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Abstract	

During	competitive	interactions	involving	multiple	agents,	such	as	sporting	competitions,	the	outcome	of	each	

individual’s	actions	is	dependent	not	only	on	a	historical	sequence	of	their	own	choices,	but	on	those	of	their	

opponents	as	well.	Success	 in	such	rivalries	often	requires	that	 individuals	adopt	a	mixed-strategy	wherein	

available	actions	are	chosen	dynamically	and	unpredictably.	Action	selection	in	mixed-strategy	environments	

involves	 the	 coordination	 of	 widespread	 neural	 processes,	 spanning	 the	 cognitive,	 emotional,	 and	 limbic	

domains.	 More	 specifically,	 choice	 selection	 involves	 working	 memory,	 valuation	 and	 reward	 processes,	

reinforcement	learning,	and	execution	of	motor	responses.		

The	three	studies	in	this	thesis	investigated	the	neurobiological	mechanisms	involved	in	choosing	in	

mixed-strategy	environments,	and	how	these	processes	change	throughout	the	course	of	neurodegenerative	

and	neuropsychiatric	disease.	 In	 the	 first	study,	we	examined	 the	human	brain	network	underlying	mixed-

strategy	decision-making	using	 functional	magnetic	 resonance	 imaging	 (fMRI).	Using	a	 carefully	 controlled	

paradigm,	 we	 compared	 the	 network	 underlying	 strategic	 decisions	 to	 that	 involved	 in	 choosing	 in	 non-

strategic	environments.	This	study	allowed	us	to	gain	insight	into	the	specialized	cognitive	circuitry	involved	

in	choosing	dynamically	within	a	strategic	context.		

In	 the	 second	 study,	 we	 asked	 how	 dopaminergic	 transmission	 affected	 mixed-strategy	 decision-

making	 by	 investigating	 how	 degeneration	 of	 the	 dopamine	 system	 in	 Parkinson’s	 disease	 (PD)	 affected	

strategic	 choice	 patterns.	 Further,	 we	 investigated	 the	 hypothesis	 that	 cognitive	 function	 is	 deleteriously	

affected	by	dopaminergic	medication	 (levodopa	 and	dopamine	 agonists)	 in	 patients	with	PD,	 and	whether	

genetic	 mechanisms	 controlling	 dopaminergic	 transmission	 could	 explain	 susceptibility	 to	 medication-

induced	cognitive	deficits.		



	

	 ii	

In	 the	 final	 study,	 we	 examined	 mixed-strategy	 decisions	 in	 patients	 with	 borderline	 personality	

disorder	 (BPD),	 a	 heterogeneous	 disorder	 prevalent	 in	 adolescent	 populations.	We	 explored	 how	 the	 core	

clinical	features	of	BPD,	namely	impulsivity	and	emotional	dysregulation,	affected	mixed-strategy	decisions	in	

adolescents	showing	the	first	signs	of	BPD.		

Together,	 these	 studies	 provide	 a	 detailed	 account	 of	 how	 mixed-strategy	 decision-making	 is	

implemented	 in	 the	 brain,	 and	 how	 the	 cognitive	 functions	 required	 for	 choosing	 in	 such	 environments	

become	affected	throughout	the	course	of	neurological	illness.	This	work,	as	a	whole,	represents	a	significant	

contribution	 to	 our	 understanding	 of	 how	 the	 brain	 integrates	 diverse	 sources	 of	 information	 to	 execute	

mixed-strategy	decisions.		
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Chapter	1 	

General	Introduction	

The	 cheetah	 stealthily	 advances	 on	 the	 impala	 grazing	 25	 metres	 in	 the	 distance.	 Accelerating	 at	 an	

unprecedented	 rate	 the	 cheetah	 makes	 its	 decisive	 attack.	 To	 evade	 capture	 by	 the	 champion	 sprinter,	 the	

impala	leaps,	rapidly	and	unpredictably,	to	the	left	and	the	right.	The	cheetah	is	powerful	and	fast;	predicting	the	

upcoming	actions	of	the	impala	is	its	strategic	advantage.	As	a	sprinter,	not	a	long-distance	runner,	the	cheetah	

fatigues	rapidly.	The	 impala,	on	 the	other	hand,	 is	a	 fleet	runner.	Variability	 in	choice	patterns	 is	 its	 strategic	

advantage,	allowing	it	to	prolong	the	battle	until	its	opponent	tires.			

This	 thesis	 represents	 a	 multidisciplinary	 approach	 to	 understanding	 the	 neural	 architecture	

responsible	 for	 choosing	 strategically	 in	 dynamic	 environments,	 what	 factors	 predict	 variability	 in	 choice	

patterns	and	preferences	across	individuals,	and	how	strategic	choice	processes	become	affected	throughout	

the	course	of	neurological	disease,	specifically,	Parkinson’s	disease	(PD)	and	borderline	personality	disorder	

(BPD).	 The	 chapters	 in	 this	 thesis	 detail	 several	 studies	 that	 combine	 neuroimaging,	 neurogenetics,	 and	

computational	modelling	to	gain	a	comprehensive	understanding	of	strategic	choice.	I	begin	by	describing	the	

challenges	faced	by	humans	and	animals	when	choosing	in	dynamic	environments,	 followed	by	a	review	of	

the	 approaches	 that	 have	 been	 fundamental	 to	 advancing	 our	 understanding	 of	 the	 neural	 mechanisms	

governing	 choice	 behaviour,	 and	 the	 results	 that	 have	 been	 unearthed	 throughout	 these	 investigations.	

Finally,	I	review	the	existing	literature	concerning	how	these	neural	processes	change	throughout	the	healthy	

aging	process	and	in	neurological	disease.		

			



	

	

2	

1.1 Preamble	

Deciding	 on	 an	 appropriate	 course	 of	 action	 when	 faced	 with	 uncertainty	 is	 a	 fundamental	 problem	 for	

animals.	Choosing	between	alternative	actions	 in	 the	environment	 is	often	complicated	by	 the	 fact	 that	 the	

consequences	of	different	actions	are	ambiguous	and	involve	assessments	of	risk	and	subjective	desirability	

(Glimcher	&	Rustichini,	2004).	High	levels	of	uncertainty	are	particularly	evident	in	social	interactions	where	

chosen	actions	and	associated	outcomes	change	dynamically	based	on	the	actions	of	other	agents,	illustrated	

in	 the	 predator-prey	 interaction	 described	 at	 the	 beginning	 of	 this	 chapter.	 In	 competitive	 environments	

involving	strategic	games,	action-outcome	associations	can	change	dynamically,	requiring	online	updating	of	

outcome	 information	 including	 reward	 and	 punishment	 into	 decision-making	 strategies	 (Sutton	&	 Barton,	

1998).	In	these	cases,	past	experiences	with	opponents,	reinforcement	histories,	and	environments	are	used	

to	predict	the	outcomes	of	each	action	by	estimating	the	value	of	available	actions.	In	situations	where	prior	

experience	is	not	available	or	when	there	are	high	levels	of	uncertainty,	the	use	of	explorative	strategies	may	

be	beneficial	to	maximize	desirable	outcomes	(Tervo	et	al.,	2014).	“Organizing	behaviour	in	ways	that	obtain	

outcomes	 appropriate	 for	 the	 current	motivational	 state	 (for	 example,	 acquiring	 food	 if	 hungry)	 and	 that	

avoid	harmful	outcomes	is	crucial	for	survival	and	is	therefore	a	central	organizing	principle	of	the	nervous	

system”	(Maia	&	Frank,	2011,	p.	154).		

Many	 experimental	 studies	 concerning	 decision-making	 have	 focused	 on	 the	 processes	 involved	

during	gambles	with	fixed	outcomes	and	probabilities	(Barker	et	al.,	2015;	Bornovalova	et	al.,	2005;	Berlin	et	

al.,	2005),	observing	participants	as	they	choose	between	a	50%	chance	of	gaining	$1	and	a	25%	chance	of	

gaining	$5,	or	gaining	$1	immediately	or	$5	after	some	variable	delay.	Though	this	work	has	done	much	to	

advance	 our	 understanding	 of	 the	 mechanisms	 underlying	 probability	 estimation	 and	 how	 rewards	 are	

discounted	 according	 to	 their	 delays,	 decisions	 are	 typically	made	 in	 controlled	 settings,	 in	which	 choices	

have	 consequences	 only	 for	 the	 decision-maker	 and	 are	 independent	 of	 prior	 choice	 patterns.	 In	 reality,	

decisions	 are	 rarely	 made	 in	 isolation.	 Many	 of	 our	 daily	 decisions	 are	 made	 in	 highly	 complex	 social	

environments,	which	require	a	diverse	array	of	behaviours,	the	use	of	strategic	tactics,	and	inference	of	the	

intentions	 of	 others	 (Lee,	 2008).	 Responding	 to	 the	 unique	 demands	 of	 living	 in	 large,	 complex	 social	

structures,	 primates	 have	 evolved	 various	 cognitive	 abilities,	 including	 prosocial	 behaviours,	 that	 are	
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dependent,	 in	 part,	 upon	 valuation	 and	 learning	 circuits	 in	 the	 brain,	 and	 the	 influence	 of	 a	 number	 of	

neurochemical	processes	(Adolphs,	1999).	Further,	the	ability	to	make	economic	decisions	in	social	contexts	

engages	 limbic	 (e.g.,	 reward	 representation),	 affective	 (e.g.,	 representing	 social	 rewards	and	punishments),	

and	 executive	 (e.g.,	 processes	 supporting	 working	 memory	 and	 goal	 maintenance)	 systems	 in	 the	 brain	

(Dorris	&	Glimcher,	2004;	Harlé	&	Sanfey,	2012;	Sanfey	et	al.,	2003;	Seo	et	al.,	2009;	Vickery	&	Jiang,	2009).	

How	we	choose	actions	during	social	engagements	is	an	important	question,	as	competition	and	cooperation	

underlie	 a	 diverse	 range	 of	 activities	 including	 evolutionary	 (e.g.,	 predator-prey	 relations,	 hierarchal	

structure,	Meerkat	helpers),	sporting	(e.g.,	tennis,	football),	interpersonal	(e.g.,	poker,	Euchre),	and	financial	

(e.g.,	 stock	 market,	 auction	 bidding,	 salary	 negotiations)	 pursuits	 (Maynard	 Smith,	 1982).	 The	 cognitive	

processes	 involved	 change	 considerably	 over	 the	 lifespan,	 and	 are	 putatively	 affected	 by	 a	 range	 of	

neuropsychiatric	conditions	associated	with	aberrant	decision-making	processes,	such	as	Schizophrenia	(Kim	

et	 al.,	 2007;	 Waltz	 et	 al.,	 2007)	 and	 addictions	 (Bickel	 et	 al.,	 2014;	 Diekhof	 et	 al.,	 2008),	 as	 well	 as	

neurodegenerative	conditions	such	as	Parkinson’s	disease	(Ersche	et	al.,	2016;	Maia	&	Frank,	2011).		

1.2 Neuroeconomics	and	Social	Decision-Making	

Neuroeconomics	 has	 steadily	 gained	 traction	 as	 an	 influential	 discipline	 in	 the	 study	 of	 decision-making,	

capturing	 the	 synergy	 of	 behavioural	 psychology,	 economics,	 and	 neuroscientific	 approaches	 to	 develop	 a	

physiological	model	of	social	and	affective	influences	on	decision-making,	and	how	economic	variables	such	

as	 choice,	 reward,	 and	 value,	 are	 represented	 in	 the	 brain	 (Camerer	 et	 al.,	 2005;	 Glimcher,	 2011).	While	

normative	 economic	models	 have	 been	 influential	 in	 the	 analysis	 and	 prediction	 of	 economic	 choice	 data,	

classic	economic	theory	is	most	often	concerned	with	the	revealed	preferences	of	 individuals,	and	not	with	

how	choices	affect	individual	mental	states	(e.g.,	whether	they	make	the	individual	happy),	and	the	internal	

motivations	 and	 emotions	 that	 give	 rise	 to	 those	 choices	 (Glimcher,	 2011).	 In	 addition,	 economic	 theory	

predicts	 how	 individuals	 choose	 in	 a	 normative	 sense,	 making	 assumptions	 about	 normality	 within	 a	

population	that	are	often	not	fulfilled	since	human	decision-making	is	not	homogeneous	(Camerer,	2005).	Not	

surprisingly,	individual	behaviour	does	not	always	conform	to	economic	predictions	and	discrepancies	exist	

between	optimal	behaviours	and	how	individuals	actually	behave	(Starmer,	2000).		
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Neuroeconomics	offers	a	biological	and	mechanistic	understanding	of	elements	of	human	behaviour	

that	 fail	 to	 conform	 to	 traditional	 economic	 models	 (Glimcher,	 2011;	 Glimcher	 &	 Rustichini,	 2004).	

Individuals	are	not	always	rational	and	do	not	always	behave	out	of	 their	own	self-interests;	decisions	are	

often	made	in	ways	that	increase	or	decrease	the	well-being	of	other	individuals	(Glimcher	2011;	Lee,	2008).	

Humans	are	risk-seeking	for	gains,	but	risk-averse	for	losses.	They	donate	to	charities	and	will	forgo	personal	

financial	gain	to	punish	others	when	they	perceive	they	have	been	treated	unfairly,	observations	that	oppose	

traditional	 economic	 predictions.	 Seemingly	 irrational	 choice	 patterns	 like	 these	might	 be	 predicted	 if	 we	

better	 understood	 the	 brain	 processes	 associated	 with	 such	 choice	 patterns,	 which	 would	 enhance	 the	

predictive	power	of	current	economic	models	of	decision-making	(Sanfey,	2007;	Glimcher,	2011).			

1.3 Game	Theory	and	Mixed-Strategy	Decision-Making	

The	field	of	game	theory,	developed	by	von	Neumann	and	Morgenstern	(1944),	is	of	particular	significance	to	

the	study	of	social	decision-making.	Their	seminal	publication	“Theory	of	Games	and	Economic	Behaviour”	

provides	 a	 formal	 description	 of	 how	 interacting	 decision-makers	 choose	 in	 ways	 to	maximize	 their	 own	

personal	utility	 (von	Neumann	&	Morgenstern,	1944).	This	work	was	extended	by	 John	Nash	 (1950),	who	

proved	equilibrium	solutions	or	optimal	strategies	for	a	number	of	finite	game	theoretic	tasks	(Nash,	1950).	A	

game,	cooperative	or	competitive	in	nature,	is	characterized	by	a	number	of	decision-makers	or	players,	a	set	

of	available	actions	or	moves	for	each	player,	and	a	payoff	matrix	that	reflects	the	combination	of	choices	or	

strategy	profile	of	all	players	(Fudenberg	&	Tirole,	1991;	Maynard	Smith,	1982).	While	game	theory	predicts	

that	 decision-makers	 behave	 in	 self-interested	 manners	 to	 optimize	 their	 payoffs,	 in	 real-world	 social	

exchanges,	 individuals	 often	 behave	 less	 selfishly	 and	 consider	 such	 factors	 as	 reputation,	 equality,	 and	

reciprocity	 (Sanfey,	 2007).	 Standard	 game	 theoretic	 models	 often	 fail	 to	 capture	 a	 range	 of	 social	 choice	

behaviours	 that	 deviate	 from	 theoretical	 predictions	 (Dorris	 &	 Lee,	 2013;	 Sanfey,	 2007).	 Game	 theoretic	

predictions	are	further	complicated	by	the	fact	that	players	engaged	in	social	 interactions	often	employ	the	

use	of	so-called	theory	of	mind	(ToM)	processes	in	an	attempt	to	infer	the	motivations,	values,	and	choices	of	

their	opponents	(DeMartino	et	al.,	2013;	Hampton	et	al.,	2008;	Sanfey,	2007).	Nonetheless,	these	frameworks	

are	 valuable	 to	 the	 analysis	 of	 social,	 interactive,	 decision-making,	 and	 discrepancies	 between	 model	
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predictions	 and	observed	behaviour	 can	be	quantified	 to	provide	an	understanding	of	 choice	behaviour	 in	

various	social	settings.		

Iterative	 game	 theoretic	 tasks	 are	 often	 used	 in	 laboratory	 settings	 to	 elucidate	 the	 cognitive	

processes	 involved	 in	 dynamically	 computing	 and	 updating	 abstract	 value	 representations	 based	 on	

experience	 -	 previous	 choices	 and	 reinforcement	 histories	 –	 and	 how	 these	 value	 representations	 are	

transformed	 into	specific	motor	responses	(Paulus	et	al.,	2005;	Sohn	&	Lee,	2007;	Thevarajah	et	al.,	2009).	

Such	games	have	been	used	to	understand	choice	behaviours	and	their	neuronal	correlates	in	complex	social	

scenarios,	 ranging	 from	cooperative	games	such	as	 the	Stag	Hunt	Game,	 the	Prisoner’s	Dilemma	Game,	 the	

Ultimatum	 Game,	 and	 the	 Trust	 Game	 (Rilling	 et	 al.,	 2004;	 Sanfey	 et	 al.,	 2003;	 Yoshida	 et	 al.,	 2010)	 to	

competitive	exchanges.	Competitive	decision-making	has	been	typically	studied	using	well-known	two-player	

zero-sum	games;	meaning	 that	 interests	 or	 payoffs	 of	 one	player	 are	directly	 opposed	 to	 those	 of	 another	

player;	 in	 other	words,	 one	 player’s	 loss	 is	 another	 player’s	 gain.	 Three	mixed-strategy	 games	 have	 been	

extensively	 studied	 in	 humans	 and	 have	 been	 adapted	 for	 neurophysiological	 experiments	 in	 non-human	

primates	(NHPs)—the	Inspection	Game	(Dorris	&	Glimcher,	2004;	Hampton	et	al.,	2008),	Rock-Paper-Scissors	

(RPS;	Lee	et	al.,	2004;	Vickery	et	al.,	2011),	and	Matching	Pennies	(MP;	Mikulic	&	Dorris,	2008;	Soltani	et	al.,	

2007;	Vickery	et	al.,	2011).		

