trevor W. Robbins'2, Claire M. Gillan"?, Dana G. Smith"-2, Sanne de Wit* and
Karen D. Ersche’3

"Behavioural and Clinical Neuroscience Institute, University of Cambridge, Cambridge CB2 3EB, UK

2Department of Experimental Psychology, University of Cambridge, Cambridge CB2 3EB, UK

3 Department of Psychiatry, School of Clinical Medicine, Addenbrookes Hospital, Cambridge CB2 0SP, UK

“Department of Clinical Psychology and Cognitive Science Center Amsterdam, University of Amsterdam, 1018 TV Amsterdam,
The Netherlands
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Habitization

Before

<A S Devaluation
1 "o > & A

Lever pressing
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Habitization

Before

<2 S Devaluation
1 "o > & A

After
Devaluation

Lever pressing
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Habitization

Before After
Devaluation

<2 Devaluation
& C q ..
1 % % < Qo 9 + lots of training

After
Devaluation

Lever pressing
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Habitization

Before After
Devaluation

.f_"’ S Devaluation
1 % —> ==l A + lots of training

After
Devaluation

Lever pressing

Get this pattern
late If lesion
iInfralimbic cortex
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Habitization

Before After
Devaluation

= o= Devaluation
1 % —> Q S5 ; A + lots of training

After
Devaluation

Lever pressing

Get this pattern  Get this pattern
late If lesion early If lesion
infralimbic cortex  prelimbic cortex
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Habitization

Before After
Devaluation

= o= Devaluation
1 % —> Q S5 ; A + lots of training

After
Devaluation

Lever pressing

Get this pattern  Get this pattern
late If lesion early If lesion
infralimbic cortex  prelimbic cortex

PEL ETOH
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Model-free vs model-based valuation

o X DD S " ~g

2 3
a
(b) Forward model (goal-directed) (c) Caching (habitual)
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< o
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i 83<DDD =2 I ‘ HiSuL |2
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-3 = H:S, R [—>3

Niv et al., 2008 TICS

RL in mental health 2018 Computational Psychiatry Satellite @ SOBP Quentin Huys, TNU/PUK ‘



Devaluation is impaired in OCD

A. Discrimination Types

Standard discrimination Congruent discrimination Incongruent discrimination

If ‘ Then R If Then R If ‘ Then R
(®]
If ‘ Then L a If Then L If t Then L ‘

B. Training Phase C. Outcome-

Devaluation
Test

D. Slips-of-Action Test

| ‘ . .
4 /
¥ ¢

“Go” trial  “No-Go” trial

- O v [ &

M Comparison Group
M OCD Group

Responses Made (%)

Valuable Devalued®

value Gillan et al., 2011 AJP
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Devaluation is impaired in OCD

Initial

training

Devaluation
sensitivity test

Valued Devalued

Extended
training

Stimulator B

Habit
test

Gillan et al., 2013 Biol Psych
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Devaluation is impaired in OCD

E. Devaluation Sensitivity Test F. Devaluation Sensitivity Test
4 “ Control 1.0 - W Control
B OCD B OCD
3 T
b g
] o
c b3
8 2- &
: T
- 9 05
0 L 10-
Valued Devalued Valued Devalued
CS Cs
A. Habit Test ' Urge to Respond
4 “ Control 100 -
B OCD
80
3 - *
@ 60 -
[7,)
S 2-
= * 40 -
[J]
(2
1 20 -
0 - 0 -
Valued Devalued Control OCD
CS Group

Gillan et al., 2013 Biol Psych
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Two-step task

Stimulus 1
Stimulus 2

Stimulus 3
' Stimulus 4
/\ A :

\/

o
e

o
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Reward probability
¢ © ©
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e | - |

0.2

50 100 150 200
Trial

A reinforcement B model-based C data
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M rare

stay probability
o
~l
(@) ]

rewarded unrewarded rewarded unrewarded rewarded unrewarded

Daw et al., 2011 Neuron
Quentin Huys, TNU/PUK
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Devaluation and two-step task
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Friedel et al., 2014 Front Neurosci
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Example code

» www.cmod4mh.org/emfit.zip

» batchRunEMfit(‘mTwostep’)
® Wil generate example data
fit all models in modelList.m
oerform model comparison
generate surrogate data
generate plots for basic sanity checks

» basic model Is [Im2b2alr.m

RL in mental health 2018 Computational Psychiatry Satellite @ SOBP Quentin Huys, TNU/PUK


http://www.cmod4mh.org/emfit.zip

Hierarchical is definitely better

log 8, log 5, siginv a, siginv a, siginv A siginv w r
ar . e e e e
—EM-MAPB_ 1 20t 1+ 0 = o © WO.S- ]
3.5¢ ML o 20 %o e 1Oy
) I ] I |
S 3 ' B e 7 R Y
S0 e e o 5 o ° 10 |
° 27 I 4 5
o 3l | 15 |
L1564 ot B 1-107
= o.. 2t . 0 |
1 R T il 179 S0 -
. it ndukii I N e L o 0t
1 15 0608112 -020 0204  -04-02 0 06811346 0811214 0 020406
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Twostep statistics

Comparison
1
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“Compulsive” disorders