1.3.1 Matching	Pennies	

Matching	Pennies	(MP)	bears	detailed	unpacking	and	description	because	of	its	instrumental	value	to	the	set	

of	experiments	detailed	in	this	thesis.	MP	is	a	two-choice	equivalent	of	RPS	otherwise	known	as	Odds-Evens	

(See	Fig.	1.1).	During	MP,	one	player	is	designated	the	role	of	the	matcher,	and	the	other	is	designated	the	role	

of	 the	 non-matcher.	 Played	 in	 real	 life,	 each	 player	 is	 given	 a	 penny,	 and	 on	 each	 round,	 both	 players	

simultaneously	 choose	 one	 of	 two	 sides	 of	 the	 coin.	 If	 both	 players	 choose	 the	 same	 side	 of	 the	 coin,	 the	

matcher	gains	the	penny;	otherwise,	the	non-matcher	gains	the	penny.	During	a	repeated	game	of	MP	(and/or	

RPS),	no	single	option	is	inherently	more	valuable	than	the	other,	and	one	could	employ	a	mixed-strategy	to	

avoid	 exploitation	 by	 their	 opponent.	 For	 this	 game,	 the	 mixed-strategy	 equilibrium	 solution	 is	 for	 each	

player	 to	choose	among	the	available	actions	-	heads	and	tails	 -	with	equal	probabilities,	yet	unpredictably	

and	independently	from	trial-to-trial	(Nash,	1950).	If	both	players	consolidate	on	this	strategy,	they	approach	

the	 Nash	 equilibrium;	 provided	 that	 their	 opponent	 is	 also	 choosing	 rationally,	 there	 is	 little	 unilateral	
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incentive	 to	 deviate	 from	 this	 strategy	 (Fundenberg,	 &	 Tirole,	 1991;	 Lee	 &	 Dorris,	 2013;	 Moustafa	 et	 al.,	

2008).	On	the	other	hand,	if	a	player	deviates	from	the	Nash	equilibrium,	by	using	a	deterministic	strategy	–	

for	 example,	 choosing	one	 side	of	 the	 coin	 exclusively,	 displaying	a	preference	of	 one	action	over	 another,	

and/or	serial	dependence	or	perseveration	in	choice	patterns	-	the	opponent	should	be	prepared	to	exploit	

these	predictabilities.	Mixed-strategy	decision-making	requires	 flexibly	adapting	one’s	 strategies	on	a	 trial-

by-trial	basis,	avoiding	predictability	 in	choice	patterns,	and	rapidly	updating	the	value	of	available	actions	

prior	 to	 the	 selection	 and	 execution	 of	 a	motor	 response.	Unlike	 sophisticated	 cooperative	 game	 theoretic	

tasks	 such	 as	 the	Ultimatum	Game	 and	 the	Trust	Game,	NHPs	 can	be	 trained	 to	 perform	 simple	 zero-sum	

games,	 often	 demonstrating	 strategies	 similar	 to	 human	 participants,	 allowing	 for	 more	 in-depth	

understanding	of	the	underlying	neuronal	basis	involved	in	choosing	strategically	(Dorris	&	Lee,	2013;	Sanfey	

&	Dorris,	2008).	

	

Figure	 1.1	Payoff	matrix	 for	Matching	Pennies.	Each	player	 is	 given	 a	 penny;	 one	player	 is	 designated	 the	matcher,	
while	 the	other	 is	 the	non-matcher.	 	Both	players	choose	one	side	of	 the	coin	simultaneously.	 If	 the	choices	match,	 the	
matcher	gains	the	penny	for	that	round.	If	they	do	not	match,	the	non-matcher	gains	the	penny.	

	
	 Caveat:	Computer	versus	human	opponents	in	laboratory	research.	Competing	against	a	worthy	

adversary	typically	requires	an	internal	model	of	the	competitor’s	mental	state	(Yoshida	et	al.,	2008),	which	

promotes	the	use	of	counter-predictive	strategies	or	model-based	strategies	(Abe	&	Lee,	2011;	Tervo	et	al.,	

2014;	 Zhu	 et	 al.,	 2012)	 in	which	 individuals	 infer	 the	 strategies	 and	motivations	 of	 their	 opponents.	 In	 a	
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laboratory	 setting,	 researchers	 profit	 from	 experimental	 control;	 as	 a	 result,	 computerized	 opponents	 are	

often	employed,	particularly	in	mixed-strategy	games	(Dorris	&	Glicher,	2004;	Hampton	et	al.,	2008;	Lee	et	al.,	

2004;	Mikulic	&	Dorris,	2008;	Soltani	et	al.,	2007;	Thevarajah	et	al.,	2009;	Vickery	et	al.,	2011).	

A	number	of	studies	(Carter	et	al.,	2012;	Coricelli	&	Nagel,	2009;	Hampton	et	al.,	2008;	Rilling	et	al.,	

2004)	 have	 demonstrated	 that	 authentic	 social	 contexts	modulate	 activity	within	 the	ToM	network.	 It	 has	

been	suggested	that	mental	states	of	computer	opponents	cannot	be	modelled	or	accessed	in	the	same	way	as	

humans	because	they	are	unobservable	(Carter	et	al.,	2012).	Rilling	et	al.	(2004),	however,	observed	ongoing	

engagement	of	the	ToM	network	when	playing	the	Prisoner’s	Dilemma	game,	a	cooperative	interaction	game,	

and	the	Ultimatum	game,	a	bargaining	game,	against	a	computer	opponent.	This	finding	suggests	involvement	

of	the	ToM	network	(albeit	to	a	lesser	extent)	in	reasoning	about	unobservable	mental	states	of	non-human	

opponents,	and/or	that	 individuals	may	endow	their	computer	opponents	with	human	attributes	in	certain	

contexts.	

Despite	conflicting	evidence	on	the	recruitment	of	ToM	processes,	stochastic	action	selection	 in	the	

context	 of	mixed-strategy	 games	 can	be	well	 captured	using	 computerized	opponents	 (Tervo	 et	 al.,	 2014).	

Because	the	computerized	opponent	is	typically	designed	to	select	actions	on	the	basis	of	statistical	analyses	

of	past	choice	sequences	(Abe	&	Lee,	2011;	Barraclough	et	al.,	2004;	Dorris	&	Glimcher,	2004;	Lee	et	al.,	2004,	

2005),	 participants	 are	 encouraged	 to	minimize	 biases	 in	 their	 choice	 patterns	 and	 choose	 stochastically.	

Studies	in	humans	(Vickery	et	al.,	2011),	NHPs	(Abe	&	Lee,	2011;	Zhu	et	al.,	2012)	and	rats	(Tervo	et	al.,	2014)	

demonstrate	that	competition	against	a	computer	opponent	promotes	the	use	of	counter-prediction,	rather	

than	 purely	 random	 choice,	 and	 the	 use	 of	 counter-predictive	 strategies	 versus	 purely	 stochastic	 choice	

depends	on	the	skill	level	of	the	competitor	(Barraclough	et	al.,	2004;	Tervo	et	al.,	2014).	In	cases	where	the	

mental	 model	 of	 a	 competitor	 is	 readily	 available,	 animals	 and	 humans	 may	 exploit	 this	 knowledge.	

Considering	 the	 case	 of	 the	 cheetah	 and	 the	 impala,	 the	 cheetah	 could	 make	 use	 of	 counter-predictive	

strategies	if	the	impala	was	unable	to	implement	stochastic	leaping	patterns,	thus	gaining	strategic	advantage	

in	its	pursuit.	
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1.4 Modelling	Mixed-Strategy	Decisions	

Decision-making	 involves	 discovering,	 and	 fine	 tuning	 behavioural	 strategies	 through	 trial	 and	 error,	

requiring	a	balance	between	explorative	strategies	that	help	to	ascertain	beneficial	actions,	and	exploitative	

strategies	that	help	to	select	actions	that	have	previously	been	associated	with	rewarding	outcomes,	known	

as	 the	 explore/exploit	 dilemma	 (Daw	et	 al.,	 2006).	 	 Adaptive	behaviour	 in	 repeated	mixed-strategy	 games	

often	results	in	animals	making	choices	that	result	in	positive	outcomes,	while	avoiding	choices	that	result	in	

negative	outcomes	or	punishment	(Barraclough	et	al.,	2004).	

While	players	may	approach	 the	Nash	equilibrium	during	repeated	mixed-strategy	games,	humans	

and	NHPs	reliably	show	biases	consistent	with	reinforcement	learning	(RL)	algorithms,	such	as	the	win-stay,	

lose-shift	(WSLS)	bias	(Barraclough	et	al.,	2004;	Vickery	et	al.,	2011;	Vickery	&	Jiang,	2009).	These	deviations	

may	 represent	 a	 natural	 tendency	 for	 humans	 and	 animals	 to	 incorporate	 reinforcement	 signals	 in	

subsequent	choices	during	decision-making,	even	 in	contexts	where	 this	may	not	be	adaptive	(Tervo	et	al.,	

2014;	Vickery	et	al.,	2011).	For	example,	should	the	impala	successfully	avoid	the	cheetah	by	leaping	to	the	

left,	it	would	not	necessarily	be	advantageous	to	repeat	this	action,	as	this	would	lead	to	predictabilities	that	

could	 be	 exploited	 in	 their	 pursuit.	 Despite	 the	 advantages	 of	 being	 unpredictable,	 many	 studies	 have	

demonstrated	that	in	general,	human	participants	have	difficulty	generating	random	sequences	or	responses	

(Baddeley	et	al.,	1998;	Nickerson	&	Butler,	2002;	Wagenaar,	1972).	The	extent	to	which	participants’	choice	

patterns	are	influenced	by	prior	choices	and	outcomes	can	be	quantified	using	RL	models,	logistic	regression	

modelling,	and	methods	derived	from	information	theory	(Kim	et	al.,	2007;	Lee	et	al.,	2004;	Seo	et	al.,	2009).	

1.4.1 Reinforcement	learning	models	

RL	 models	 are	 used	 to	 explain	 adjustments	 of	 choice	 behaviour	 on	 a	 trial-by-trial	 basis	 in	 a	 number	 of	

decision-making	 tasks,	 and	 provide	 more	 parsimonious	 explanations	 for	 actual	 choice	 behaviours	 than	

equilibrium	predictions	of	game	theory	(Camerer	2003;	Camerer	&	Ho,	1999;	Erev	&	Roth,	1998;	Fundenberg	

&	 Levine,	 1995).	 RL	 models	 have	 been	 particularly	 successful	 in	 explaining	 deviations	 from	 equilibrium	

strategies	during	mixed-strategy	games	(Hampton	et	al.,	2008;	Seo	&	Lee,	2008;	Seo	et	al.,	2009;	Vickery	et	al.,	

2011).	
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RL	models	 test	 the	extent	 to	which	choices	are	predicted	by	action-value	 functions	and	 the	rate	at	

which	value	functions	decay	over	time	(Lee	et	al.,	2004).	The	ultimate	goal	of	these	algorithms	is	to	maximize	

the	accumulation	of	future	rewards	that	are	typically	discounted	according	to	their	delays	(Lee	et	al.,	2004).	

This	 is	 carried	 out	 by	 estimating	 the	weighted	 sum	of	 future	 rewards,	 referred	 to	 as	 value	 functions,	 that	

correspond	 to	 particular	 selected	 actions,	 referred	 to	 as	 action	 value	 functions.	 In	most	RL	models,	 action	

selection	 is	 a	 probabilistic	 process	where	 players	 are	more	 likely	 to	 choose	 actions	whose	 value	 function	

increases	 relative	 to	 the	 value	 functions	 associated	 with	 other	 available	 actions,	 as	 opposed	 to	 always	

choosing	the	action	with	the	maximum	value	function	(Sutton	&	Barto,	1998).	In	so	doing,	players	are	able	to	

explore	actions	in	the	environment,	in	addition	to	exploiting	actions	with	the	highest	value	function	(Sutton	&	

Barto,	1998).	Injecting	variability	into	choice	patterns	affords	players	the	ability	to	avoid	exploitation	by	their	

opponents	during	competitive	games	(Lee	et	al.,	2004).			

The	reward	prediction	error	(RPE)	has	been	recognized	as	a	significant	teaching	signal	in	RL	models,	

and	is	thought	to	be	encoded	by	the	mesolimbic	dopamine	(DA)	system	(Schultz,	2006;	Sutton	&	Barto,	1998).	

The	 RPE	 encodes	 the	 difference	 between	 an	 expected	 outcome	 and	 the	 actual	 outcome	 obtained	 from	

selecting	a	particular	action,	whereby	a	positive	prediction	error	represents	a	better	than	expected	reward,	

and	a	negative	prediction	error	represents	a	worse	than	expected	reward	(Sutton	&	Barto,	1998).	Prediction	

errors	 help	 animals	 learn	 and	 update	 value	 functions,	 and	 are	 integral	 to	 linking	 reward	 to	 actions	 and	

optimizing	action-selection	(Balleine	et	al.,	2007;	Knutson	&	Cooper,	2005;	Maia	&	Frank,	2011).		

1.4.2	 Logistic	regression	models	

The	way	in	which	participants’	choices	are	influenced	by	prior	choice	history	in	multiple	trials,	both	their	own	

history	and	that	of	their	opponent,	can	be	approximated	using	logistic	regression	modelling	(Lee	et	al.,	2004).	

While	RL	models	can	account	for	choice	behaviour	in	a	variety	of	tasks,	the	context	of	mixed-strategy	games,	

choice	 behaviour	 has	 been	 shown	 to	 correspond	more	 closely	 to	 predictions	 of	 logistic	 regression	models	

(Lee	et	al.,	2004).	 	In	these	models,	regression	coefficients	are	calculated	for	a	given	number	of	trials	in	the	

past	(termed	trial	lag).	Positive	coefficients	reflect	participants’	tendency	to	choose	the	same	target	selected	

by	either	themselves	or	the	computer	opponent	a	given	number	of	trials	prior	to	the	choice	on	the	current	

trial	(termed	a	stay	tendency).	On	the	other	hand,	negative	coefficients	represent	a	tendency	to	shift	 to	the	
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alternative	action	(termed	a	shift	tendency).	A	low	trial	lag	of	1	corresponds	to	the	classic	WSLS	strategy.	In	

general,	as	trial	lag	increases,	the	effects	of	prior	choice	and	reinforcement	decay	over	time	(Lee	et	al.,	2004).	

In	NHPs	playing	mixed-strategy	games,	regression	coefficients	are	minimized	when	playing	against	a	strategic	

computer	 opponent	 that	 exploits	 biases	 in	 participants’	 choice	 patterns,	 relative	 to	 a	 weaker	 computer	

opponent	that	selects	actions	randomly;	this	finding	suggests	that	animals,	in	an	attempt	to	avoid	exploitation	

and	maximize	 reward,	 reduce	 the	effect	of	previous	 choice	as	 the	opponent	utilizes	additional	 information	

about	animals’	choice	behaviour	(Lee	et	al.,	2004).		

1.4.3	 Entropy	and	mutual	information	

Variability	in	choice	patterns	can	be	particularly	beneficial	when	consequences	loom	in	the	face	of	a	predator	

or	competitor,	as	is	the	case	for	the	impala	in	the	opening	example	of	this	chapter.	As	previously	discussed,	

despite	 the	benefits	 of	making	 choices	 independent	 of	 choice	 history	during	mixed-strategy	 games,	 purely	

random	choice	often	eludes	players,	and	they	display	serial	dependence	 in	their	choice	patterns	(Lee	et	al.,	

2004).	 	 The	 degree	 of	 response	 stochasticity	 or	 randomness	 in	 choice	 sequences	 can	 be	 quantified	 using	

measures	borrowed	from	information	theory:	entropy	and	mutual	information	(Cover	&	Thomas,	1991;	Lee	

et	 al.,	 2004).	 Entropy	 is	 defined	 as	 “the	minimum	 descriptive	 complexity	 of	 a	 random	 variable”	 (Cover	 &	

Thomas,	1991,	p.	vii;	Drozdova	&	Gaubatz,	2014),	and	mutual	information	as	“the	communication	rate	in	the	

presence	 of	 noise”	 (Cover	&	 Thomas,	 1991,	 p.	 vii;	 Drozdova	&	 Gaubatz,	 2014);	 both	 can	 be	 calculated	 for	

participants’	 choice	 sequences,	 as	 well	 as	 the	 conjunction	 of	 participants’	 choice	 sequences	 and	 their	

associated	outcomes.	When	the	probability	of	observing	particular	choice	sequences	 in	participants’	choice	

patterns	 is	equally	represented	or	 truly	stochastic,	entropy	values	are	maximal	 (Lee	et	al.,	2004;	Mikulic	&	

Dorris,	 2008).	 Mutual	 information	 quantifies	 statistical	 dependence	 between	 two	 random	 variables,	 and	

lower	 values	 represent	 more	 stochasticity.	 Reliable	 estimates	 of	 entropy	 and	 mutual	 information	 during	

mixed-strategy	games	have	been	obtained	in	humans	(Kim	et	al.,	2007;	Mikulic	&	Dorris,	2008),	NHPs	(Lee	et	

al.,	 2004),	 and	 rats	 (Tervo	 et	 al.,	 2014)	 and	 generally	 show	 that	 game	 play	 against	 strategic	 opponents	

precipitates	 higher	 entropy	 values	 and	 lower	 mutual	 information	 values	 as	 experience	 is	 gained	 with	 an	

opponent,	as	compared	to	game	play	against	non-strategic	opponents.		
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1.5 Neurobiological	Processes	Involved	in	Strategic	Game	Play	

1.5.1	 Known	neural	circuitry	

Understanding	the	neural	basis	of	strategic	decision-making	is	complicated	by	the	fact	that	it	recruits	various	

fundamental	 processes	 that	 are	 often	 shared	 with	 non-strategic	 forms	 of	 decision-making	 (Griessinger	 &	

Coricelli,	 2015;	Lee	&	Seo,	2016;	Ruff	&	Fehr,	2014),	 such	as	value	estimation,	working	memory,	 response	

inhibition,	and	RL	processes	(Paulus	et	al.,	2005;	Vickery	&	 Jiang,	2009).	Decision-making	 in	 the	context	of	

mixed-strategy	 games	 involves	 coordination	 of	 widespread	 neural	 processes,	 spanning	 the	 cognitive,	

affective,	 and	 limbic	 domains	 (Sanfey,	 2007).	 It	 is	 important	 to	 understand	 how	 regions	 within	 these	

networks	 are	 co-opted	 for	 more	 complex	 social	 decisions,	 above	 and	 beyond	 their	 involvement	 in	

fundamental	brain	processes.	To	this	end,	electrophysiological	recordings	in	awake	behaving	monkeys	(Abe	

et	al.,	2011;	Dorris	&	Glimcher,	2004;	Seo	et	al.,	2007;	Seo	et	al.,	2009)	and	 functional	magnetic	 resonance	

imaging	 (fMRI)	 studies	 in	 humans	 (Hampton	 et	 al.,	 2008;	 Paulus	 et	 al.,	 2005;	 Vickery	&	 Jiang,	 2009)	 have	

begun	to	map	specific	cognitive	functions	necessary	for	strategic	action	selection	to	several	individual	brain	

regions.	The	role	of	particular	brain	regions	in	specific	cognitive	processes	underlying	mixed-strategy	games	

is	reviewed	in	greater	detail	in	Chapter	2.		

Adaptive	 strategic	 action	 selection	 requires	 several	 neuronal	 processes;	 maintaining	 a	 history	 of	

choice	patterns	and	associated	outcomes,	both	one’s	own	and	those	of	their	opponent	(Abe	&	Lee,	2011;	Seo	

et	 al.,	 2007),	 representation	 of	 reinforcement	magnitudes	 (Knutson	&	 Cooper,	 2005;	 Vickery	 et	 al.,	 2011),	

outcome	evaluation	on	the	basis	of	both	affect	(Katahira	et	al.,	2015;	Paulus	et	al.,	2005)	and	reinforcement	

schedules	(including	the	computation	of	RPE)	(Seo	et	al.,	2007),	ultimately	culminating	in	the	selection	of	a	

final	 action	 for	 execution.	 These	 diverse,	 yet	 complementary,	 computations	 have	 been	 localized	 to	

frontostriatal	structures	that	are	reliably	engaged	during	sophisticated	social	decisions,	including	both	dorsal	

and	ventral	subcomponents	of	the	striatum	(Rilling	et	al.,	2004),	the	dorsolateral	prefrontal	(DLPFC)	(Abe	&	

Lee,	2011;	Barraclough	et	al.,	2004;	Seo	et	al.,	2007),	orbitofrontal	(OFC)	(Abe	&	Lee,	2011;	Abe	et	al.,	2011;		

Vickery	et	al.,	2011),	anterior	cingulate	(ACC)	(Abe	et	al.,	2011;	Seo	&	Lee,	2007),	parietal	(Dorris	&	Glimcher,	

2004;	 Paulus	 et	 al.,	 2005;	 Vickery	&	 Jiang,	 2009),	 and	 insular	 cortices	 (Paulus	 et	 al.,	 2005).	 The	 striatum,	

which	 implements	 reward-based	 action	 selection	 (O’Doherty	 et	 al.,	 2004;	 Schultz,	 2002),	 forms	 strong	
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reciprocal	 connections	with	 the	 cerebral	 cortex	 (Grace	 et	 al.,	 2007;	 Grahn	 et	 al.,	 2008;	Haber	 et	 al.,	 2006;	

Selemon	&	Goldman-Rakic,	1988),	supporting	the	integration	of	top-down	inputs	carrying	signals	necessary	

to	 incorporate	 information	 about	 previous	 choices	 and	 outcomes	 into	 the	 subsequent	 stages	 of	 decision-

making	(Harle	&	Sanfey,	2010).		

Counter-predictive	 strategies	 during	 strategic	 games	 have	 been	 shown	 to	 engage	 ToM	 regions	

including	 the	 temporal	 parietal	 junction	 (TPJ),	 the	 superior	 temporal	 sulcus	 (STS),	 anterior	 paracingulate	

cortex	(APC),	and	the	medial	prefrontal	cortex	(mPFC)	(Carter	et	al.,	2012;	Coricelli	&	Nagel,	2009;	Hampton	

et	al.,	2008;	Rilling	et	al.,	2004).	These	regions	are	likely	involved	in	inferring	the	strategies	of	one’s	opponent,	

and	could	be	advantageous	in	integrating	information	about	opponent	strategies	during	strategic	games.	On	

the	 other	 hand,	 if	 the	 mental	 model	 of	 a	 competitor	 is	 not	 readily	 available,	 as	 is	 often	 the	 case	 with	

computerized	opponents	and	highly	skilled	human	opponents,	one	may	do	best	to	dispense	with	prior	beliefs	

and	 choose	 stochastically,	 thereby	 minimizing	 predictabilities	 in	 choice	 patterns	 (Tervo	 et	 al.,	 2014).	

Choosing	 stochastically,	 however,	 represents	 a	 considerable	 challenge	 for	 the	 brain	 in	 the	 sense	 that	

widespread	 reinforcement	 signals	 and	 choice	histories	 should	be	more	or	 less	 ignored	 (Tervo	et	 al.,	 2014;	

Vickery	 et	 al.,	 2011),	 and	 far	 less	 is	 known	 about	 the	 neural	 mechanisms	 that	 can	 implement	 stochastic	

choice.	 Tervo	 et	 al.	 (2014)	 illustrated	 that	 a	 switch	 between	 counter-predictive	 and	 stochastic	 choice	

strategies	is	mediated	by	the	locus	coeruleus	noradrenergic	input	to	the	ACC	in	rats;	such	a	system	has	yet	to	

be	demonstrated	in	NHPs	and	humans.		

1.5.2	 Neurotransmitter	systems		

Historically,	DA	neurotransmission	has	been	the	focus	of	neurobiological	research	in	reward	representation	

and	RL	processes.	Recent	 evidence,	however,	 suggests	 that	other	 catecholamines	 likely	 share	a	 supporting	

role,	including	serotonin	(5-HT)	and	norepinephrine	(Lee,	2008).		

Dopamine.	The	 role	of	DA	 in	guiding	behaviour	and	 learning	on	 the	basis	of	 reinforcers	has	been	

well	 established	 (Cools,	 2008;	Maia	&	 Frank,	 2011;	 Schultz,	 2002).	 The	 importance	 of	 DA	 transmission	 in	

economic	 and	 strategic	 decision-making	 is	 supported	 by	 the	wide	 distribution	 of	 its	 receptors	 throughout	

frontostriatal	circuits	(Berger	et	al.,	1990,	1991;	Bergson	et	al.,	1995;	Goldman-Rakic,	1990,	Goldman-Rakic	et	

al.,	 2000;	 Sawaguchi	&	Goldman-Rakic,	 1991).	Neurons	 in	 the	 ventral	 tegmental	 area	 (VTA)	 project	 to	 the	

mesolimbic	and	mesofrontal	pathways	to	various	limbic	and	frontal	regions	of	the	brain	(Goldman-Rakic	et	
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al.,	2000;	Pezze	&	Feldon,	2004;	Wittmann	et	al.,	2005).	The	substantia	nigra	(SNR)	and	the	dorsal	striatum	

are	 particularly	 important	 in	 detecting	 and	 predicting	 rewarding	 stimuli,	 and	 have	 been	 specifically	

implicated	 in	 the	computation	of	 the	RPE,	which	strengthens	rewarding	behaviours	(Suri	&	Schultz,	2001).	

These	networks	are,	therefore,	integral	to	learning	action-outcome	associations,	which	is	a	central	component	

in	 mixed-strategy	 decision-making	 (Schultz,	 2000).	 Phasic	 bursts	 of	 DA	 in	 striatum,	 elicited	 by	 reward,	

transiently	enhance	activation	in	the	direct	(D1	mediated,	excitatory)	pathway	of	the	basal	ganglia	(BG),	while	

suppressing	activation	in	the	indirect	(D2	mediated,	inhibitory)	pathway	(Cox	et	al.,	2015;	Frank	et	al.,	2004),	

which	reinforces	the	association	between	the	stimulus	and	the	action,	represented	in	premotor	cortices,	that	

yielded	 a	 reward.	 On	 the	 other	 hand,	 phasic	 DA	 dips,	 which	 occur	 in	 the	 absence	 of	 reward,	 lead	 to	 the	

opposite	pattern,	resulting	in	avoidance	learning	(Cox	et	al.,	2015).		

Serotonin.	It	has	been	suggested	that	while	DA	bursts	are	sufficient	to	facilitate	learning	on	the	basis	

of	positive	reinforcements,	the	magnitude	of	‘dips’	in	DA	firing	rates	may	not	be	sufficient	to	support	learning	

on	the	basis	of	negative	reinforcements	or	punishment	(Bayer	&	Glimcher,	2005;	Frank	&	Claus,	2006).	An	

opponent	role	for	5-HT	in	aversive	learning,	or	 learning	on	the	basis	of	negative	prediction	error,	has	been	

suggested	(Daw	et	al.,	2002;	Deakin	&	Graeff,	1991),	though	this	may	be	mediated	primarily	by	frontal	regions	

rather	than	BG	pathways	(Frank	&	Claus,	2006;	Mancoveanu	et	al.,	2013).	Various	brain	regions	involved	in	

reward-processing	are	also	innervated	by	5-HT	neurons	originating	in	the	midbrain	raphe	nuclei	(Hornung,	

2003),	 particularly	 areas	 within	 the	 prefrontal	 cortex	 (Kranz	 et	 al.,	 2010).	 The	 ACC	 and	 the	 OFC	 are	

particularly	replete	with	both	inhibitory	and	excitatory	5-HT	receptors	(Goldman-Rakic.,	1990),	the	latter	of	

which	 is	 integral	 to	 representing	 stimulus-reward	 values	 (Izquierdo	 et	 al.,	 2004;	 Kringelbach,	 2005;	

Kringelbach	 &	 Rolls,	 2004;	 Schoenbaum	 &	 Roesch,	 2005).	 Additionally,	 5-HT	 neurons	 project	 to	 the	 BG,	

modulating	phasic	release	of	DA	into	the	striatum,	which	has	been	shown	to	regulate	the	temporal	processing	

of	RPE	(Schweighofer	et	al.,	2007;	Tanaka	et	al.,	2004),	facilitating	temporal	discounting,	and	the	evaluation	of	

future	rewards,	illustrating	a	role	for	5HT	discounting	of	delayed	rewards	in	RL	models	(Schweighofer	et	al.,	

2008).	 While	 the	 role	 of	 the	 mesolimbic	 DA	 system	 has	 been	 established	 in	 various	 aspects	 of	 reward	

processing,	 and	 the	 role	 of	 5-HT	 is	 beginning	 to	 be	 realized,	 the	 effect	 of	 the	 manipulation	 of	 these	

neurotransmitter	systems	on	mixed-strategy	decisions	remains	unknown.		
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1.5.3	 Genetic	mechanisms		

Though	 it	 is	 important	 to	recognize	 that	genes	“do	not	code	 for	specific	behaviours,	 they	do	determine	the	

structure	 and	 function	 of	 proteins	 that	 are	 essential	 to	 the	 neuronal	 processes	 that	 underlie	 behaviour”	

(Padmanabhan	 &	 Luna,	 2014,	 p.27),	 elucidating	 how	 genes	 contribute	 to	 individual	 differences	 in	 factors	

underlying	 decision-making	 can	 yield	 valuable	 insights	 into	 the	 biological	 factors	 that	 underlie	 such	

differences	(Padmanabhan	&	Luna,	2014).	Genetic	influences	on	DA	neurotransmission	have	received	much	

attention	 in	 the	 literature	 surrounding	RL	 and	 social	 decision-making	processes	 (Frank	 et	 al.,	 2007,	 2009;	

Klein	 et	 al.,	 2007).	 Individual	 differences	 in	 learning	 to	 obtain	 positive	 outcomes	 and	 avoid	 negative	

outcomes,	 also	 referred	 to	 as	 exploitative	 strategies,	 have	 been	 linked	 to	 variation	 in	 genes	 affecting	 DA	

neurotransmission	(Frank	et	al.,	2009),	particularly	striatal	DA	genes.	Polymorphisms	in	the	dopamine-	and	

cAMP-regulated	phosphoprotein	of	molecular	weight	32	kDa	(DARPP-32,	also	known	as	PP1R1B)	has	been	

shown	to	primarily	influence	learning	on	the	basis	of	positive	rewards	(Barraclough	et	al.,	2004;	Frank	et	al.,	

2007),	while	polymorphisms	 in	 the	dopamine	receptor	D2	 (DRD2)	gene,	Taq1A	and	C957T,	modulate	how	

decision-makers	adapt	their	choices	based	on	negative	reinforcement	(Frank	et	al.,	2007;	Klein	et	al.,	2007).	

Additionally,	 variation	 within	 the	 catechol-O-methyltransferase	 (COMT)	 gene,	 which	 modulates	 DA	 levels	

within	 the	prefrontal	 cortex,	 has	been	 linked	 to	 flexibly	 adapting	 choice	behaviour	on	 a	 trial-by-trial	 basis	

(Barraclough	et	al.,	2004;	Frank	et	al.,	2007),	and	 to	exploratory	decisions	 in	RL	 tasks	 (Frank	et	al.,	2009),	

exemplifying	differential	 involvement	of	striatal	and	 frontal	dopaminergic	genes	on	reinforcement	 learning	

systems	(Frank	et	al.,	2009).		

	 More	 recently,	 genes	 involved	 in	 5-HT	 metabolism,	 such	 as	 the	 5-HT	 transporter-linked	

polymorphism	(5-HTTLPR),	have	begun	to	receive	attention	in	the	decision-making	literature.	Variations	in	

5-HTTLPR	have	been	shown	to	underlie	differences	in	learning	to	avoid	negative	outcomes	(Blair	et	al.,	2008;	

Finger	 et	 al.,	 2007)	 and	 incorporating	 negative	 reinforcement	 into	 choice	 behaviours	 (Finger	 et	 al.,	 2007),	

distinct	 from	 its	 role	 in	 processing	 rewards	 (Blair	 et	 al.,	 2008).	 It	 appears	 that	 5-HTTLPR	may	 selectively	

modulate	learning	on	the	basis	of	negative	reinforcement,	rather	than	positive,	though	this	is	an	ongoing	area	

for	study.		

Despite	a	growing	body	of	research	implicating	dopaminergic	and	serotonergic	genes	in	variability	in	

specific	components	of	RL	processes	and	decision-making	more	generally,	 research	 into	 the	role	of	genetic	
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variation	in	competitive	forms	of	decision-making	is	sparse.	Candidate	gene	studies	are	limited	in	their	ability	

to	 understand	 interactions	 among	 multiple	 genes,	 and	 gene-environment	 interactions,	 both	 of	 which	 are	

likely	to	contribute	to	the	complex	array	of	behaviours	that	are	characteristic	of	social	interactions	(Yacubian	

et	 al.,	 2007).	 Chapter	4	provides	 a	more	detailed	 account	 of	 the	 role	 of	 particular	 genes	 in	RL	 and	mixed-

strategy	decisions.	

1.6 The	Rise	and	Fall	of	Reward	Processes	Across	the	Lifespan	

The	 brain	 circuits	 that	 influence	 decision-making	 undergo	 non-linear	 changes	 across	 the	 lifespan.	

Frontostriatal	 circuits,	 responsible	 for	 representing	 reinforcements	 and	 choosing	 optimally	 in	

economic/social	 spheres,	 are	 in	 flux	 across	various	developmental	periods.	While	 evidence	 shows	 that	 the	

neural	architecture	responsible	for	reinforcement	learning	and	complex	executive	functions	such	as	response	

inhibition	are	in	place	in	childhood,	reward	sensitivity	and	incentive	learning	peak	in	adolescence,	followed	

by	 significant	 refinement	 and	 maturation	 into	 adulthood,	 eventually	 declining	 in	 the	 aging	 population,	

following	 an	 “Inverted	 U”	 trajectory	 (Casey	 et	 al.,	 2011;	 Padmanabhan	 et	 al.,	 2011;	 van	 Leijenhorst	 et	 al.,	

2009,	2010).	Neuroeconomic	frameworks	represent	a	powerful	tool	in	understanding	how	decision-making	

in	 complex,	 social,	 interactive	 environments	 changes	 as	 a	 function	of	 the	healthy	aging	process,	which	 can	

then	 in	 turn	be	used	 to	develop,	and	 improve	upon,	neuropsychological	models	 to	assess	ecologically	valid	

executive	functions	in	various	neurodevelopmental,	neuropsychiatric,	and	neurodegenerative	conditions	that	

are	marked	by	aberrant	decision-making.	

1.6.1 Adolescence	

Normative	 adolescent	 development	 is	 characterized	 by	 increases	 in	 sensation/novelty	 seeking,	 and	 risk-

seeking	 behaviours	 (Padmanabhan	 &	 Luna,	 2014).	 While	 these	 behaviours	 can	 be	 adaptive	 in	 terms	 of	

gaining	 the	requisite	experience	and	 independence	 that	 facilitate	 the	 transition	 to	adulthood,	 they	can	also	

expose	individuals	to	harmful	consequences,	particularly	when	they	go	awry	(Padmanabhan	&	Luna,	2014).	