0.5

0.4 1

0.3 1
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0.1

0-
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Alcohol: no effect

057  wx
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Voon et al., 2015 Mol. Psychiatry
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Validation in large online sample
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Across guestionnaires

° il Questionnaire
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Ventral Striatal F-DOPA promotes MB choices

1.0

w - degree model-free vs. madel-based a.u.
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Deserno et al., 2015 PNAS
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FDOPA and RPE betas: -ve correlation
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No shift in at-risk drinking

Descriptive statistics of sample

Age 188  18.07 18.24 18.33 18.50 18.93

Years in school 187 4 11 12 12 15
Measures of goal-directed/habitual control

o 188 0.00 0.20 0.59 0.80 1.00

MFcore 188 —-0.42 —0.04 0.08 0.21 0.85

MBscore 188 —0.34 0.06 0.24 0.49 1.21

Measures of alcohol consumption
CIDI measures

Drinkgore 188 —8.21 —3.54 —0.35 1.61 17.52
Age of first drink® 188 9 14 14 15 18
Age of first time drunk® 180 10 15 16 17 18
Estimated alcohol consumption in past year (g/day) ® 188 0.00 3.21 6.43 15.43 112.50
Alcohol consumption in past year (g/drinking occasion)® 188 18 45 54 90 342
Age of first binge-drinking episode® 131 14 16 16 17 18
Number of binge-drinking episodes lifetime® 131 1 4 10 20 150
Alcohol consumption per binge-drinking episode (g)* 139 63 90 117 135 450
Questionnaire measures
ADS sum score® 181 0 2 4 7 30
OCDS-G sum Score® 183 0 1 3 5 18
Blood markers
AST (uKat/1)* 183 0.17 0.35 0.40 0.48 2.51
ALT (uKat/1)* 182 0.11 0.27 0.35 0.45 1.59
v-GT (uKat/1)* 183 0.13 0.23 0.27 0.33 0.89
PEth® 158 10 10 60 60 1180
Measures of impulsivity
BIS-15 sum score 185 18 27 30 34 45
SURPS Impulsivity® 186 5 9 10 11 17

Nebe et al., 2017 Addiction
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No shift in at-risk drinking

) MFq.,re  MBgre RPE RPE ;5 BIS-15 SURPS

vS vmPFC vS vmPFC SUM IMP
Drink.ope —.067 .000 —.004 —.019 014 —.058 —-.023 256™ 246
Age of first drink —.011 042 057 —.184* —.143 —.063 —-.008 —.125 —.263%**
Age of first time drunk 066 .052 .048 —.044 —.011 —.040 059 —.182* —.155*
Estimated alcohol consumption —-.070 -.071 038 —.101 021 —.105 —.048 .088 d16
in past year (g/day)
Alcohol consumption in past year —.026 —.081 101 —.087 —.006 —.038 —-.018 133 081
(g/drinking occasion)
Age of first binge-drinking episode 098 —.033 019 075 .040 076 047 —.156 —.126
Number of binge-drinking —.033 .038 .044 .001 .047 —.090 —-.035 232%* 179*
episodes lifetime
Alcohol consumption per —.064 096 —.018 —.015 .048 .035 .059 210™* 2457
binge-drinking episode (g)
ADS sum score —.061 .007 029 .006 115 —.040 —.099 211% 29 8%
OCDS-G sum score 000 —.011 031 .088 .182* 021 073 223%* 228%*
AST 015 015 —-.047 —.025 .059 —.008 —.042 .039 .165%
ALT —.072 061 —.080 .003 .029 .010 030 -.018 .159*
v-GT —.066 —-.011 -.160" —-.074 —.089 —.075 —-.005 —.205* —.092
PEth 041 —.048 052 —.091 —.016 —.019 005 —-.150 .005

Nebe et al., 2017 Addiction
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No shift in clinical AUD sample

Group

Variable HCs (n = 96) Abstainers (n = 37) Relapsers (n = 53)
Gender Female: 16; male: 80 Female: 7; male: 30 Female: 6; male: 47
Site Berlin: 56; Dresden: 40  Berlin: 24; Dresden: 13  Berlin: 28; Dresden: 25
Mean (SD) NA Mean (SD) NA Mean (SD) NA
Demographic Variables
Education, years 11.9 (1.5) 10.8 (1.5) 2 10.6 (3.5) 2
Age, years 43.6 (10.9) 45.7 (12.0) 0 45.2 (9.9) 0
Income, € 1201 (686) 22 1150 (741) 0 1013 (621) 5
Smokers, % 65 75 0 75 0
Duration of abstinence 66.5 (280.9) 21.4 (11.6) 0 22.3 (12.4) 0
at fMRI, days
Clinical Characteristics®
No. of detoxifications — - 2.13 (2.06) 4.75 (5.03) 0
Positive alcohol 25.7 (4.6) 0 31.7 (4.4) 0 32.8 (3.9) 0
expectancies
Depressive symptoms 1.9 (2.3) 1 3.9 (3.9) 0 4.2 (8.7) 0
Craving 2.7 (2.8) 1 10.3 (8.2) 1 12.9 (8.4) 3
Drinking motives 29 (7) 3 44 (11) 1 48 (14) 1
Time to relapse, days — — — — 87.1 (80.0) 4
Neuropsychological Testing
Verbal 1Q 28.3 (4.6) 3 28.6 (4.3) 0 28.2 (4.8) 1
Fluid 1Q 10.7 (3.12) 9.9 (2.6) 9.1 (2.9) 0
Working memory 7.5 (2.04) 0 6.62 (1.91) 0 6.54 (1.89) 0
Blood Markers
AST (uKat/L) 0.45 (0.17) 28 0.69 (0.53) 5 0.71 (0.52) 11
ALT (uKat/L) 0.43 (0.19) 28 0.88 (0.73) 5 1.08 (2.16) 11
v-GT (uKat/L) 0.54 (0.67) 28 3.33 (6.71) 5 1.51 (1.38) 11
PEth (ng/mL) 203.24 (359.68) 16 447.85 (349.13) 16 806.15 (736.83) 31