Risk-seeking	behaviours	with	the	potential	for	a	rewarding	outcome	and	high	risk	for	negative	consequences,	

such	 as	 experimentation	 with	 drugs	 and	 alcohol,	 can	 have	 particularly	 harmful	 consequences	 for	 the	

adolescent	 decision-maker	 (Padmanabhan	 &	 Luna,	 2014).	 Adolescence	 marks	 a	 period	 during	 which	 the	

striatal	 pathways	 involved	 in	 reward	 guided	 and	 goal	 directed	 decision-making	 are	 undergoing	 plastic	
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change,	 accounting,	 in	part,	 for	 the	observation	 that	 adolescents	process	 incentives	differently	 from	adults	

and	show	biases	toward	positive	reward	stimuli	(Padmanabhan	et	al.,	2011;	Steinberg,	2004).	Concomitantly,	

the	brain	systems	involved	in	important	cognitive	control	functions,	such	as	inhibitory	control,	planning,	and	

working	memory,	comprised	of	various	prefrontal	cortical	regions,	are	maturing	in	adolescence	(Casey	et	al.,	

2008;	 Ernst	 &	 Fudge,	 2009;	 Yurgelun-Todd,	 2007).	 Functional	 connectivity	 among	 frontostriatal	 circuits	

becomes	more	efficient	across	the	adolescent	period,	supporting	improvements	in	goal-directed	behaviours	

(Durston	 et	 al.,	 2006,	 Fair	 et	 al.,	 2009;	Hwang	 et	 al.,	 2010).	 	 The	 double-edge	 sword	 of	 reduced	 cognitive	

control	from	top-down	influences	and	increased	incentive-driven	responses	within	the	striatum	creates	the	

landscape	for	risk-seeking	behaviour.		

The	maturational	changes	within	the	frontostriatal	system	associated	with	adolescence	overlap	with	

the	 circuits	 responsible	 for	 updating	 action-values	 and	 guiding	 behaviour	 on	 the	 basis	 of	 reinforcements	

(Padmananbhan	&	Luna,	2014;	Wahlstrom	et	al.,	2010a,	2010b).	Changes	in	DA	function	within	both	cortical	

(e.g.,	 prefrontal)	 and	 subcortical	 (e.g.,	 striatal)	 systems	 contribute	 to	 changes	 in	 cognition	 and	 decision-

making	capabilities	throughout	adolescence	(Padmananbhan	&	Luna,	2014).	Though	evidence	is	inconsistent,	

increases	 in	DA	neurotransmission	have	been	reported	throughout	adolescence	(Rosenberg	&	Lewis,	1994,	

1995;	 Seeman	et	 al.,	 1987;	 for	 a	 review	see	Padmanabhan	&	Luna,	2014).	These	 increases	are	 reflected	 in	

elevated	ventral	striatal	activation	when	processing	rewards,	coupled	with	a	decreased	response	within	the	

cortical	 regions	 involved	 in	 executive	 control,	 for	 example	 the	 OFC	 (Padmanabhan	 et	 al.,	 2011),	 likely	

undermining	 the	 ability	 to	 exert	 executive	 control	 over	 experienced	 rewards.	 Increased	 reliance	 on	 limbic	

activation	 coupled	 with	 inaccurate	 appraisal	 of	 consequences	 could	 lead	 to	 the	 enhanced	 risk-seeking	

behaviour	observed	in	adolescents	(Padmanabhan	et	al.,	2011).	A	thorough	examination	of	decision-making	

capabilities	in	adolescents	will	be	the	subject	of	Chapter	3.		

1.6.2 Elderly	populations	

Aging	 is	 accompanied	by	 structural	 and	 functional	 changes	 in	brain	 circuits	 and	neurotransmitter	 systems	

that	 influence	decision-making	(Backman	et	al.,	2006;	Band	et	al.,	2002;	Reuter-Lorenz	&	Lustig,	2005),	yet	

elderly	 individuals	 continue	 to	 make	 consequential	 decisions	 in	 their	 daily	 lives	 (Brown	 &	 Ridderinkhof,	

2006).	As	the	elderly	population	grows	in	number,	their	decisions	increasingly	influence	society’s	economic	

and	 political	 landscape	 (Brown	&	 Ridderinhof,	 2006;	 Kovalchik	 et	 al.,	 2005);	 it	 is,	 therefore,	 important	 to	
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understand	how	economic	decision-making	is	affected	by	the	aging	process.	Research	is	beginning	to	outline	

age-related	alterations	in	various	aspects	of	economic	and	reward-based	decision-making,	and	concomitant	

age-related	changes	in	the	circuits	and	neurotransmitter	systems	subserving	these	functions	(Kaasinen	et	al.,	

2000;	Volkow	et	al.,	2000).	Generally	speaking,	frontostriatal	circuits	are	particularly	vulnerable	to	the	effects	

of	aging,	as	grey	matter	reductions	have	been	reported	in	the	OFC	(Lamar	&	Resnick,	2004),	the	ACC	(Band	et	

al.,	 2002;	Good	et	 al.,	 2002),	 the	 insular	 cortex	 (Good	et	 al.,	 2002),	 in	 addition	 to	 reductions	 in	dorsal	 and	

ventral	striatum	volumes	(Matochik	et	al.,	2000;	Raz	et	al.,	2003;	Walhovd	et	al.,	2005).	Decline	in	the	number	

of	 DA	 and	 serotonin	 receptors	 within	 these	 pathways	 has	 been	 well-documented	 (Backman	 et	 al.,	 2006;	

Kaasinen	 et	 al.,	 2000;	Woodruff-Pack,	 1997),	 which	 can	 lead	 to	 altered	 reward	 processing	 and	 decreased	

efficiency	in	reward	signalling	during	decision-making	tasks	(Backman	et	al.,	2006).	Behaviourally,	aging	has	

been	associated	with	problems	with	accurately	assessing	the	probability	and	value	of	potential	outcomes,	and	

linking	 those	outcomes	 to	actions	 (Grieve	et	 al.,	 2007;	Harlé	&	Sanfey,	2012),	 leading	 to	deficits	 in	 flexibly	

adapting	and	updating	decision-making	strategies	to	various	levels	of	reward	(Harle	&	Sanfey,	2012).	The	loss	

of	behavioural	flexibility	and	an	increased	reliance	on	heuristics	and	changing	stimulus-reward	contingencies	

that	have	been	observed	 in	 the	 aging	population	 are	 likely	 the	 result	 of	 aberrant	 reward	 signalling	within	

frontostriatal	 circuits	 (Eppinger	 et	 al.,	 2011;	 Harle	 &	 Sanfey,	 2012),	 particularly	 the	 decline	 of	 DA	

transmission	within	the	dorsal	striatum	(Fera	et	al.,	2005;	Nieuwenhuis	et	al.,	2002).		

Some	evidence	supports	the	existence	of	a	positivity	bias	in	the	elderly	that	is	defined	as	a	preference	

for	 positive	 information,	 as	 opposed	 to	 information	 that	 engages	 negative	 affective	 systems.	 Evidence	

demonstrates	reduced	amygdalar	and	insular	responses	to	negative	emotion	and	negatively	valenced	stimuli	

in	 social	 contexts	 (Samanez-Larkin	et	 al.,	 2007),	 accompanied	by	 increased	engagement	of	 lateral	 (e.g.,	 the	

OFC)	and	medial	PFC	structures	(e.g.,	 the	ACC),	which	could	reflect	a	heightened	effort	to	regulate	negative	

information	(Keightley	et	al.,	2006;	Mather	et	al.,	2004;	Williams	et	al.,	2006).	As	a	result,	older	adults	may	be	

less	influenced	by	impending	negative	economic	outcomes	(Harle	&	Sanfey,	2012;	Neilsen	et	al.,	2008)	when	

appraising	the	affective	consequences	of	their	actions	(Bechara	&	Damasio,	2005;	van	Winden	et	al.,	2011).	

Changes	 in	decision-making	capabilities	as	a	 function	of	 the	healthy	aging	process	are	discussed	 in	greater	

detail	in	Chapter	4.		
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1.7 Impaired	Social	Cognition	as	a	Feature	of	Clinical	Populations	

Neurobiological	 research	 on	 decision-making	 has	 led	 to	 the	 understanding	 that	 action-selection	 requires	

coordination	across	multiple	brain	systems,	implementing	various	distinct	computations	(Dayan	et	al.,	2006;	

Delgado	&	Dickerson,	2012;	Lee	et	al.,	2012;	Rangel	et	al.,	2008).	As	a	 result,	maladaptive	decision-making	

processes	 are	 common	 across	 many	 neurological	 and	 neuropsychiatric	 conditions.	 Identifying	

transdiagnostic	 biomarkers	 has	 the	 potential	 to	 revolutionize	 the	 diagnosis	 of	 such	 conditions,	 and	 could	

provide	the	opportunity	to	develop	more	targeted	treatment	protocols	(Bickel	et	al.,	2014;	Hasler,	2012;	Maia	

&	 Frank,	 2011;	 Montague	 et	 al.,	 2012;	 Sharp	 et	 al.,	 2012).	 Deficits	 in	 RL,	 frontostriatal	 circuitry	 and	 its	

governing	neurotransmitter	systems,	are	increasingly	recognized	as	a	core	feature	of	several	disorders,	and	

thus	represent	a	promising	potential	avenue	for	the	development	of		transdiagnostic	models	for	neurological	

disease	(Maia	&	Frank,	2011).	In	addition,	investigating	decision-making	tendencies	in	disorders	with	known	

pathological	origins	can	advance	our	understanding	of	the	neurobiological	mechanisms	underlying	decision-

making	 in	 healthy	 systems.	 For	 example,	 investigating	 maladaptive	 decision-making	 tendencies	 in	

Parkinson’s	disease	can	advance	our	understanding	of	the	role	of	dopamine	in	decision-making	processes.		RL	

models	 provide	 substantial	 explanatory	 and	 predictive	 power;	 extending	 our	 understanding	 of	 how	 these	

computations	 work	 in	 healthy	 individuals	 is	 beginning	 to	 provide	 insight	 into	 how	 pathophysiological	

processes	 alter	 these	 computations,	 producing	 symptoms	 across	 a	 number	 of	 disease	 states	 (Frank	 et	 al.,	

2007;	Redish,	2004;	Waltz	et	al.,	2007;	Wiecki	&	Frank,	2010).			

1.7.1	 Neuropsychiatric	Disorders	

Decision-making	deficits,	particularly	changes	in	reward	signalling	and	RL	processes,	are	recognized	across	a	

number	 of	 neuropsychiatric	 conditions,	 including	 major	 depressive	 disorder	 (Felger	 &	 Treadway,	 2017;	

Pizzagalli	et	al.,	2009,	2008;	Satterthwaite	et	al.,	2015),	bipolar	disorder	(Christodoulou	et	al.,	2006;	Phillips	&	

Vieta,	2007;	Vaghi	et	al.,	2017),	 schizophrenia	 (Barch	&	Ceaser,	2012;	Barch	et	al.,	2016;	Kim	et	al.,	2007),	

anxiety	disorders	(Etkin	&	Wager,	2007;	Pacheco-Unguetti	et	al.,	2011),	and	addictions	(Buchel	et	al.,	2017).	

For	example,	 reduced	RPE	signalling	 in	 the	ventral	 striatum	has	been	shown	 in	major	depressive	disorder	

(Felger	&	Treadway,	2017;	Pizzagalli	et	al.,	2009)	and	has	also	been	shown	to	be	a	predictor	of	problematic	

drug	use	in	adolescents	(Büchel	et	al.,	2017).	Though	an	exhaustive	review	of	these	transdiagnostic	deficits	
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are	beyond	the	scope	of	 this	manuscript,	 it	 is	clear	that	RL	processes	represent	a	useful	endeavour	toward	

understanding	risk-factors	for	these	conditions.		

A	 number	 of	 neuropsychiatric	 phenotypes	 seems	 to	 converge	 in	 BPD,	 which	 is	 marked	 by	

disadvantageous	decision-making	tendencies,	contributing	to	several	deleterious	and	dangerous	behaviours,	

such	 as	 self-harm,	 unsafe	 sexual	 activity,	 substance	 abuse,	 and	 disordered	 eating	 (Dougherty	 et	 al.,	 2004;	

Rosval	 et	 al.,	 2006;	 Soloff	 et	 al.,	 2000).	 Emerging	during	 adolescence,	 patients	with	BPD	 tend	 to	 engage	 in	

impulsive	 behaviours	 despite	 adverse	 long-term	 consequences.	 BPD	 is	 characterized	 by	 several	 comorbid	

conditions,	 including	 Attention	 Deficit	 Hyperactivity	 Disorder	 (ADHD),	 eating	 disorders,	 Post	 Traumatic	

Stress	Disorder	(PTSD),	substance	use	disorder,	and	mood	disorders	(Grant	et	al.,	2009;	Speranza	et	al.,	2011;	

Zanarini	et	al.,	1998).	The	brain	regions	affected	 in	BPD	overlap	with	 the	 frontostriatal	circuits	 involved	 in	

social	cognition	and	reward	processing,	including	the	ACC	and	the	OFC	(Hallquist	et	al.,	2018;	Schulze	et	al.,	

2016;	 Silbersweig	 et	 al.,	 2007).	 Deficits	 in	 learning	 from	 feedback	 (Schuermann	 et	 al.,	 2011),	 discounting	

rewards,	and	learning	the	probability	of	rewards	through	trial	and	error	are	recognized	in	BPD	(Barker	et	al.,	

2015;	Berlin	et	al.,	2005;	Bornovalova	et	al.,	2005;	Cackowski	et	al.,	2014;	Dougherty	et	al.,	1991;	Gorlyn	et	al.,	

2013;	LeGris	et	al.,	2012),	supporting	a	general	deficit	in	valuation	of	outcomes	(Paret	et	al.,	2017).		

Despite	a	number	of	advancements	in	understanding	how	reward-related	processes	become	affected	

throughout	BPD	(in	addition	to	a	number	of	neuropsychiatric	conditions),	such	tasks	do	not	approximate	the	

dynamic	 nature	 of	 real-world	 economic	 interactions.	 Game	 theoretic	 studies	 in	 BPD	 have	 found	 that	

behaviours	during	social	interactions	appear	to	be	less	modulated	by	social	signals,	which	allows	for	greater	

“rationality”	in	choice	(Jeung	et	al.,	2016).	Therefore,	 individuals	with	BPD	often	behave	in	a	self-interested	

manner	 in	social	and	economic	 interactions,	 leading	to	 the	proposal	 that	 they	represent	 the	“ideal	of	homo	

economicus”	–	the	ultimate	rational	decision-maker	(Jeung	et	al.,	2016).	As	in	aging	research,	neuroeconomic	

studies	have	begun	to	understand	how	the	processes	 involved	 in	strategic	bargaining	behaviour,	 trust,	and	

cooperation	 are	 affected	 throughout	 psychiatric	 illnesses,	 but	 very	 few	 have	 investigated	 competitive	

interactions	 (with	 the	 exception	 of	 Kim	 et	 al.,	 2009,	 who	 found	 impairments	 in	 mixed-strategy	 decision-

making	processes	in	Schizophrenia).	
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1.7.2 Neurodegenerative	disorders:	Parkinson’s	disease		

PD	is	characterized	by	dramatic	cell	death	of	DA	within	the	substantia	nigra,	which	results	in	reduced	striatal	

DA,	producing	hyperactivity	within	the	indirect	pathway	of	the	BG	(Dauer	&	Przedborski,	2003).	This	pattern	

of	degeneration	leads	to	a	lack	of	voluntary	movement	(hypokinetic	symptoms),	as	well	as	several	cognitive	

deficits	 that	 are	 now	being	 recognized	 as	 an	 early	 component	 of	 disease	 (Frank,	 2005;	 Frank	 et	 al.,	 2004;	

Wiecki	&	Frank,	2010).	Cognitive	deficits	associated	with	PD	pathology	overlap	with	those	involved	in	mixed-

strategy	interactions,	including	RL,	working	memory,	and	cognitive	flexibility	(Cools	et	al.,	2001;	Lewis	et	al.,	

2005;	Malhotra	et	al.,	2002;	Moustafa	et	al.,	2008;	Slabosz	et	al.,	2006).	Additionally,	levodopa	and	a	class	of	

DA	agonists	used	to	treat	PD	produce	(or	exacerbate)	cognitive	symptoms,	particularly	in	tasks	requiring	RL	

processes	(Bódi	et	al.,	2009;	Cools	et	al.,	2001;	Frank	et	al.,	2004;	Frank	et	al.,	2007;	Shohamy	et	al.,	2006),	

though	 there	 may	 exist	 a	 great	 deal	 of	 variability	 across	 patients	 depending	 on	 disease	 stage,	 as	 well	 as	

neurogenetic	factors	that	affect	baseline	dopamine	levels	(Malhotra	et	al.,	2002;	Rowe	et	al.,	2008).		

The	relationship	between	medication	and	cognitive	function	in	PD	is	complex:	both	deleterious	and	

beneficial	effects	have	been	reported,	largely	dependent	on	the	task	used	to	assess	cognition	and	the	neural	

circuits	 recruited	 to	 perform	 the	 task	 (Cools,	 2006).	 This	 discrepancy	 is	 likely	 due	 to	 an	 imbalance	 of	 DA	

depletion	 in	 different	 segregated	 functional	 cortico-striatal	 circuits	 in	 PD	 (Cools,	 2006).	 The	 dopamine	

overdose	hypothesis	(Vaillancourt	et	al.,	2013)	suggests	 that	DA	treatment	 in	PD	may	target	areas	affected	

early	 in	 the	disease	progression,	 including	 the	putamen,	dorsal	 caudate	nucleus	 (the	dorsal	 striatum),	 and	

their	 connections	 to	 the	 DLPFC	 (Cools	 et	 al.,	 2001),	 while	 simultaneously	 overdosing	 others	 such	 as	 the	

ventral	caudate	nucleus,	nucleus	accumbens	(NAC)	(the	ventral	striatum)	and	their	connections	to	the	OFC,	

leading	 to	 deficits	 in	 RL	 (Cools	 et	 al.,	 2001;	 Frank	 et	 al.,	 2004;	 Rutledge	 et	 al.,	 2009).	 Supporting	 this	

hypothesis,	RPE	signalling	appears	to	be	preserved	in	the	ventral	striatum	of	PD	patients,	yet	impaired	in	the	

dorsolateral	 striatum,	 providing	 a	 biological	 explanation	 for	 RL	 deficits	 in	 PD	 (Schonberg	 et	 al.,	 2010).	

Unmedicated	 PD	 patients	 show	 enhanced	 learning	 from	 negative	 reinforcement	 (mediated	 by	 the	 D2	

pathways	of	the	BG)	as	compared	to	positive	reinforcement	(mediated	by	the	D1	pathways	of	the	BG),	while	

the	 opposite	 pattern	 is	 observed	 in	 medicated	 PD	 patients	 (enhancement	 of	 learning	 from	 positive	

reinforcement	 compared	 to	 negative)	 (Frank	 et	 al.,	 2004).	 DA	 medication	 may	 result	 in	 occupation	 of	

postsynaptic	 dopamine	 receptors	 during	 pauses	 in	 firing	 of	 dopamine	 neurons,	 representing	 negative	 PE	
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signalling,	which	could	lead	to	a	blunting	of	negative	PE	during	learning	and	the	observed	deficits	in	learning	

from	 negative	 reinforcement	 in	medicated	 patients	 (Frank	 et	 al.,	 2004).	 Additionally,	 PD	 patients	 show	 a	

pattern	of	perseveration	 in	 choice,	 independent	of	 reward	history,	which	 is	 remediated	by	DA	medication,	

and	cannot	be	accounted	for	by	RL	models	(Rutledge	et	al.,	2009).	Although	reinforcement-guided	decision-

making	has	been	extensively	studied	in	PD,	decision-making	within	the	context	of	interactive	and	competitive	

environments	has	not.	PD	pathology,	and	the	effect	of	DA	treatment,	may	manifest	as	biases	in	choice	patterns	

during	 strategic	 games.	 From	 a	 basic	 research	 perspective,	 PD	 represents	 a	 natural	 knock-out	 model	 of	

striatal	DA	transmission,	thus	providing	an	opportunity	to	study	the	role	of	DA	in	mixed-strategy	decisions.	

This	topic	is	examined	further	in	Chapter	4.		

1.8 Contribution	of	this	Thesis	

This	 thesis	 is	comprised	of	 three	studies	 that	adopt	a	multidisciplinary	approach	combining	neuroimaging,	

behavioural	analysis	and	modelling,	and	genetic	investigation	in	an	effort	to	understand	the	neurobiological	

mechanisms	 underlying	 mixed-strategy	 decision-making	 in	 healthy	 individuals,	 and	 distinct	 patterns	 of	

dysfunction	across	neurological	illnesses.		

Study	 1,	 A	 distributed	 network	 underlying	 mixed-strategy	 decision-making	 in	 humans,	 sought	 to	

establish	 the	 brain	 networks	 underlying	 decision-making	 within	 the	 context	 of	 iterative	 mixed-strategy	

games	 in	healthy	young	adults,	 and	asked	how	 the	 cognitive	mechanisms	 responsible	 for	 flexibly	 adapting	

strategies	 in	dynamic,	 competitive,	 environments	differed	 from	 those	 involved	 in	 sensory	guided	decisions	

(see	Chapter	2).	We	hypothesized	 that	mixed-strategy	decision-making	would	 recruit	 a	widespread	neural	

network,	encompassing	several	frontostriatal	regions	that	have	been	implicated	in	humans	and	non-human	

primates.	We	show	that	the	human	brain	network	underlying	mixed-strategy	decision-making	is	dissociable	

from	that	underlying	more	simple,	instructed	decision-making,	reflecting	the	increased	cognitive	demands	of	

choosing	in	competitive,	social,	contexts.		

Study	 2,	Genetic	 variation	 in	 dopamine	 system	 is	 associated	with	mixed-strategy	 decision-making	 in	

Parkinson’s	 patients,	 sought	 to	 understand	 the	 role	 of	 dopamine,	 and	 asked	 how	 manipulations	 to	 the	

dopaminergic	 system	 (e.g.,	 dopamine	 degeneration,	 dopamine	 replacement	 therapy,	 and	 variants	 in	 key	

dopaminergic	 genes)	 affect	 mixed-strategy	 decisions	 in	 patients	 with	 Parkinson’s	 disease	 as	 compared	 to	
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those	without	(see	Chapter	4).	We	hypothesized	that	variability	in	decision-making	strategies,	and	the	effect	

of	medication	on	decision-making	in	PD,	would	be	associated	with	variability	in	baseline	dopamine	levels,	as	

indicated	by	natural	variation	in	key	dopamine	genes.	Specifically,	we	predicted	that	individuals	with	markers	

for	relatively	high	baseline	dopamine	signalling	would	be	cognitively	impaired	following	the	administration	

of	dopaminergic	medication.	We	show	that	individuals	with	PD	tend	to	perseverate	in	their	choice	patterns,	

which	 is	 exacerbated	 in	 patients	with	 relatively	 low	 dopaminergic	 signalling.	 In	 addition,	 in	 line	with	 the	

hypothesized	 “Inverted	 U”	 response	 curve	 for	 dopaminergic	 function,	 we	 show	 that	 the	 level	 of	 cognitive	

impairment	reflected	in	mixed-strategy	performance	is	associated	with	variability	in	the	COMT	gene,	which	is	

a	marker	for	prefrontal	dopamine	levels.	

Study	 3,	Mixed-strategy	 decision-making	 in	 adolescents	 with	 borderline	 personality	 disorder	 and	 its	

relationship	 with	 impulsivity	 and	 affective	 functioning,	 sought	 to	 understand	 the	 differences	 in	 the	

development	of	decision-making	processes	 in	healthy	adolescents	and	those	with	BPD,	which	 is	marked	by	

impulsivity	 and	 emotional	 dysregulation,	 and	 asked	 how	 mixed-strategy	 decision-making	 changed	 as	 a	

function	of	age	in	healthy	adolescents	and	in	those	with	BPD	(see	Chapter	3).	We	sought	to	understand	the	

development	 of	 maladaptive	 decision-making	 tendencies	 when	 impulsivity	 and	 emotional	 dysregulation	

symptoms	are	at	their	peak;	in	adolescence.	Investigating	decision-making	tendencies	in	adolescents	showing	

the	 first	 signs	 of	 BPD	 is	 a	 novel	 area	 for	 research,	 thus	 this	 study	was	 largely	 explorative.	We	 show	 that	

individuals	 with	 BPD	 with	 higher	 trait	 impulsivity	 and	 higher	 emotional	 dysregulation	 show	 less	

predictabilities	in	their	choice	patterns	compared	to	their	control	counterparts,	suggesting	that	higher	levels	

of	impulsivity	and	emotional	dysregulation	can	lead	to	more	randomization	in	choice	patterns.	In	the	context	

of	mixed-strategy	interactions,	randomization	is	often	the	optimal	strategy;	therefore,	our	results	are	in	line	

with	the	hypothesis	that	individuals	with	BPD	represent	the	“rational	economic	decision-maker”.		
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Chapter	2 	

A	Distributed	Network	Underlying	Mixed-Strategy	Decision-Making	in	

Humans	

2.1 Abstract	

During	 competitive	 interactions,	 such	 as	 team	 sports,	 business	 affairs,	 or	 predator-prey	 relations,	 the	

outcome	of	each	individual’s	actions	is	dependent	not	only	on	their	own	choices,	but	those	of	their	opponents.	

Success	in	these	rivalries	requires	that	individuals	choose	dynamically	and	unpredictably	in	what	is	known	as	

mixed-strategy	decision-making.	Although	researchers	have	explored	neural	activity	within	key	brain	regions	

during	 mixed-strategy	 games,	 a	 deeper	 understanding	 requires	 examining	 the	 broader	 network	 of	 brain	

regions	and	how	they	interact	to	produce	such	complex	behaviour.	We	used	functional	magnetic	resonance	

imaging	 (fMRI)	 to	 compare	 the	 human	 brain	 circuitry	 and	 functional	 connectivity	 underlying	 strategic	

decision-making	 	 to	 that	 underlying	 non-strategic	 decision-making.	 Participants	 competed	 in	 the	 classic	

mixed-strategy	 game,	 Matching	 Pennies,	 against	 a	 dynamic	 computer	 opponent	 designed	 to	 exploit	

predictability	 in	 players’	 response	 patterns.	 	 Results	 were	 contrasted	 with	 a	 non-strategic	 task	 that	 had	

comparable	 sensory	 input,	motor	output,	 and	 reward	rate;	 thus,	differences	 in	brain	activation	highlighted	

strategic	 brain	 processes.	 A	 distributed	 cortico-striatal	 network,	 including	 the	 caudate	 nucleus,	 thalamus,	

temporoparietal	 junction,	 dorsal	 anterior	 cingulate,	 inferior	 parietal,	 insular,	 frontopolar,	 dorsolateral	

prefrontal,	 inferior	 frontal,	 and	 supplementary	motor	 cortices,	 was	 significantly	more	 engaged	 during	 the	

mixed-strategy	game.	Further,	we	observed	a	high	degree	of	 functional	connectivity	between	these	regions	

during	the	mixed-strategy	game.	We	propose	that	the	observed	pattern	of	activation	reflects	the	specialized	

cognitive	circuit	required	to	choose	dynamically	within	a	strategic	context.	
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2.2 Introduction	

Complex	social	interactions	are	a	core	feature	of	the	environment	in	which	humans	live.	Consider	playing	a	

game	 of	 Rock-Paper-Scissors	 for	 $1	 a	 throw;	 each	 player’s	 actions	 and	 their	 associated	 outcomes	 change	

dynamically	based	on	their	opponent’s	actions.	On	one	hand,	a	player	should	choose	each	of	the	three	actions	

unpredictably,	and	with	equal	 frequency	 to	evade	exploitation	by	 the	opponent.	 If	both	players	do	so,	 they	

approach	 the	Nash	 equilibrium,	 and	 there	 is	 no	 incentive	 to	 deviate	 from	 this	 strategy	 unilaterally	 (Nash,	

1950;	Fundenberg	&	Tirole,	1991).	On	the	other	hand,	if	one’s	opponent	departs	from	the	Nash	equilibrium,	

by	 displaying	 a	 preference	 for	 one	 action	 over	 another,	 and/or	 serial	 dependence	 in	 choice	 patterns,	 one	

should	be	prepared	to	exploit	this	predictable	behaviour.	Generally,	humans	and	monkeys	approach	the	Nash	

equilibrium	 during	 a	 variety	 of	 strategic	 games,	 however,	 systematic	 deviations	 exist,	 such	 as	 the	 win-

stay/lose-shift	(WSLS)	bias,	in	which	individuals	are	more	likely	to	repeat	previously	successful	(rewarded)	

actions	and	switch	away	from	previously	unsuccessful	(unrewarded	or	punished)	actions	(Barraclough	et	al.,	

2004;	Thevarajah	et	al.,	2009;	Vickery	et	al.,	2011).	The	WSLS	bias	suggests	that	choices	are,	in	part,	guided	by	

reinforcement	 learning	 processes	 (Cohen	 &	 Ranganath,	 2007;	 Hampton	 et	 al.,	 2008).	 Understanding	 the	

dynamics	of	choice	behaviour,	and	the	neural	correlates	of	strategic	decisions,	is	important,	as	these	complex	

interactions	are	ubiquitous	throughout	our	lives,	for	example,	during	sporting	competitions	(Azar	&	Bar-Eli,	

2011;	 Gauriot	 et	 al.,	 2016)	 and	 business	 interactions	 (Thaler,	 2016).	 Moreover,	 the	 cognitive	 processes	

involved	are	also	putatively	affected	by	a	vast	range	of	psychiatric	and	neurological	disorders	associated	with	

aberrant	 decision-making	 processes,	 such	 as	 addictions	 and	 schizophrenia	 (Ersche	 et	 al.,	 2016;	 Kim	 et	 al.,	

2007;	Maia	&	Frank,	2011).				

Understanding	the	neural	basis	of	strategic	decision-making	is	complicated	by	the	fact	that	it	recruits	

various	 cognitive	 processes,	 such	 as	 value	 estimation,	 working	 memory,	 response	 inhibition,	 and	 reward	

processes	 (Paulus	 et	 al.,	 2005;	 Vickery	 &	 Jiang,	 2009)	 that	 are	 often	 shared	 with	 non-strategic	 forms	 of	

decision-making	 (Griessinger	&	Coricelli,	 2015;	Lee	&	Seo,	2016;	Ruff	&	Fehr,	2014).	 Fortunately,	we	have	

gained	 a	 foundational	 understanding	 of	 the	 brain	 processes	 involved	 in	 non-strategic	 forms	 of	 decision-

making	 in	 both	 humans	 and	 animal	 models	 (Kable	 &	 Glimcher,	 2009;	 Rangel	 et	 al.,	 2008).	 The	 role	 of	

individual	brain	regions	have	been	investigated	in	awake	behaving	monkeys	during	strategic	game	play	(Abe	
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et	al.,	2011;	Dorris	&	Glimcher,	2004;	Seo	et	al.,	2007)	and	in	humans	using	event-related	fMRI	(Hampton	et	

al.,	 2008;	 Paulus	 et	 al.,	 2005).	 The	 next	 step	 toward	 understanding	 the	 neural	 basis	 of	 strategic	 decision-

making	is	to	examine	widespread	activity	across	brain	circuits	and	how	they	interact	within	mixed-strategy	

contexts,	isolated	from	neural	activity	associated	with	non-strategic	forms	of	decision-making.			

To	achieve	this,	we	developed	a	novel	fMRI	paradigm	in	which	participants	competed	in	an	iterative	

version	 of	 the	 classic	 game,	 Matching	 Pennies	 (von	 Neumann	 &	 Morgenstern,	 1944)	 against	 a	 computer	

opponent	that	exploited	predictability	in	choice	patterns	(Barraclough	et	al.,	2004).	Using	a	block	design,	we	

contrasted	blood	oxygen	 level	dependent	 (BOLD)	activation	during	matching	pennies	with	a	non-strategic,	

control	 task.	 Importantly,	 the	 sensory	 inputs,	 pattern	 of	 motor	 outputs,	 and	 overall	 reward	 rate	 were	

comparable	 in	both	tasks	allowing	us	to	 isolate	BOLD	activation	associated	with	the	strategic	nature	of	 the	

game.	Using	whole	brain	analysis,	we	first	identified	key	brain	regions	that	are	preferentially	activated	during	

strategic	game	play.	Next,	we	performed	Granger	Causality	Mapping	analyses	to	characterize	the	functional	

connectivity	between	these	regions.		

2.3 Methods	

All	experiments	were	reviewed	and	approved	by	the	Research	and	Ethics	Board	of	Queen’s	University,	and	

adhered	 to	 the	 principles	 of	 the	 Canadian	 Tri-Council	 Policy	 Statement	 on	 Ethical	 Conduct	 for	 Research	

Involving	Humans	and	the	principles	of	the	Declaration	of	Helsinki.	All	participants	gave	informed	consent	and	

were	compensated	for	their	time.	

2.3.1	 Participants	

Twenty-five	 subjects	 (11	 female,	 mean	 age:	 24	 years	 ±3.08,	 range:	 19-32)	 participated	 in	 a	 block	 design	

experiment	 that	 contrasted	 behaviour	 and	 BOLD	 activation	 during	 the	 strategic	 decision-making	 task	

(Matching	 Pennies)	with	 a	 non-strategic	 decision-making	 task.	One	 to	 four	 days	 prior	 to	 the	 experimental	

fMRI	session,	each	participant	completed	an	initial	practice	session	in	a	sham	MRI	facility	that	was	designed	

to	mimic	the	scanner	experience.	Participants	lay	supine	in	the	dark,	inside	an	artificial	MRI	bore,	and	listened	

to	simulated	MRI	noise	while	performing	the	tasks	(practice	session	data	not	shown	here).	All	participants	
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were	right-handed	(Assessed	by	the	Edinburgh	Handedness	Inventory;	Oldfield,	1971),	and	all	had	normal	or	

corrected-to-normal	vision.	

2.3.2	 Experimental	design	and	timing	

We	first	performed	a	high-resolution	structural	MRI	scan.	Next,	participants	completed	five	runs	(total	of	600	

trials)	consisting	of	two	behavioural	tasks	that	shared	the	same	basic	structure	(Fig.	2.1).	Each	trial	was	3200	

ms	 in	 duration,	 and	 started	with	 800	ms	 of	 a	 task	 identification	 period	 followed	by	 800	ms	 of	 a	 centrally	

located	fixation	point.	Next,	two	peripheral	visual	targets,	one	green	and	one	red,	appeared	for	100	ms	at	an	

eccentricity	of	6.5ᵒ	 to	 the	 left	 and	 the	 right	of	 the	 fixation	point,	 followed	by	a	700	ms	 response	period	 in	

which	the	screen	was	blank	and	participants	indicated	their	choice	of	target	with	a	button	press.	Finally,	the	

outcome	of	each	trial	(monetary	reward)	was	revealed	during	an	800	ms	period.	Each	run	was	approximately	

8	minutes	in	duration,	and	consisted	of	120	trials;	60	trials	of	a	non-strategic,	control	task	(Fig.	2.1A)	and	60	

trials	of	 the	strategic	task	(Fig.	2.1B),	 in	 four	pseudo-randomly	organized	blocks	(30	trials	per	block).	Each	

block	was	96	sec	in	duration	and	began	with	a	20	sec	long	fixation	period	followed	immediately	by	the	first	

trial.	Importantly,	the	location	of	the	coloured	targets	was	pseudo-randomized,	appearing	on	each	side	of	the	

screen	50%	of	 the	 time	during	both	 tasks,	and	 the	spatial	arrangement	and	 timing	of	 stimuli	was	 identical	

among	tasks.	Participants	were	required	to	maintain	fixation	throughout	the	duration	of	each	trial,	and	the	

final	 trial	 in	each	run	was	 followed	by	a	20	sec	 fixation	period.	Total	 scanning	 time	was	approximately	50	

minutes	in	duration	including	the	initial	anatomical	scan.		