—
s

Repetition Probability

Healthy
controls

o
Lo

o
ol

Transition
Common

M Rare

Rewarded

Unrewarded

Abstainers

Rewarded

Unrewarded

Relapsers

Rewarded

Sebold et al., 2017 Biol. Psychiatry

Unrewarded

RL in mental health

2018 Computational Psychiatry Satellite @ SOBP

Quentin Huys, TNU/PUK



Neural impairments?

Sebold et al., 2017 Biol. Psychiatry

RL in mental health 2018 Computational Psychiatry Satellite @ SOBP Quentin Huys, TNU/PUK ‘



Neural impairments?

Sebold et al., 2017 Biol. Psychiatry
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Neural impairments?
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Sebold et al., 2017 Biol. Psychiatry
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Alcohol expectancies

Motivational interviewing

Sebold et al., 2017 Biol. Psychiatry
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Alcohol expectancies

Motivational interviewing

1. Drinking makes me feel warm and flushed.
2. Alcohol lowers muscle tension in my body.
3. A few drinks make me feel less shy.
4. Alcohol helps me to fall asleep more easily.
5. I feel powerful when I drink, as if I can really make other peo-
ple do as I want.
6. I’m more clumsy after a few drinks.
7. T am more romantic when I drink.
8. Drinking makes the future seem brighter to me.
9. If I have had a couple of drinks, it is easier for me to tell some-
one off.
10. Ican’t act as quickly when I’ ve been drinking.
11. Alcohol can act as an anesthetic for me, that is, it can stop pain.
12. I often feel sexier after I’ve had a few drinks.
13. Drinking makes me feel good.
14. Alcohol makes me careless about my actions.
15. Some alcohol has a pleasant, cleansing, tingly taste to me.

Sebold et al., 2017 Biol. Psychiatry
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Alcohol expectancies

A Healthy

Motivational interviewing seriimals || EMEE| [REEpEsE

0.50 T

1. Drinking makes me feel warm and flushed. ° . .
2. Alcohol lowers muscle tension in my body.
3. A few drinks make me feel less shy.
4. Alcohol helps me to fall asleep more easily. 0.251 :
5. I feel powerful when I drink, as if I can really make other peo-
ple do as I want.
6. I’m more clumsy after a few drinks.
7. T am more romantic when I drink.
8. Drinking makes the future seem brighter to me.
9. If I have had a couple of drinks, it is easier for me to tell some-
one off.
10. Ican’t act as quickly when I’ ve been drinking. !
11. Alcohol can act as an anesthetic for me, that is, it can stop pain. . .
12. I often feel sexier after I’ve had a few drinks. * : .
13. Drinking makes me feel good. -0.251 - .
14. Alcohol makes me careless about my actions.

15. Some alcohol has a pleasant, cleansing, tingly taste to me. 20 25 30 35 25 30 35 25 30 35
Alcohol expectancy score

Model-based effect

Sebold et al., 2017 Biol. Psychiatry
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Pavlovian state values: sign tracking

at risk for addiction

~ Goal trackers =

| é
Peak [DA] change (nM)

Flagel et al., 2011 Nature
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Goal-tracking in humans?

Compound fractal/tone stimuli
deterministically associated with

o
a monetary outcomes
\ (©
’4— ! +
mean: 3 sec /63 .‘
— + + Am
3 sec — /;; i
~— + .vé 32 )

3 sec

3 sec

ST: learn expected value V
GT: learn mappings T from CS to US identity

V(s) =) mla;s) Y T(s'|s,a)[R(s',a,s) + V()]

Schad et al., in prep
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Pavlovian learning in ST vs GT

Vi(s) =Vi_1(s) +a" o} Ti(cs,us) = Ti_1(cs,us) + a® d;
0 =1 — Ve_1(8) 6y =1 —"T;_1(cs,us)
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Goal-tracking signatures

Gaze
Sign- I
trackers State Prediction Error |
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Goal- _ 0.15| State PE
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Schad et al., in prep, Glascher et al. 2010 Neuron
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Double dissociation between ST and GT
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Double dissociation between ST and GT

Reward prediction error
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Outline

Depression

OCD

Schizophrenia

Mood

Addiction

Anxiety

Parkinson’s

Metareasoning
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Pavlovian vs Instrumental paradigms

Stimulus — reward V(s)

Stimulus — action — reward Q(s,a)