Eye	position	data	was	recorded	at	500	Hz	using	a	Long	Range	Mount	SR-Research	EyeLink	1000	Eye-

tracking	system	(SR-Research	Ltd.,	Mississauga,	Ontario,	Canada;	see	Alahyane	et	al.,	2014	 for	details).	The	

camera	 was	 positioned	 at	 the	 head	 of	 the	 magnet	 bore,	 and	 the	 right	 eye	 was	 recorded.	 Prior	 to	 each	

functional	run,	calibration	of	the	eye	tracker	was	conducted	using	a	five	point	calibration	routine.	All	visual	

stimuli	 were	 presented	 and	 behavioural	 responses	 acquired	 using	 custom	 MATLAB	 v7.9	 programs	 (The	

Mathworks	Inc.,	Natick,	MA)	and	Psychophysics	Toolbox	v3	(Brainard	1997;	Pelli	1997)	running	on	a	PC.	A	

NEC	 LT265	 DLP	 video	 projector	 (Tokyo,	 Japan)	was	 used	 to	 back-project	 the	 image	 onto	 the	 screen.	 The	

projector	had	a	refresh	rate	of	60	Hz.	Participants	 indicated	their	choices	on	a	button	response	box	held	in	

both	 hands	 by	 pressing	 a	 leftward	 or	 rightward	 button	 with	 their	 left	 and	 right	 thumbs,	 respectively,	
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corresponding	to	the	location	of	the	visual	targets	(Five	Button	Cylinder	Fiber	Optic	Response	Pad,	Current	

Designs).		

	

	

Figure	2.1	Task	conditions.	All	behavioural	paradigms	consisted	of	A.	50%	control	 trials	 and	B.	50%	strategic	 trials.	
Each	panel	represents	successive	computer	screens	in	time.	Two	visual	targets,	one	red	and	one	green,	appeared	on	each	
trial.	During	both	tasks,	the	location	of	the	coloured	targets	was	pseudorandomized,	appearing	on	each	side	of	the	screen	
50%	of	the	time.	In	A,	the	green	target	yielded	$0.10	on	50%	of	trials,	and	the	red	target	yielded	nothing	(error	trial).	In	B,	
participants	played	 the	role	of	 the	matcher	while	 the	computer	opponent	played	 the	role	of	 the	non-matcher	–	 if	both	
players	 chose	 the	 same	coloured	 target,	 the	participant	won	$0.10;	otherwise,	no	monetary	 reward	was	 received.	The	
outcome	of	each	trial	was	revealed	to	participants	at	the	end	of	each	trial.	Dashed	lines	are	for	illustration	only	and	were	
not	shown	to	the	participant	

2.3.3	 MRI	sequence	parameters	

All	 imaging	 data	were	 acquired	 on	 a	 3.0-T	whole-body	 Siemens	MRI	 scanner,	 and	 a	 12-channel	 head	 coil.	

High-resolution	MP-RAGE	3D	T1-weighted	scans	were	acquired	for	anatomical	localization	and	coregistration	

(Repetition	Time,	TR	=	1760	ms,	echo	time,	TE	=	2.2	ms,	flip	angle,	FA	=	9ᵒ,	field-of-view,	FOV	=	256	x	256;	

176	slices,	1	mm	thick).	Functional	images	were	acquired	with	33	horizontal	slices	(3.3	mm	thick)	covering	

the	brain	 from	 the	 top	 and	 including	 the	 frontal/prefrontal,	 parietal,	 visual	 areas,	 and	basal	 ganglia	 to	 the	

level	 of	 the	 ventral	 striatum.	 Each	 functional	 volume	 consisted	 of	 T2*-weighted	 echo-planar	 images	 (EPI)	

sensitive	to	BOLD	contrast	acquired	in	an	interleaved	fashion	(TR	=	2000	ms,	TE	=	30	ms,	FA	=	78ᵒ,	FOV	=	211	
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x	211,	matrix	size	64	x	64,	3.3	mm	isovoxel	resolution,	244	volumes).	Five	functional	scanning	runs	consisting	

of	244	volumes,	including	2	discarded	volumes	(to	compensate	for	T1	saturation	effects),	were	acquired	for	

each	participant.		

2.3.4	 Task	procedures	

Non-strategic	(control)	task.	Participants	were	instructed	to	choose	the	green	target	exclusively	for	

the	chance	to	receive	monetary	reward	(Fig.	2.1A).	On	50%	of	the	trials,	the	green	target	yielded	$0.10,	and	

on	the	other	50%	of	the	trials,	it	yielded	nothing.	Reward	was	administered	pseudorandomly	for	choosing	the	

green	target.	If	the	red	target	was	chosen,	it	never	yielded	reward	and	was	considered	an	error	trial.		

Strategic	task.	Participants	competed	against	a	dynamic	computer	opponent	in	an	iterative,	colour-

based	version	of	matching	pennies	(Fig.	2.1B).	Participants	played	the	role	of	the	matcher,	while	the	computer	

opponent	played	the	role	of	the	non-matcher;	that	is,	if	both	competitors	chose	the	same	coloured	target,	the	

participant	won	$0.10;	otherwise,	no	monetary	reward	was	received.	The	competitive	algorithm	employed	by	

the	 computer	 opponent	 was	 based	 on	 algorithm	 2	 from	 Barraclough	 et	 al.	 (2004).	 Whereas	 the	 original	

opponent	 performed	 statistical	 analyses	 of	 the	 subject’s	 historical	 pattern	 of	 choices	 (leftward/rightward	

target)	and	associated	payoffs	(rewarded/unrewarded)	to	uncover	systematic	biases	in	choice	patterns	(see	

algorithm	2	 from	Barraclough	et	al.,	2004	and	Lee	et	al.,	2004	 for	 specific	details).	Here,	we	also	 include	a	

statistical	analysis	of	the	historical	pattern	of	colour	choices	(red/green)	and	associated	payoffs.	Participants	

were	 informed	 of	 the	 rules	 and	 understood	 that	 they	 were	 playing	 a	 strategic	 game	 against	 a	 dynamic,	

competitive	 computer	opponent.	 If	 participants	 approached	 the	Nash	equilibrium,	 and	 successfully	 evaded	

exploitation	by	the	opponent,	they	would	win	on	approximately	50%	of	trials.		

2.3.5	 Behavioural	data	analysis		

Behavioural	 data	were	 analyzed	 offline	 using	 custom	MATLAB	v8.1	 software	 (The	Mathworks	 Inc.,	Natick,	

MA).	Although	we	expected	participants	would	avoid	exploitation	by	the	computer	opponent	by	approaching	

the	 Nash	 Equilibrium	 (Nash,	 1950),	 they	 need	 not	 do	 so.	 Therefore,	 we	 first	 performed	 a	 number	 of	

behavioural	analyses	 to	determine	 the	extent	 to	which	sensory	 input,	 reward	rate,	and	motor	output	were	

comparable	among	tasks.	Second,	we	performed	analyses	to	explore	deviations	from	the	Nash	Equilibrium	in	
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participants’	 choice	 patterns	 to	 determine	 the	 extent	 to	 which	 they	 were	 using	 feedback	 to	 guide	 their	

choices.	

Establishing	comparability	of	sensory	input	between	tasks.	The	pattern	of	sensory	inputs	did	not	

differ	 between	 the	 tasks	 except	 for	 the	 initial	 “%”	 and	 “?”	 prompts	 that	 identified	 the	 non-strategic	 and	

strategic	trial	types,	respectively.	The	two	tasks	were	identical	 in	terms	of	the	timing	and	location	of	visual	

stimuli	 (Fig.	 2.1).	 	 Furthermore,	 the	 visual	 targets	 appeared	 for	 only	 100	 ms,	 producing	 only	 peripheral	

activation	in	the	visual	system.	To	ensure	that	sensory	differences	did	not	contribute	to	any	BOLD	activation,	

we	monitored	 eye	 position	 to	 verify	 that	 participants	 foveated	 the	 fixation	 point	 and	were	 not	waiting	 at	

peripheral	locations	when	the	targets	appeared	or	making	saccades	during	the	100	ms	target	period	(which	

would	create	differences	in	retinal	inputs	between	tasks).	We	performed	paired	t-tests	to	determine	whether	

the	number	of	fixation	breaks	during	the	100	ms	target	presentation	period	differed	among	tasks.		

Establishing	comparability	in	reward	rate	between	tasks.	Theoretically,	both	tasks	should	yield	

similar	reward	rates	of	~50%;	in	the	non-strategic	task,	the	green	target	yields	reward	pseudorandomly	50%	

of	 the	 time,	 and	 in	 the	 strategic	 task,	 if	 participants	 approach	 the	Nash	equilibrium	 (Nash,1950),	 they	will	

receive	reward	at	a	relatively	random	rate	of	~50%.	We	performed	paired	t-tests	to	determine	whether	the	

number	of	rewarded	trials	differed	between	tasks.	

Establishing	comparability	in	motor	output	between	tasks.		We	performed	a	number	of	analyses	

to	 quantify	 potential	 differences	 in	 motor	 output	 between	 tasks.	 Both	 tasks	 were	 designed	 such	 that	

participants	maximized	reward	by	allocating	choices	to	the	left	and	right	targets	with	equal	proportions.	The	

location	of	 the	 coloured	 targets	was	pseudo-randomized,	 appearing	on	each	 side	of	 the	 screen	50%	of	 the	

time	during	both	tasks	(Fig.	2.1).	During	the	non-strategic	task,	participants	maximized	reward	by	choosing	

the	green	 target,	which	would	result	 in	allocating	choices	 to	 the	 left	and	right	50%	of	 the	 time.	During	 the	

strategic	game,	choosing	unpredictably—of	one’s	own	volition—with	respect	to	target	colour	and	direction	

prevented	 exploitation	 by	 the	 computer	 opponent	 and,	 by	 extension,	 maximized	 reward.	 We	 performed	

paired	t-tests	to	compare	how	choices	were	allocated	based	on	direction	in	the	two	tasks,	and	to	investigate	

the	allocation	of	choices	based	on	colour	during	Matching	Pennies.		

Reaction	time	was	also	beyond	our	experimental	control	and	could	differ	between	the	two	tasks.	In	

both	 tasks,	 participants	were	 required	 to	 identify	 the	 location	 of	 the	 coloured	 targets	 in	 order	 to	 respond	
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appropriately;	to	choose	the	green	target	in	the	non-strategic	task,	and,	based	on	their	strategic	choice,	either	

the	green	or	the	red	target	in	the	strategic	task.	We,	therefore,	expected	the	reaction	time	distributions	to	be	

similar	 in	 both	 cases.	 To	 investigate	 this,	 median	 reaction	 times	 were	 compared	 using	 individual	 Mann	

Whitney	U	rank	sum	tests.		

Analysis	of	win-stay,	lose-shift	strategies	during	Matching	Pennies.	Previous	studies	have	shown	

that	participants	approach,	but	rarely	achieve,	the	Nash	equilibrium	(e.g.,	Vickery	et	al.,	2011).	In	particular,	

they	 tend	 to	 show	 a	 WSLS	 bias	 whereby	 reward	 history	 dynamically	 affects	 subsequent	 choices	 (e.g.,	

reinforcement	 learning).	We	examined	whether	our	participants	displayed	WSLS	biases	 in	both	 the	 spatial	

domain	 and	 the	 colour	 domain.	We	performed	binomial	 analyses	 to	 determine	whether	 the	 probability	 of	

win-stay	and/or	lose-shift	strategies	differed	from	0.5	in	both	the	spatial	domain	and	the	colour	domain,	and	

also	 performed	 individual	 binomial	 tests	 to	 ascertain	whether	 participants	were	more	 likely	 to	 use	 either	

strategy.		

2.3.6	 Functional	data	analysis		

All	imaging	data	were	preprocessed	and	analyzed	using	BrainVoyager	QX	v2.6	(Brain	Innovation,	Maastricht,	

The	 Netherlands).	 The	 first	 two	 imaging	 volumes	 from	 each	 run	 were	 removed	 to	 compensate	 for	 T1	

saturation	 effects,	 and	 pre-processing	 steps	 included	 slice	 scan	 time	 correction,	 with	 cubic	 spline	

interpolation,	3D	motion	correction	(trilinear/sinc	interpolation),	3D	spatial	smoothing	with	a	4	mm	FWHM	

Gaussian	 kernel,	 and	 temporal	 filtering	 (high-pass	 filter	 with	 cut-off	 of	 two	 cycles/run	 and	 linear	 trend	

removal).	 For	each	participant,	data	 from	each	of	 the	5	 functional	 runs	were	 screened	 for	motion	artifacts	

exceeding	2mm	translation	or	2ᵒ	rotation	by	examining	the	time	course	movies	and	motion	plots	created	with	

the	motion	correction	algorithm.	Seven	out	of	115	functional	runs	(limited	to	data	within	four	participants)	

revealed	head	motion	 that	exceeded	2mm	translation	and	were	excluded	 from	 further	analysis.	Functional	

images	were	then	coregistered	to	the	structural	image.	3-D	structural	images	were	normalized	into	standard	

Talairach	space	 (Talairach	&	Tournoux,	1988)	by	aligning	 them	 into	 the	AC-PC	plane,	 followed	by	 trilinear	

interpolation	to	warp	the	structural	images	into	Talairach	coordinates.	These	parameters	were	then	applied	

to	the	co-registered	functional	data.		
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Our	experimental	conditions	were	modelled	with	boxcar	predictors	for	the	three	block	types	used	in	

the	 study:	 strategic	 task,	 non-strategic	 task,	 and	 fixation.	 These	 were	 convolved	 with	 BrainVoyager’s	 2-

gamma	hemodynamic	response	function	to	model	the	BOLD	response.		

Region	 of	 interest	 analysis.	 To	 localize	 brain	 activity	 that	 was	 significantly	 higher	 during	 the	

strategic	 than	 the	 non-strategic	 control	 task,	 we	 performed	 group	 analyses	 with	 a	 random-effects	 (RFX)	

multi-subject	 general	 linear	 model	 (GLM)	 with	 a	 Z-normalization.	 Functional	 data	 from	 the	 non-strategic	

blocks	 was	 subtracted	 from	 the	 strategic	 blocks,	 and	 group-level	 statistical	 maps	 were	 generated	 at	 a	

threshold	of	p<0.000537	(t(22)	=	4.98),	corrected	for	multiple	comparisons	across	the	voxel	population	using	

a	False	Discovery	Rate	of	q=0.005	to	control	for	Type	I	errors,	as	well	as	a	cluster	threshold	correction	of	20	

contiguous	voxels.	The	cortical	surface	from	one	representative	participant	was	reconstructed	from	a	high-

resolution	 anatomical	 image,	 which	 included	 segmenting	 the	 gray	 and	 white	 matter	 and	 inflating	 the	

boundary	surface	between	them.	This	inflated	cortical	surface	was	used	to	overlay	group	statistical	contrast	

maps	for	figure	presentation,	with	the	exception	of	the	striatal	activations	which	were	superimposed	on	the	

average	of	the	subjects	high-resolution	3D	anatomical	scans	transformed	into	Talairach	coordinate	space,	and	

constitute	the	Main	Contrast.	

Functional	connectivity	analysis.	We	conducted	functional	connectivity	analyses	using	the	Random	

Effects	 Granger	 Causality	Mapping	 v2.3	 plugin	 in	Brain	Voyager	 (Roebroeck	 et	 al.,	 2005)	 to	 explore	BOLD	

activity	within	brain	regions	that	exhibited	strong	correlations	with	one	another.	We	examined	correlations	

between	 activity	 from	 a	 specified	 brain	 region	 or	 seed	 with	 activity	 in	 all	 other	 voxels	 in	 the	 brain.	 We	

specified	seeds	of	3	mm	cubic	voxels	from	the	peak	voxels	of	each	region	of	interest	found	significant	in	the	

contrast	between	strategic	>	non-strategic	conditions,	and	non-strategic	>	strategic	(Main	Contrast).	Using	the	

specified	 seeds,	we	 assessed	 functional	 connectivity	 at	 the	 single-subject	 level:	 Instantaneous	 correlations	

were	 calculated	 for	 BOLD	 activation	 produced	 during	 the	 strategic	 and	 non-strategic	 tasks.	 The	 resulting	

statistical	maps	for	each	participant	were	included	in	a	group	level	analysis,	where	we	performed	a	group	t-

test	 comparing	 all	 voxels	 to	 a	 baseline	 of	 zero.	We	 overlaid	 group	 level	 functional	 connectivity	maps	 that	

survived	a	threshold	of	p<0.000053	(t(22)	=	5.00,	uncorrected,	20	contiguous	voxels).		
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2.4 Results	

2.4.1	 Behavioural	analyses	

We	performed	a	number	of	analyses	to	verify	that	sensory,	reward,	and	motor	processes	were	similar	across	

both	tasks.	Following	the	practice	session,	experimental	MRI	data	from	two	participants	were	excluded	due	to	

anticipatory	 reaction	 times	 during	 the	 strategic	 task	 (median	 reaction	 time	 <100	 ms).	 Twenty-three	

participants	were	included	in	the	final	analysis	(11	female,	mean	age:	24	years	±3.29,	range:	19-32).		

Included	participants	(n=23)	had	few	non-response	trials,	wherein	no	target	was	chosen	during	the	

700	 ms	 choice	 period	 (non-strategic	 task	 group	 mean	 =	 0.3%,	 SD	 =	 0.44%;	 strategic	 task	 group	 mean	 =	

0.45%,	SD	=	0.63%),	and	these	did	not	differ	between	tasks	(t(44)	=	1.24,	p=0.22).		

Sensory	 input.	The	absolute	number	of	 fixation	breaks	during	 the	100	ms	 target	period,	wherein	

sensory	differences	could	result	 from	foveating	the	targets,	were	rare	during	both	tasks	(non-strategic	task	

group	mean	=	0.32%	of	trials,	SD	=	0.51%;	strategic	task	group	mean	=	0.54%	of	trials,	SD	=	0.89%)	and	did	

not	differ	between	tasks	(t(44)	=	1.03,	p=0.31).			

Reward	rate.	Reward	rate	did	not	differ	between	tasks	(Fig.	2.2	grey	‘X’s,	non-strategic	task	group	

mean	=	48.97%	rewarded,	SD	=	0.8%;	strategic	task	group	mean	=	49.75%	rewarded,	SD	=	2.6%,	t(44)	=	1.0,	

p=0.32).	During	 the	non-strategic	 task,	 the	mean	error	rate	(trials	where	red	was	chosen	 instead	of	green)	

was	low	across	participants	(non-strategic	task	group	mean	=	1.94%	error	trials,	SD	=	1.53%).	