Table 1 Types of values

Model-free Model-based
Pavlovian (state) values VME(s) YMB(s)
Instrumental (state-action) values oM (s, a) oMB(s, a)

Huys et al., 2014 Prog Neurobiol
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Pavlovian-Instrumental transfer

<

<

\‘gp',
7 .
S I

A(s,a) + V(s) if natural

Q(s,a) else
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“Pavlovian” unconditioned responses

Hershberger 1986
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“Pavlovian” unconditioned responses

Hershberger 1986
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“Pavlovian” unconditioned responses

*powerful

einflexible over short
timescale

*adaptive on evolutionary
scale

Hershberger 1986
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Innate evolutionary strategies

i

—

polior;étus

Hirsch and Bolles 1980 Ethology
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Innate evolutionary strategies

po ionotlls

Hirsch and Bolles 1980 Ethology
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Innate evolutionary strategies

po ionotlls +.
more more
survive survive
fewer
survive

Hirsch and Bolles 1980 Ethology
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PIT paradigms

» Separate
Instrumental
Pav_lqwaln | Instrgr.ner?tal | perfor.mar.]ce
conditioning conditioning In extinction
w/ Pavlovian stimuli
» Joint?
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Affective go / nogo task

Nogo

Avoids loss

Go

Guitart-Masip, Huys et al. 2012
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Affective go / nogo task

Nogo

Avoids loss

Go
Rewarded
* *

W

e

= @
fe

s 2 0.5
Q2 5
O O
o

Go rewarded
Go to win

Goto Goto Nogoto Nogo to
Win Avoid Win Avoid

Probability(Go

Guitart-Masip, Huys et al. 2012
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Affective go / nogo task

Nogo

Avoids loss

Go
Rewarded
* *

Probability
correct
o
)

Goto Goto Nogoto Nogo to
Win Avoid Win Avoid

Nogo punished Nogo rewarded
Go to avoid Nogo to win

Probability(Go

Guitart-Masip, Huys et al. 2012
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Rewarded

F‘F -I l-l '. S
- I =0 —I-JJ “-

S | ™ _..- _q-l- -

) TR s —
‘I'H—I—l' — ]

Probability(Go)

Guitart et al., 2012 J Neurosci
Quentin Huys, TNU/PUK
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=[=]
» Basic+bias --

Q:(s, go) + bias(go)

Q
Q

pt(gols)
pt(nogo|s) o

Qit+1(s,a) =

(s, n0go)
1(s,a) + a(ry — Qi(s,a))

~

Probability(Go)
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Go

Models n 4-
» Basic + bias o --

Q:(s, go) + bias(go)

Q
Q

pt(gols)
pt(nogo|s) o

Qit+1(s,a) =

(s, n0go)
1(s,a) + a(ry — Qi(s,a))

~

Probability(Go)
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M I I Go Nogo
- n“-
Avoids loss

» Basic + blas + Pavlovian influence --

pe(gols) x Oy(s, go) + bias(go) + mVy(s)
pt(nogo|s) x Q(s,nogo)
Qi+1(s,a) = Qi(s,a) + a(re — (s, a))
)

Probability(Go)
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M I I Go Nogo
- n‘l-
Avoids loss

» Basic + blas + Pavlovian influence --

pe(gols) x Oy(s, go) + bias(go) + mVy(s)
pt(nogo|s) x Q(s,nogo)
Qi+1(s,a) = Qi(s,a) + a(re — (s, a))
)

Probability(Go)
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Nogo

Model comparison: overfitting? n-

e - -

RW

RW + noise

RW + noise + Q0
RW + noise + bias

RW (rew/pun) + noise + bias

RW + noise + bias + Pav %*

3500 3600 3700 3800 3900
BIC.

int

F'II- RIERLT -" pms oo

A mhel a1 W1 l#ll l- 1|- g = -t
- - . -
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Tt GG e

LB & § N ey “I‘l .' .- l . _n LI |
k - =V\ | -
—_— ") e el e L

| LR | A/ M,

Probability(Go)
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Nogo

Model comparison: overfitting? n-

e - -

RW

RW + noise

RW + noise + Q0
RW + noise + bias

RW (rew/pun) + noise + bias

RW + noise + bias + Pav %*

3500 3600 3700 3800 3900
BIC.

int

F‘F -Il ] l-l l'. l-' T
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- - . -
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o -J = -ﬁ
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Nogo

Model comparison: overfitting? n-

T

RW

RW + noise

RW + noise + Q0
RW + noise + bias

RW (rew/pun) + noise + bias

RW + noise + bias + Pav %* .
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BIC.

int

mhel a1 W1 .lﬂll l-- = ||_ ._- -t
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Probability(Go)
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Example code

» www.cmod4mh.org/emfit.zip

» batchRunEMfit(‘mAffective GoNogo’)

® Wil generate example data

fit all models in modelList.m

oerform model comparison

generate surrogate data

generate plots for basic sanity checks

» final model is llbagpxb.m

RL in mental health 2018 Computational Psychiatry Satellite @ SOBP Quentin Huys, TNU/PUK


http://www.cmod4mh.org/emfit.zip

Threat of shock

Go Win Go Avoid NoGo Win NoGo Avoid
WARNING! WARNING! WARNING! WARNING!
4000 ms YOU ARE NOW AT YOU ARE NOW AT YOU ARE NOW AT YOU ARE NOW AT

RISK OF SHOCK RISK OF SHOCK RISK OF SHOCK RISK OF SHOCK

%

1000 ms
cue

250 ms

1000 ms
Target Detection

250 ms

1000 ms -
=10 points +10 points -10 points

4000 ms YOU ARE NOW YOU ARE NOW YOU ARE NOW YOU ARE NOW
SAFE FROM SHOCK SAFE FROM SHOCK SAFE FROM SHOCK SAFE FROM SHOCK

1000 ms
cue

Mkrtchian et al., 2017 Biol. Psychiatry
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Threat potentiates aversive Pavlovian bias
IN anxious individuals

Avoidance Bias
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Mkrtchian et al., 2017 Biol. Psychiatry
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Escape vs avoidance

Go-to-Escape trials

Trial Tvpes . A Average choice accuracy
ypP Condition Data Model 1 M No-go
. % %
) Escape Avoid U . [ . M Go
(D) - -
A Go-to-Escape | Go-to-Avoid 8 3
(O] CC) X/ A" §0'9 §
el =0 z z
© 7)) . M % %
O o No-go-to-Avoid 80'8 s
s ey & &
10
y 0.7 Avoid Escape 0.7 Avoid Escape

Miliner et al., 2018 J Cog Neurosci
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Escape vs avoidance

Go-to-Escape trials Go-to-Avoid trials

Trial Tvpes " A Average choice accuracy
ypP Condition Data Model 1 M No-go
) Escape Avoid 1 - 1 - . [WGo
o _ * * . * *

A Go-to-Escape | Go-to-Avoid 8 3
d CC) Go <\ 5 0.9 S 0.9/
- O AV = =
S & = : ;
O CGC) No-go-to-scape No-go-to-Avoid 8 0.8 3 0.8

y r o o

No-go O
h y 0.7 Avoid Escape 0.7 Avoid Escape

Miliner et al., 2018 J Cog Neurosci
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Escape vs avoidance

Go-to-Escape trials Go-to-Avoid trials No-go-to-Escape trials No-go-to-Avoid trials

Trial Tvpes . A Average choice accuracy
yp COﬂdlthn Data Model 1 = No-go
. % b
) Escape Avoid [ . I . Go
[0h) - -
A Go-to-Escape | Go-to-Avoid 8 3
(O] CC) Z\ §0'9 §
wliel = z z
O w S 5 3
O CGC) No-go-to-Avoid 50'8 3
o o
0.7 Avoid Escape 0.7 Avoid Escape

Miliner et al., 2018 J Cog Neurosci
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Choices and RTs

Drift diffusion model (DDM) schematic

Go Decision Boundary

| Starting Drift Rate +
: Points (w) for Bound
Go oundary
I | .
| &No-g}\‘ L ,,,,,F_,#WM‘ Separation (w)
I
| €===-------- >
' Nondecision

v
No-go Decision Boundary

- Time (T)

W = PBo + B11O:(s1,80) — Qi(s, n0-gO))|

separate starting points for escape and avoidance

B Average response time
Data Model 1 B No-go

: : M Go suicidality

(sec)

RT

Avoid Escape Avoid Escape

Millner et al., 2018
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Learning from rewards in Sz

>
o -b
© o
1

o
(o)
I

o
o
L

Proportion of Responses
=] =]
(6] ~

o
=N
1

80%
70%
60%

C>>D
E>F

A>>>B  20%

30%
40%

w
=

B

Stays driven by Wins

o
©

o
o

Proportion of Responses
o o
o ~

o
»

Shifts driven by Losses
Response Type

©
»

Transfer Pairs

Go

NoGo

AC
AD
AE
AF

BC
BD
BE
BF

Choose Av. B

Post-acquisition Test Measure

Choose A v. Novel  Avoid B v. Novel

Waltz et al., 2007
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Learning from rewards and losses in Sz

207 W HC
15 M LNS
10- B HNS

% Gain-Loss Difference Score
<

90 80
Probability Level, %

100

[{=]
o
|

80

70

60

% Choices Better Stimulus

90

40-

FW-FL FW-IW FW-FLA FLA-IW
Transfer Condition

Gold et al., 2012
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Learning from rewards and losses in Sz

FW-FLA
0.9+

» Q learning to represent value

Qt(sv a) — Qt—l(S, CL) + Oz("“t — Qt—1(37 a))
» Actor-critic to represent choice quality
iIndependent of value

0.8

0.7

0.6

0.5-

Q AC
A Fitted Mixing
P C
Vi(s) = Ver(s) + ade ae
g 0.8
0 =1 — Vi_1(s E
¢ ¢ — Ve_1(8) - .
wi(a,s) = wi_1(a, s) + a o 05- -
s 05
&JV 0 0.4 0 e
HC LNS HNS

Gold et al., 2012
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Reversal learning

80%

20%

% of Total Subjects Achieving

100

90 A
80 -
70 A
60 -
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30 -
20 -
10 -

o

0 1or2 3or4
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'S 'S
(7)) (7))
| - | -
) )
> >
) )

o o

20% 80%
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W SZs (N=34)