Motor	output.	Participants	had	a	small,	but	significant	rightward	bias	during	matching	pennies	(Fig.	

2.2	black	triangles;	strategic	 task	group	mean	=	54.5%	right,	SD	=	3.86%)	and	this	was	significantly	higher	

than	 the	 non-strategic	 task	 (Fig.	 2.2B;	 non-strategic	 group	mean	 =	 49.9%	 right,	 SD	 =	 0.7%;	 t(44)	 =	 5.61,	

p<0.01).	 Despite	 this	 group	 effect,	 the	 majority	 of	 participants	 (n=22)	 did	 not	 show	 a	 difference	 in	 the	

percentage	of	rightward	responses	between	tasks	(Fig.	2.2,	filled	triangles,	individual	t-tests,	p>0.01).	In	the	

remaining	participants	(n=3),	 the	number	of	rightward	responses	was	significantly	higher	during	matching	

pennies	compared	to	the	non-strategic	task	(Fig.	2.2,	open	triangles,	individual	t-tests,	p<0.01).	

Participants	almost	always	chose	the	green	target	as	instructed	during	the	non-strategic	task	(Fig.	2.2	

grey	 circles;	 non-strategic	 task	 group	 mean	 98.1%	 green,	 SD=	 1.53%,	 see	 Reward	 Rate	 above),	 and	
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participants	chose	the	red	and	green	targets	with	equal	proportions	during	Matching	Pennies	(Fig.	2.2	grey	

circles;	strategic	task	group	mean	=	51.2%	green,	SD=	2.8%,	t(22)	=2.02,	p=0.056).	
	

	

Figure	 2.2	Behaviour	 during	 both	 tasks.	 Reward	 rate:	 grey	 ‘X’s	 show	 the	 percentage	 of	 rewarded	 trials	
during	 both	 tasks	 (n=25).	Motor	 output:	 black	 triangles	 show	 the	 percentage	 of	 rightward	 button	 presses	
during	both	tasks	(n=25).	Colour	preference:	grey	dots	show	the	percentage	of	green-target	choices	during	
both	tasks	(n=25).	The	strategic	task	is	represented	on	the	y-axis,	and	the	control	task	is	represented	on	the	
x-axis.	Each	shape	represents	one	participant,	and	the	group	mean	is	represented	in	red.	Open	shapes	depict	
individuals	who	differed	significantly	between	tasks	(paired	samples	t-test).	

	
Participants’	 reaction	 times	 were	 significantly	 shorter	 during	 the	 strategic	 task	 than	 the	 non-

strategic	 task	at	 the	group	 level	 (non-strategic	 task	group	median	=	315.8	ms,	SD	=	18.9	ms;	strategic	 task	

group	median	=	283.5	ms,	SD	=	41.1	ms,	Mann	Whitney	U	test,	z	=	-3.14,	p<0.01).	During	the	strategic	task,	

two	participants	had	significantly	longer	reaction	times	(Fig.3,	filled	circles	above	line	of	unity;	Mann	Whitney	

U	test,	p<0.01),	seventeen	had	significantly	shorter	reaction	times	(Fig.	2.3,	filled	circles	below	line	of	unity;	

Mann	Whitney	U	test,	p<0.01),	and	four	participants	had	no	significant	differences	in	reaction	times	between	

tasks	(Fig.	2.3,	open	circles;	Mann	Whitney	U	test,	p>0.01).	Shorter	reaction	times	could	reflect	the	use	of	a	
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spatial	 strategy	 during	 matching	 pennies,	 as	 the	 motor	 plan	 could	 be	 partially	 completed	 prior	 to	 target	

appearance	(Dorris	&	Munoz,	1998).	Primarily	colour-based	strategies	would	promote	reaction	times	similar	

to	the	non-strategic	task,	as	additional	processing	time	would	be	required	to	locate	the	selected	colour	after	

its	presentation.	 	Our	reaction	 time	results	suggest,	 therefore,	 that	some	participants	may	employ	a	spatial	

strategy	 on	 at	 least	 some	 proportion	 of	 trial.	 The	 analysis	 of	WSLS	 biases	 that	 follows	 also	 suggests	 that	

participants	employ	both	colour-based,	and	spatial-based,	strategies.		
	

	

Figure	 2.3	 Reaction	 times	 during	 both	 tasks.	 Reaction	 times	 were	 significantly	 faster	 during	 Matching	
Pennies	compared	to	the	control	task,	suggesting	that	individuals	were	employing	spatial-based	strategies	in	
addition	 to	colour-based	strategies.	Reaction	 times	are	 in	milliseconds.	Filled	circles	represent	participants	
whose	reaction	times	differed	between	tasks,	dashed	line	represents	unity	line.	

Win-stay,	 lose-shift	biases	during	 the	 strategic	 task.	A	WSLS	bias	would	provide	 evidence	 that	

participants	 were	 not	 simply	 responding	 randomly,	 but	 were	 influenced	 by	 the	 history	 of	 choices	 and	

outcomes	during	matching	pennies.	Participants	were	reliably	biased	toward	win-stay,	lose-shift	strategies	in	

both	the	spatial	(Fig.	2.4,	group	mean	=	0.55,	SD	=	0.06,	binomial	 test,	p<0.001)	and	colour	(Fig.	2.4,	group	
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mean	=	0.54,	SD	=	0.05,	binomial	test,	p<0.001)	domains.	Taken	together,	the	existence	of	such	WSLS	biases	

indicates	that	subjects	adjusted	their	behaviour	based,	in	part,	on	reinforcement	history.	

	

	

Figure	2.4	Probability	of	win-stay,	lose-shift	strategies.	Colour-based	strategies	are	represented	on	the	y-
axis,	and	spatial-based	strategies	are	represented	on	the	x-axis.	Each	shape	represents	one	participant,	and	
filled	 circles	 depict	 participants	who	differed	 significantly	 in	 terms	 of	 colour-	 and	 spatial-based	 strategies.	
Diagonal	dashed	line	represents	unity	line.	

	

Save	for	a	small	rightward	bias	in	few	participants	(Fig.	2.2),	and	the	inconsistent	absolute	difference	

in	 reaction	 times	 (Fig.	 2.3),	 results	 from	 these	 analyses	 indicate	 that	 the	 two	 tasks	 were	 largely	

counterbalanced	 in	 terms	 of	 sensory	 input,	 reward	 rate,	 and	 motor	 output.	 Further,	 systematic	 biases	 in	

participant’s	choice	patterns	(Fig.	2.4)	suggested	that	participants	were	using	feedback	to	guide	future	choice	

during	 the	 strategic	 task.	 The	Main	 Contrast	 should,	 therefore,	 reliably	 reveal	 BOLD	 activation	 primarily	

related	to	strategic	brain	processes	that	differed	between	the	two	tasks.		
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2.4.2	 Neuroimaging	results	I:	Strategic	regions	of	interest		

Having	established	the	compatibility	of	sensory,	reward,	and	motor	processing	between	the	two	tasks	(Figs.	

2.1	&	2.2),	 the	GLM	Main	Contrast	 localized	brain	regions	whose	activation	 largely	reflected	strategic	brain	

processes.	Talairach	coordinates	of	the	peak	significant	voxel	locations	in	all	regions	exceeding	the	statistical	

threshold	are	provided	in	Table	2.1.		

Table	2.1		
Talairach	Coordinates	of	the	Peak	Activations	Identified	in	the	Main	Contrast	
Definitions:	dACC,	dorsal	anterior	cingulate	cortex;	PFC,	prefrontal	cortex;	DLPFC,	dorsolateral	prefrontal	cortex;	SMA,	
supplementary	motor	area;	R,	right;	L,	left.	
	
	

		 Talairach	Coordinates	 		 		 		

Anatomical	Region	 x	 y	 z	 t	 p	
Size	

(Voxels)	

STRATEGIC>CONTROL	 	 	 	 	 	 	
R	dACC	 6	 30	 25	 5.23	 5.60E-05	 285	

L	dACC	 -9	 28	 24	 5.61	 1.70E-05	 256	

R	Frontopolar	cortex	(BA10)	 29	 52	 7	 7.06	 1.00E-06	 379	

L	Frontopolar	cortex	(BA10)	 -37	 47	 12	 5.87	 7.00E-06	 430	

R	Insula	 32	 21	 4	 10.15	 1.90E-09	 384	

L	Insula	 -29	 19	 2	 7.93	 1.29E-07	 397	

R	DLPFC	 37	 26	 30	 7.04	 6.08E-07	 331	

L	DLPFC	 -40	 25	 31	 5.8	 1.40E-05	 592	

R	Temporoparietal	junction	 55	 -40	 21	 4.96	 7.30E-05	 313	

R	Inferior	frontal	gyrus	 49	 15	 10	 6.66	 2.00E-06	 251	

R	Inferior	parietal	cortex	 35	 -48	 41	 7.88	 8.52E-08	 284	

L	Inferior	parietal	cortex	 -38	 -48	 41	 6.6	 2.00E-06	 570	

R	Dorsal	striatum	(caudate)	 12	 8	 9	 6.21	 5.00E-06	 381	

L	Dorsal	striatum	(caudate)	 -13	 8	 7	 5.17	 5.40E-05	 419	

R	Thalamus	 6	 -11	 5	 4.96	 1.43E-04	 244	

L	Thalamus	 -7	 -11	 4	 4.76	 1.63E-04	 298	

Pre-SMA	 3	 30	 44	 5.98	 1.20E-05	 216	

SMA	 2	 12	 47	 6.45	 9.00E-06	 491	

CONTROL>STRATEGIC	 	 	 	 	 	 	
Posterior	cingulate	 -4	 -56	 20	 5.36	 2.50E-05	 407	

L	Inferolateral	temporal	 -53	 -9	 -12	 5.23	 4.80E-05	 717	

Medial	prefrontal	cortex	 -2	 44	 -6	 4.51	 2.18E-04	 685	
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Results	 from	 the	 GLM	 comparison	 of	 strategic	 versus	 non-strategic	 tasks	 revealed	 widespread	

activity	throughout	the	brain	(Fig.	2.5).	Among	the	areas	showing	significantly	greater	activation	during	the	

strategic	 task	 were	 the	 right	 inferior	 frontal	 gyrus	 (IFG),	 right	 temporal	 parietal	 junction	 (TPJ),	 bilateral	

dorsolateral	 prefrontal	 cortex	 (DLPFC),	 dorsal	 anterior	 cingulate	 cortex	 (dACC),	 frontopolar	 cortex	 (FPC),	

inferior	 parietal	 cortex	 (IPL),	 insular	 cortex,	 caudate	 nucleus	 (CN),	 thalamus,	 as	 well	 as	 the	 pre-

supplementary	motor	area	(pre-SMA)	and	the	supplementary	motor	area	(SMA).		

	

	

Figure	2.5	Main	Contrast	group	activation	maps.	Non-strategic	blocks	subtracted	from	strategic	blocks	(Fig.	
2.1),	p<0.000537	(t	(22)	=	4.98),	corrected	 for	multiple	comparisons	across	the	voxel	population	using	a	False	
Discovery	Rate	of	q=0.005,	as	well	as	a	cluster	threshold	correction	of	20	contiguous	voxels.	Significantly	greater	
BOLD	 activation	 for	 the	 strategic	 task	 (‘hot’	 colours),	 and	 the	 non-strategic	 task	 (‘cold’	 colours),	 as	 labeled.	
Talairach	 coordinates	 of	 the	 peak	 locations	 in	 all	 regions	 exceeding	 the	 statistical	 threshold	 are	 provided	 in	
Table	 2.1.	 Definitions:	 IPL,	 inferior	 parietal	 lobule;	 TPJ,	 temporoparietal	 junction;	 IFG,	 inferior	 frontal	 gyrus;	
SMA,	 supplementary	 motor	 area;	 dACC,	 dorsal	 anterior	 cingulate	 cortex;	 FPC,	 frontopolar	 cortex;	 DLPFC,	
dorsolateral	prefrontal	cortex;	ITC,	inferolateral	temporal	cortex;	PCC,	posterior	cingulate	cortex;	MPFC,	medial	
prefrontal	cortex.	

	

Importantly,	the	GLM	did	not	reveal	significantly	greater	activation	of	the	primary	motor	cortex	(M1)	

or	 the	dorsal	premotor	cortex	(PMd)	(Connolly	et	al.,	2007)	at	 the	group	 level,	or	 in	 those	 individuals	who	
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showed	a	significant	rightward	bias	during	matching	pennies	(n=3,	Fig.	2.2	open	triangles),	indicating	that	the	

observed	pattern	of	BOLD	activation	was	not	sensitive	to	motor	differences	between	tasks.	Further,	the	main	

GLM	yielded	the	same	pattern	of	activation	after	we	removed	these	participants	from	the	analyses	(data	not	

shown),	 thus	 it	 is	 unlikely	 that	 these	 small	 absolute	 differences	 were	 driving	 the	 observed	 differences	 in	

BOLD	activation.		

Finally,	the	GLM	comparison	of	non-strategic	>	strategic	tasks	revealed	greater	activation	of	several	

brain	regions	thought	 to	be	 implicated	 in	 the	default	mode	network	(Fig.	2.5)	(Fransson	&	Marrelec,	2008;	

Greicius	et	al.,	2003),	 including	the	posterior	cingulate	cortex	(PCC)	(BA	31),	 the	 left	 inferolateral	 temporal	

cortex	(ITC),	and	the	medial	prefrontal	cortex	(mPFC).		

2.4.3	 Neuroimaging	results	II:	Functional	connectivity	analyses	

Granger	 Causality	 Mapping	 analyses	 revealed	 widespread	 functional	 connectivity	 within	 the	 network	

identified	in	the	strategic	>	non-strategic	contrast	(Fig.	2.6;	IFG,	TPJ,	DLPFC,	dACC,	FPC,	IPL,	insular	cortices,	

caudate	nucleus,	thalamus,	SMA	and	pre-SMA).	The	seed	ROIs	identified	in	the	Main	Contrast	exhibited	strong	

correlations	with	one	another	(Fig.	2.6),	forming	a	large,	interactive	network	underlying	decision-making	in	

strategic	 contexts.	 Connectivity	 patterns	 for	 the	 left	 and	 right	 seed	 ROIs,	 as	 well	 as	 the	 left	 and	 right	

hemispheres,	 were	 comparable;	 we	 therefore	 show	 activation	maps	 for	 the	 right	 seed	 ROIs	 and	 the	 right	

hemisphere	for	simplicity.	A	detailed	account	of	all	seed	ROIs	and	their	connectivity	patterns	are	illustrated	in	

the	inset	(Fig.	2.6).		

Significant	 functional	 connectivity	 was	 found	 among	 the	 three	 seed	 ROIs	 identified	 in	 the	 non-

strategic	>	strategic	contrast	(Fig.	2.5,	Fig.	2.7;	PPC,	left	ITC,	and	MPFC),	consistent	with	previous	findings	of	

default	mode	network	 functional	 connectivity	 and	 its	 attenuation	during	 cognitive	 tasks	 (e.g.,	 the	 strategic	

game)	 (Fransson	 &	 Marrelec,	 2008;	 Greicius	 et	 al.,	 2003).	 A	 detailed	 account	 of	 all	 seed	 ROIs	 and	 their	

connectivity	patterns	are	illustrated	in	the	inset	(Fig.	2.7).	

Results	 from	 these	 functional	 connectivity	 analyses	 support	 the	 notion	 that	 two	 discernable,	

interactive,	networks	may	underlie	decision-making	in	the	strategic	versus	non-strategic	tasks.		
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Figure	 2.6	 Group	 functional	 connectivity	 maps	 displaying	 areas	 of	 the	 network	 identified	 in	 the	
strategic	>	non-strategic	contrast	that	exhibited	correlations	with	one	another.	Significant	correlations	
that	 survived	 a	 threshold	 t	 value	 of	 5.00	 (p<0.000053,	 uncorrected)	 and	 were	 larger	 than	 20	 contiguous	
voxels	are	shown	for	the	right	hemisphere	(A-K).	The	black	circle	represents	the	seed	region.	The	inset	shows	
the	 complete	 connectivity	matrix	 for	 all	 seed	 ROIs,	 and	white	 regions	 represent	 correlations	 that	 did	 not	
survive	 the	 threshold	 value.	 Definitions:	 IFG,	 inferior	 frontal	 gyrus;	 TPJ,	 temporoparietal	 junction;	 DLPFC,	
dorsolateral	prefrontal	 cortex;	dACC,	dorsal	anterior	cingulate	cortex;	FPC,	 frontopolar	cortex;	 IPL,	 inferior	
parietal	lobule;	CN,	caudate	nucleus;	Thal,	thalamus;	SMA,	supplementary	motor	area;	R,	right;	L,	left.	
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Figure	2.7	Group	functional	connectivity	maps	displaying	areas	of	the	network	identified	in	the	non-
strategic	 >	 strategic	 contrast	 that	 exhibited	 correlations	with	 one	 another.	 Significant	 correlations	 that	
survived	a	threshold	t	value	of	5.00	(p<0.000053,	uncorrected)	and	were	larger	than	20	contiguous	voxels	are	shown.	The	
black	circle	represents	the	seed	region.	The	inset	shows	the	complete	connectivity	matrix	for	all	seed	ROIs.	Definitions:	
PCC,	posterior	cingulate	cortex;	ITC,	inferolateral	temporal	cortex;	MPFC,	medial	prefrontal	cortex;	R,	right;	L,	left.	