50r6

80% 20%

Waltz and Gold 2007
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Reversal models

» Standard RW Q learning models
Qi(s,a) = Q¢_1(8,a) + ady
» Double-updated Q learning models
Qi(s,a) = OQr_1(s,a) — ady
» Hidden Markov Model

® captures actual inference
e allows definition of subjectively informative events

Schlagenhauf et al., 2014
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Hidden Markov Model

Stp =—-—-=7> s5iq =——) S

Ot-2 Ot-1

p(st‘Ola S 70t—1)
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Hidden Markov Model

Stp =—-—-=7> s5iq =——) S

Ot-2 Ot-1 Ot

p(st‘Ola S 70t—1)
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Hidden Markov Model

Stp =—-—-=7> s5iq =——) S

Ot-2 Ot-1 Ot

p(st‘ola t 70t—1)
Ot‘St)p(5t|Ola T 70t—1)
4

p
p(3t|017 T 70t) — (
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Hidden Markov Model

St = Sty —P» S —P S

Ot-2 Ot-1 Ot

p(St‘Ol,--- 70t—1)
p(0o¢|st) (5t|017"' ,0t—1)

p(3t|017 S 70t) —

p(3t+1|017 "ty 0 ZP 5t+1\5 8\017 70t)
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Hidden Markov Model

p(alb(s))
Stp =—P sty =P 5 ———P> 51
Ot-2 Ot-1 Ot
p(St‘Ol,--- 70t—1)
O¢|St St|01, " ,0¢t—1
p(sm,,,,%): plordsd plodors 011
p(3t+1|017"’ y O ZP 5t+1\5 8\017 70t)
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Reversal models

A .
All subjects
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Schlagenhauf et al., 2014
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Subjectively informative events

1] " " - 1

L
&)

Stay
probability (y)
Reward
sensitivity (c)

o
&)

All  fitschance All  fitschance

Schlagenhauf et al., 2014
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Subjectively informative events
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Schlagenhauf et al., 2014
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Working memory

Empirical Data

—_—

[

)

&

© 4 ]
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> v |
= 0.2 . 2 Set Size:
CU ' S =
% 0 e ; ——2
3
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Iiterations per stim 5
—.—6
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Collins et al., 2014 J Neurosci
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Working memory

Empirical Data
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Collins et al., 2014 J Neurosci
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Working memory

Empirical Data RL model simulation
© - e f\_h——ﬁ
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Collins et al., 2014 J Neurosci
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Working memory

Healty Controls (N = 36)

SZ (N = 49)
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Empirical Data
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Only working memory is impaired

AWM parameters

C WM & RL parameters

Capacity K WM Decay )y WM vs. RL _
1 0.5 1¢ reliability Pwm 1 perseveration
. HC K
cC ElS7 35
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_8 ] | 0 9
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2 .
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B RL parameters D Noise parameters
ZI;;e&rning 0.5 RL Decay (I)RL 4.6, Softmax B 0.06 noise €
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Collins et al., 2014 J Neurosci
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The role of dopamine

d e

dMSN-ChR2 (n = 8)
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k=,
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Day 1 Day 2 Test
0 30 0 30 O 30
Time (min)

Schultz et al., 1997 Science, Kravitz et al., 2012 Nature
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Go and nogo learning

Train

Parkinson’s patients on/off meds

3 é‘ Test 100 | == PD OFF

===t PD ON
A (80/20) B (20/80) AQ\ /BC\ 01
| AD l' BD ‘l_ &80+
% 7 AE || BE | 2|
C (70/30) D (30/70) \ \@ “‘870?
60
= Choose A7 Avoid B?

“b 50
‘7 Choose Pos Avoid Neg
(60/40) F (40/60) Test Condition

Frank et al., 2004 Science
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Neural network model

Sensory Input High DA -> activate Go
I EEE Low DA -> release Nogo
from inhibition

RL?

\\
= Policy
AN
Actor
D
Critic error
!
Value :
state p—# Function action
/
reward
» excitatory —» hyperd. prin =< Environment
\

—ao inhibitory —Zg dopamine - acetylcholine

Frank 2005 J Cog Neurosci
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OpAL

Critic update:

=1, - Q(s, a)
Qt+1(S'a) = Q; (s,a) + ac o,

Actor update:
Gt+1(S'a) = Gt(s,a) T O X (+ 6) X Gt(s'a)
Ni.1(s,a) = Ni(s,a) + oy x (- 0) x N, (s,a)

Actor choice

Act(s,a) =P G(s,a) - By N(s, a)
P(a|s) = softmax(Act(s,a))

Collins and Frank Psych Review 2014
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OpAL

Experimental

OpAL
Simulations

Results

5 -

a0 H

trigger contacts

25

Parcant Bsarpairad

0

&

Percent laser—paired
trigger contacts

First 2 min

Percent laser—paired

Percent laser—paired

trigger contacts

trigger contacts

50

307

701

whole session

1 2 3 day

whole session

100¢

pokes

1 2

pokes

3 day

Collins and Frank Psych Review 2014
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Effects OpAL captures

» Learning

» Performance
» Vigor

» Interactions
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Mood as generalization / momentum

! ! ! ! Vi(s) =Vi_1(8) + alry — Vi_1(8))

Eldar et al., 2016 TICS
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Mood as generalization / momentum

v i — y —— V; — e —
l l : l Vt(s) — Vt—l(s) ‘|—C¥(7“t —Vt_l(S))
(B)
91 | 9, 1 d; “i g, 1
v e oV =y = CEEn =5
4 4 4 4

Eldar et al., 2016 TICS

Quentin Huys, TNU/PUK
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Mood as generalization / momentum

(A) — —
l l l l Vi(s) = Vic1(s) + a(re = Vio1(s))
(B)
9, 0 9, | g3 “i 9: X
R G Y Y /
S 5 3 t mt:]_ — mt —|— 8% ((’r't - Vt(S)) T mt)
¢ 4y y t

Eldar et al., 2016 TICS
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Mood as generalization / momentum

(A) — —
l l l l Vi(s) = Vio1(s) + a(re — Vioi(s))
(B)
9, | g, 1 93 Wi 9t i
J . l‘l/l s lIl S—— uvlt My—q1 = My + a;((frt — Vt(S)) — mt)
. . a r, Vt(s) — Vt—l(s) —+ Oé(f X My—1 + Tt — Vt_l(S))

Eldar et al., 2016 TICS
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Mood as generalization / momentum

(A) S VS > VS — —
l l l l Vi(s) = Vi—1(s) + a(ry = Vi—i(s))
(B)
g, 1 g, 1 93 “l 9; |
R G Y Y /
S 5 3 t mt:1 p— mt —|— 8% ((’r't - Vt(S)) T mt)
Y ‘o d t
r, r, ry r, Vt(S) — Vt_1(3> —+ Oz(f X MMi—1 —+ Tt — Vt_l(S))
(C)
! ! ! !
! ! ! !

Eldar et al., 2016 TICS
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Mood fluctuations

(A) (B)

0

©

[o4]
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c

©

s

Overly low
expectations

0

©

[eT4]

£

g Overly high
3 expectations

Key:
¢ Outcomes ~=Expectation
[ Prediction errors ===\ 00d

Eldar et al., 2016 TICS
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Reinforcer interaction

=3

T oo
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a
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Hypomanic personality scale

Eldar et al., 2015 Nat. Comm.
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Momentum captures changes in reward

a High HPS Low HPS b 100, o
6 1 - ®
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g 5- 3 ¢ g0 ©° °
E 4 E x % (@) ’ A" ’ ’...! ......
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ge! < 00e®
o] ) o
o | T @ o o ©
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Eldar et al., 2015 Nat. Comm.
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The cognitive model of depression

Metareasoning

Appraisal

Metareasoning is the internal process by
which we choose what to think about.
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Studying metareasoning

1-140

+20

140

;

Huys et al., 2012 PLoS CB, Huys et al., 2015 PNAS, Lally*, Huys* et al., 2017 J. Neurosci
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Studying metareasoning

1-140

+20

140

;

Huys et al., 2012 PLoS CB, Huys et al., 2015 PNAS, Lally*, Huys* et al., 2017 J. Neurosci
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Psychochess

3 moves
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Solving a binary decision-tree

- 3 moves

20

-20 20 -20
-120 -70 50 -7/0 -60 -110 -70 -20
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Optimal sequences containing losses

C C

S 100 : © 100

o . o . §
S _ 774 < [
A 80| ; 3 80f !
S 60F ‘ S 60

T : T

E 40! ' E 40!

B 8

®) @)

s 4 § 20|

S S

- i Ol

Large Loss

No Large Loss

Depth

Huys et al., 2012 PLoS CB, Huys et al., 2015 PNAS, Lally*, Huys* et al., 2017 J. Neurosci
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Adaptive pruning model

Probability of Probability of
transition through < other
large loss transitions
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Measuring metareasoning

» |f evaluated aII obranches fully

Qlo Zr]
» If stopped vvlth probabillity p at every evaluation
d
Q'(a)=")» (1-y) 'ri(a)
j=1

» If stopped with different probabilities
d
P(a)=> (1-re) (1-ys) 1(a)

j=1
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Pruning explains choice behaviour

—h

% choices pre—
dicted by model

e =
o M A O

1 2 3 4 5 6 7 8

Choices to go

Huys et al., 2012, PLoS CB
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Pruning explains choice behaviour

% choices pre—
dicted by model
© o o ©o
o N EAS (0)) oo

—h

4

S

6||7]|8

Choices to go

Huys et al., 2012, PLoS CB
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Pruning explains choice behaviour

—h

Pruning «<——most parsimonious

Discount

Look-ahead

% choices pre—
dicted by model
© o o ©o
o N EAS (0)) oo

1400 1500 1600 1700
integrated BIC

1112 (|3([4||5]||6|[7]||8

Choices to go

Huys et al., 2012, PLoS CB

RL in mental health 2018 Computational Psychiatry Satellite @ SOBP Quentin Huys, TNU/PUK ‘



Pruning explains choice behaviour

—h

Pruning «<——most parsimonious

Discount

Look-ahead

% choices pre—
dicted by model

©c o o 0O
o N M O ®

1400 1500 1600 1700
integrated BIC

1112 (|3([4||5]||6|[7]||8

Choices to go

© O O
S N O~ O

Probability of
stopping thought

below other
large loss

Huys et al., 2012, PLoS CB
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Subgenual anterior cingulate

Impact of aversive events

C t score (off — on)
Ap-Av task

100 4 AV
9
e
5 -
[ »
S 50 0o 3
(’) -
= . ®
g 4
< " u

o—= : —4
0 50 100 AP

Reward amount (%)

Amemory and Graybiel 2012, Amat et al., 2005; Siegle et al., 2012; Cooney et al. 2010
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Subgenual anterior cingulate

Impact of aversive events Necessary for helplessness
C e tok Amat et al.2005
100 4 AV T 320
= Q njection
a» ; 3t
5 507 0 S b 2 130
n ® = 3 - T o Ve o e o il
5 ’ S 804
3 3 § 407 ———————
' [} & D T T T T T T T T T T T T T 1
0 - g SRP P PSSP OEE S
Reward amount (%) Time (min)

Amemory and Graybiel 2012, Amat et al., 2005; Siegle et al., 2012; Cooney et al. 2010
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Subgenual anterior cingulate

Impact of aversive events Necessary for helplessness
C e tok Amat et al.2005
100 4 Av T 320-
I
~ ] njection
5 ~ % 200
ol o § 3%
n ® © 3 - T o Ve o e o il
5 ’ S 804
£ ‘ & 401 —————
' [} & D T T T T T T T T T T T T T 1
0 - g SRP P PSSP OEE S
Reward amount (%) Time (min)

Predicts treatment response

S d
7

Amemory and Graybiel 2012, Amat et al., 2005; Siegle et al., 2012; Cooney et al. 2010
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Subgenual anterior cingulate

Impact of aversive events Necessary for helplessness
Cc e tok Amat et al.2005
100 4 AV T 320-
< ® 280 -
S_E . E 240 Injection
L, i s
% 21 q 0 % “ % 1%8" _____
-;l ," % 48: ——
Oo_n' - 11 4o - & ft:i:’ ,"ﬁ" OP PP .53{3 hﬂ?m"g & hcbﬁﬂ,@ .-I‘}E
Reward amount (%) Time (min)
Predicts treatment response Correlates with rumination
- & ; F 'l;j
E-_J B — ¥

Amemory and Graybiel 2012, Amat et al., 2005; Siegle et al., 2012; Cooney et al. 2010
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Pruning - sgACC and rumination

» MR too slow to pinpoint pruning events
» trial by trial measure of “pruning urge”

Pt = Dk (p(at|Q,vs = va)llp(ad| @, vs:va))

’

s |

Lally*, Huys™ et al., 2017 J. Neurosci.
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Pruning and

rumination

All
c=0.26 p=0.00082

Continuation past large losses

10 5 20 25 30 35
Rumination
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TCPW

e o

e TCPW

[

T I .. " TR

Transcontinental Computational Psychiatry Workgroup

The Transcontinental Computational Psychiatry Workgroup (TCPW) organizes a monthly web-based
meeting and a computational psychiatry satellite meeting with the Society of Biological Psychiatry. We hope
to foster discussion and exchange between those involved in computational psychiatry—a rapidly growing,
highly multidisciplinary field.

Videos of past meetings are here.

Next workgroup meeting

Network Analysis Tutorial

Eiko Fried

Tuesday, June 12th 2018 at 14:30 - 16:30 UTC (Other timezones)
General participationinfo | Participate online | +Phone-in

TBC

Eiko Fried, PhD

Postdoctoral research fellow
Psychological Methods
University of Amsterdam

Home  Meetings schedule

Participate  Resources Login

News

Postdoc @ UNIST & Seoul National University |

EBPS Workshop: Using Computational Approaches to Build
a Two-way Bridge Between Animals And Humans

Computational Psychiatry postdoc @ TU Dresden / Smolka
lab

Computational psychiatry postdocs @ UCL

Zurich Computational Psychiatry Course Sep 10-14
London Computational Psychiatry Course 2018
Postdoc @ NIH in machine learning applied to MRI data

RL for mental health - Computational Psychiatry Satellite @
SOBP

Computational Psychiatry postdoc @ Oxford

Postdoctoral position in computational psychiatry @ UiT
The Arctic University of Norway

Meetings

Title TBC - Sam Gershman Sep 12th 2018

Title TBC - Yael Niv Aug 13th 2018

Title TBC - Leanne Williams Jul 24th 2018

Network Analysis Tutorial - Eiko Fried Jun 12th 2018

Pavlovian control of escape: General effects and relevance
to suicidal behaviors - Alexander Millner May 03rd 2018

www.cmod4mh.org
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http://www.cmod4mh.org

On the computational structure of mood
and anxiety disorders

Algorithms for survival: characterising anxiety-like behavioural inhibition
Dominik Bach

Computational models of effort-based choice in patients with major depression and schizophrenia
Jessica Cooper

The interaction between mood and reward learning
Yael Niv

A Computational Approach to Understanding Motivational Symptoms in Depression
Jonathan Roiser
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Feedback please!

https://tnusurvey.ethz.ch/index.php/472246
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