	

2.5 Discussion	

We	 demonstrated	 that	 strategic	 decision-making	 was	 associated	 with	 activation	 of	 a	 highly	

distributed	functional	network	in	the	human	brain.	The	experimental	paradigm	enabled	us	to	dissociate	the	

core	elements	of	a	strategic	brain	network	from	sensory,	motor,	and	reward	processes	shared	with	decision-

making	 in	 non-strategic	 contexts.	 Behavioural	 analyses	 suggested	 that	 participants	 were	 strategically	

engaged,	as	they	approached,	but	showed	systematic	deviations	from,	the	Nash	equilibrium	due	primarily	to	a	

WSLS	bias	(Fig.	2.3)	as	reported	previously	(Lee	et	al.,	2004;	Vickery	et	al.,	2011).	We	observed	significantly	

more	activation,	and	widespread	functional	connectivity,	among	a	widespread	cortico-striatal	brain	network,	

including	 IFG,	 TPJ,	 DLPFC,	 dACC,	 FPC,	 IPL,	 insular	 cortices,	 caudate	 nucleus,	 thalamus,	 and	 supplementary	

motor	complex,	associated	with	mixed-strategy	decision-making	relative	to	non-strategic	decisions	(Figs.	2.5-
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2.7).	 We	 propose	 that	 the	 observed	 pattern	 of	 activation	 reflects	 the	 enhanced	 and	 specialized	 cognitive	

demands	of	choosing	dynamically	during	the	strategic	game.	

Decision-making	during	mixed-strategy	games	involves	coordination	of	widespread	neural	processes	

(Figs.	 2.5	&	2.6),	 spanning	 the	 cognitive,	 emotional,	 and	 limbic	domains	 (Sanfey,	 2007).	The	 current	 study	

captured	the	dynamic	and	interactive	behaviour	inherent	in	complex,	real-world	strategic	engagements,	albeit	

not	 the	 social	 components	 (see	 Delgado	 et	 al.,	 2005;	 Rilling	 et	 al.,	 2002).	 Our	 results	 support	 previous	

electrophysiological	findings	in	monkeys	(Dorris	&	Glimcher,	2004;	Seo	et	al.,	2009)	and	event-related	fMRI	

studies	in	humans	(Paulus	et	al.,	2005;	Vickery	&	Jiang,	2009)	that	have	focused	on	the	role	of	individual	brain	

regions	in	strategic	processes.	Our	important	contribution	is	characterizing	the	broader	brain	network	(Fig.	

2.5)	and	functional	connectivity	(Figs.	2.6	&	2.7)	between	activated	regions	during	strategic	versus	instructed	

decision-making	contexts.		

Recruitment	 of	 cortico-striatal	 loops	 during	 strategic	 decisions.	 Optimizing	 behavioural	

strategies	 during	 strategic	 game	 play	 involves	 choosing	 among	 several	 actions,	 the	 likelihood	 of	 which	 is	

adjusted	dynamically	based	on	experienced	choices	and	rewards	(Paulus	et	al.,	2005).	Cortico-striatal	circuits	

have	been	 implicated	 in	action-selection	and	motor	 learning	(Frank,	2011;	Samejima	et	al.,	2005),	with	 the	

caudate	nucleus	 guiding	 flexible	decision-making	by	updating	 the	 value	of	 actions	based	on	 reinforcement	

information	(Balleine	et	al.,	2007;	O’Doherty	et	al.,	2004;	Schönberg	et	al.,	2007).	Consistent	with	this	view,	

we	observed	greater	activation	of	the	caudate	nucleus	and	thalamus	during	the	strategic	game	(Fig.	2.5),	as	

well	 as	 significant	 functional	 connectivity	 between	 these	 regions	 (Fig.	 2.6	H,G,	&	 inset),	which	may	 reflect	

stronger	 cortical	 input	 via	 thalamocortical	 feedback	 loops	 and	 integration	 of	 information	 across	 diverse	

cortical	regions	(Grahn	et	al.,	2008).	Moreover,	the	caudate	nucleus	is	highly	interconnected	with	the	cerebral	

cortex,	including	those	cortical	regions	observed	here	(Fig.	2.5)	(Grahn	et	al.,	2008;	Haber	et	al.,	2006).	This	is	

highlighted	by	 the	high	degree	of	 functional	 connectivity	between	 the	caudate	nucleus	and	 the	majority	of	

cortical	region	observed	during	the	strategic	game,	with	the	exception	of	the	IFG	(Fig.	2.6H	&	inset).	Taken	

together,	we	propose	that	this	enhancement	of	connectivity	supports	the	integration	of	top-down	inputs	into	

the	decision-making	process	during	the	strategic	game.			

Additional	 top-down	 control	 mechanisms	 in	 strategic	 decisions.	 Activation	 and	 connectivity	

across	various	cortical	 regions	observed	during	 the	 strategic	 task	 (Figs.	2.5	&	2.6)	 likely	 reflects	 top-down	
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control	mechanisms	recruited	to	guide	behaviour.	Flexible	adjustment	of	behavioural	strategies	was	required,	

as	well	as	the	ability	to	actively	track	and	maintain	a	history	of	one’s	choices	and	associated	outcomes,	and	

those	of	the	opponent,	across	multiple	trials	(Miller	&	Cohen,	2001;	Seo	et	al.,	2007).	Our	results	suggest	the	

involvement	 of	 a	 fronto-parietal	 network	 in	 this	 process.	 The	 DLPFC	 has	 been	 implicated	 in	 tracking	

opponent	 strategies	 during	 mixed-strategy	 games	 (Abe	 &	 Lee,	 2011;	 Seo	 et	 al.,	 2007),	 and	 in	 goal	

maintenance	more	generally	(Harle	&	Sanfey,	2012).	Similarly,	activation	of	the	dACC	may	reflect	monitoring	

reward	history	over	time	(Hayden	et	al.,	2009;	Seo	&	Lee,	2007),	and	resolving	conflict	among	actions	on	the	

basis	 of	 rewards	 (van	 Veen	 et	 al.,	 2001).	 Activation	 of	 the	 FPC,	 and	 the	 observed	 functional	 connectivity	

between	the	FPC	and	the	IPL	(Fig.	2.6	B,D,	&	inset),	could	reflect	a	potential	control	mechanism	that	can	guide	

flexible	 decision-making	 by	 facilitating	 the	 switch	 between	 alternative	 actions	 and	 behavioural	 strategies	

(e.g.,	between	exploratory	and	exploitative	strategies)	as	has	been	shown	in	previous	experiments	(Boorman	

et	 al.,	 2009;	Daw	et	 al.,	 2006).	Activation	of	 the	TPJ	may	 reflect	 participants’	 efforts	 to	 infer	 the	 computer	

opponent’s	strategies,	 in	line	with	the	hypothesis	that	predicting	opponent	strategies	recruits	brain	regions	

involved	 in	 so-called	 theory	 of	 mind	 processes	 (Carter	 et	 al.,	 2012;	 Hampton	 et	 al.,	 2008).	 Functional	

connectivity	 patterns	 observed	 between	 the	 TPJ	 and	 a	 vast	 range	 of	 cortical	 regions	 observed	 during	 the	

strategic	game	(Fig.	2.6B	&	inset)	may	facilitate	the	integration	of	information	about	opponent	strategies	in	

switching	from	one	action	in	favor	of	another	when	one	ceases	to	be	advantageous.		

During	the	strategic	task,	trial-by-trial	choice	selection	was	influenced	by	prior	choice	outcome	(Fig.	

2.3).	 Strategic	 decisions	 are	 thought	 to	 utilize	 both	 economic	 and	 affective	 values	 in	 evaluating	 outcome	

(Sanfey	et	al.,	2003),	a	process	 in	which	the	IPL	(Dorris	&	Glimcher,	2004;	Seo	et	al.,	2009;	Vickery	&	Jiang	

2009)	and	the	 insular	cortex	(Katahira	et	al.,	2015)	have	been	 implicated,	respectively.	These	regions	have	

bilateral	interconnections	with	each	other,	as	well	as	with	the	caudate	nucleus	(Grahn	et	al.,	2008;	Selemon	&	

Goldman-Rakic,	1988),	forming	an	interactive	network.	The	functional	interconnectivity	observed	among	the	

insular,	 parietal	 cortices,	 and	 the	 caudate	 nucleus	 during	 the	 strategic	 task	 (Fig.	 2.6F,G,H,	 &	 inset)	 could	

represent	 signals	 necessary	 to	 integrate	 information	 about	 previous	 choices	 and	 outcomes	 into	 the	

subsequent	stages	of	decision-making.	

The	final	step	in	each	strategic	trial	requires	the	ultimate	selection	and	execution	of	motor	responses	

(Shadlen	&	Kiani,	2013).	The	caudate	nucleus,	and	its	dense	projections	to	the	premotor	cortices	(Grahn	et	al.,	
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2008),	 is	a	central	region	within	the	network	that	may	preferentially	bias	action-selection	(Lau	&	Glimcher,	

2007).	The	supplementary	motor	cortex	is	consistently	linked	to	representing	the	value	of	potential	actions	in	

the	environment	(Sohn	&	Lee,	2007;	Wunderlich	et	al.,	2009),	as	are	various	cortical	visuomotor	regions	(Coe	

et	al.,	2002;	Seo	et	al.,	2009).	Our	observation	that	 the	supplementary	motor	cortex	was	significantly	more	

active	 during	 the	 strategic	 task	 is	 consistent	with	 the	 hypothesis	 that	 this	 region	 is	 involved	 to	 a	 greater	

degree	in	situations	involving	a	high	level	of	conflict	among	actions	(Nachev	et	al.,	2007),	inherent	to	the	Nash	

Equilibrium.	 Further,	 activation	 of	 the	 right	 IFG	 could	 represent	 a	mechanism	 required	 for	 inhibiting	 one	

motor	 response	 in	 favor	 of	 another	 (Aron	 et	 al.,	 2014).	 The	 supplementary	 cortex	 exhibited	 strong	

correlations	 with	 nearly	 all	 cortical	 regions	 within	 the	 brain	 network	 observed	 during	 the	 strategic	 task,	

including	 right	 IFG	and	 the	 caudate	nucleus	 (Fig.	2.5A,H,J,K,	&	 inset),	 thereby	 facilitating	 the	 integration	of	

cortical	inputs	into	the	final	action-selection	stage	of	decision-making.			

Conclusions	 and	 next	 steps.	Although	 our	 experiment	 provides	 important	 new	 insights	 into	 the	

widespread	brain	network	and	 functional	connectivity	underlying	mixed-strategy	 interactions,	 future	work	

should	aim	to	attribute	specific	cognitive	roles	to	individual	brain	regions	during	strategic	interactions.	It	is	

possible	 that	 greater	 activation	of	 the	network	 identified	here	was,	 at	 least	 in	part,	 reflective	of	 additional	

attentional	processes,	working	memory	demands,	saliency	and/or	cognitive	control	(Menon	&	Uddin,	2010;	

Seeley	et	al.,	2007).	Indeed,	the	strategic	task	was	associated	with	significant	deactivation	in	areas	that	have	

been	implicated	in	the	default	mode	network,	namely	the	PCC,	the	ITC,	and	the	mPFC	(Figs.	2.5	&	2.7),	which	

is	a	consistent	observation	during	cognitively	demanding	tasks	(Fransson	&	Marrelec,	2008;	Greicius	et	al.,	

2003).	 Our	 findings	 provide	 further	 information	 on	which	 regions	 to	 focus	 on	with	 event-related	 fMRI	 to	

provide	greater	mechanistic	insight	of	individual	brain	processes	underlying	distinct	epochs	and	behaviours	

during	mixed-strategy	game.	Further,	participants	played	against	a	computer	opponent	in	the	current	study;	

however,	 the	social	processes	 inherent	 to	 real-world	mixed-strategy	 interactions	would	be	better	captured	

(albeit	at	the	cost	of	experimental	control)	by	having	individuals	play	against	a	human	opponent,	for	example,	

seen	 remotely	 outside	 of	 the	 MRI	 (Rilling	 et	 al.,	 2002),	 or	 during	 simultaneous	 fMRI	 recording	 wherein	

participants	 can	 interact	 with	 one	 another	 (Hyperscanning)	 (Montague	 et	 al.,	 2002).	 Thus,	 future	 studies	

should	seek	to	parcellate	the	neural	processes	underlying	strategic	interactions	in	real-world,	social	contexts.		
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Chapter	3 	

Genetic	Variation	in	Dopamine	System	is	Associated	with	Mixed-Strategy	

Decision-Making	in	Parkinson’s	Patients	

3.1 Abstract	

Cognitive	 deficits	 in	 PD	 overlap	 with	 those	 involved	 in	 mixed-strategy	 interactions,	 including	 deficits	 in	

reinforcement	 learning,	 planning	 and	 cognitive	 flexibility.	 Successful	 performance	 during	 mixed-strategy	

games,	 like	 Matching	 Pennies,	 requires	 flexibly	 adapting	 choices	 on	 a	 trial-by-trial	 basis	 and	 minimizing	

predictabilities	in	response	patterns.	We	sought	to	understand	the	role	of	dopamine,	and	how	manipulations	

to	the	dopaminergic	system	affect	mixed-strategy	interactions	in	Parkinson’s	disease	by	examining	the	effect	

of	 dopaminergic	 therapy	on	 cognitive	 flexibility	 and	 its	modulation	by	 genetic	 variation	within	 the	brain’s	

dopaminergic	system.	

Thirty-nine	patients	with	mild	to	moderate	Parkinson’s	disease	(20	female,	mean	age:	66.54	years,	

±7.12,	Hoehn	&	Yahr	Stage	1-3)	participated	in	a	within-subject,	multi-center	study.	We	used	both	a	candidate	

gene	approach	and	a	multilocus	genetic	profile	score	representing	the	additive	effects	across	four	functional	

polymorphisms	that	influence	dopamine	transmission:	COMT	Val158Met	(rs4680),	DRD2	TaqIA	(rs1800497),	

C957T	 (rs6277),	 and	 DARPP-32	 (rs907094).	 Patients	 participated	 in	 two	 sessions,	 both	 on	 and	 off	 their	

dopamine	 treatment.	 We	 contrasted	 the	 effect	 of	 dopaminergic	 medication	 and	 genetic	 variation	 during	

Matching	Pennies	with	a	non-strategic	motor	control	task	that	was	similar	to	Matching	Pennies	 in	terms	of	

sensory	 input,	 motor	 outputs,	 and	 overall	 reward	 rate.	 Twenty-two	 age-matched,	 healthy	 elderly	 control	

participants	(13	female,	mean	age:	64.14	years	±4.73)	also	participated	in	two	sessions.		

The	 COMT	 Val158Met	 polymorphism	 modulated	 the	 effect	 of	 dopamine	 treatment	 on	 Matching	

Pennies	 performance	 in	 Parkinson’s	 patients:	 individuals	 with	 low	 activity	 genotypes	 (Met	 homozygotes,	
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indicating	 higher	 levels	 of	 prefrontal	 dopamine)	 performed	 significantly	 better	 when	 off-medication	

compared	 to	 on-,	 suggesting	 an	 overdosing	 effect	 of	 dopaminergic	 treatment	 in	 this	 subset	 patients	 on-

medication.	 Genetic	 profile	 scores	 were	 significantly	 associated	 with	 several	 aspects	 of	 Matching	 Pennies	

performance	 (e.g.,	 predictability	 in	 choice	 patterns)	 in	 the	 Parkinson’s	 group	 when	 off-medication,	 with	

superior	performance	in	patients	with	high	relative	to	low	dopamine	scores.	This	suggests	that	Parkinson’s	

patients	with	low	profile	scores	may	be	at	a	greater	risk	for	cognitive	inflexibility	when	off-medication.	On	the	

other	hand,	high	genetic	profile	scores	were	associated	with	increases	in	spatial	biases	in	control	participants.	

Importantly,	these	effects	were	not	observed	during	the	control	task,	suggesting	specific	genetic	modulation	

of	higher	cognitive	functions	during	Matching	Pennies.	

We	show	 that	 individual	differences	 in	 cognitive	performance	can	be	understood	 in	 the	 context	of	

variation	in	baseline	dopamine	signalling	in	Parkinson’s	disease.	Our	results	suggest	that	genetic	risk	factors	

may	render	particular	patients	vulnerable	to	cognitive	dysfunction,	and	stress	the	importance	of	investigating	

individual	differences	in	cognitive	functions	and	responses	to	dopaminergic	medication	across	patients.		

3.2 	 Introduction	

Cognitive	deficits	are	increasingly	recognized	as	a	feature	of	Parkinson’s	disease	(PD)	pathology.	In	addition,	

while	 dopaminergic	 therapy	 (levodopa	 and	 a	 class	 of	 dopamine	 agonists)	 is	 efficacious	 for	 alleviating	 the	

motor	deficits	characteristic	of	PD,	many	cognitive	symptoms	either	do	not	respond	to,	or	are	exacerbated	by,	

dopaminergic	treatment,	an	extreme	example	being	the	increased	incidence	of	impulse	control	disorders	in	

PD	(Dagher	&	Robbins,	2009).	The	relationship	between	medication	and	cognitive	function	is	complex:	both	

deleterious	and	beneficial	effects	have	been	reported,	dependent	on	the	task	used	to	assess	cognition	and	the	

neural	circuits	recruited	to	perform	the	task	(Cools,	2006).	This	discrepancy	may	be	due	to	an	imbalance	of	

DA	depletion	in	segregated	functional	cortico-striatal	circuitries	in	PD	(Cools,	2006).	Dopaminergic	treatment	

in	 PD	 has	 been	 shown	 to	 remedy	 functions	 subserved	 by	 regions	 that	 are	 affected	 early	 in	 the	 disease	

progression,	 including	 the	 putamen,	 dorsal	 caudate	 nucleus	 and	 their	 connections	 to	 the	 dorsolateral	

prefrontal	 cortex	 (DLPFC),	 improving	 cognitive	 functions	 such	 as	 task-set	 shifting	 (Cools	 et	 al.,	 2001).	

However,	 consistent	with	 the	 ‘dopamine	 overdose	 hypothesis’	 (Vaillancourt	 et	 al.,	 2013),	 regions	 that	 are	

relatively	 spared	 in	 early	 PD,	 such	 as	 the	 ventral	 caudate	 nucleus,	 the	 nucleus	 accumbens,	 and	 their	
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connections	to	the	prefrontal	cortices	(e.g.,	the	orbitofrontal	cortex	(OFC))	may	be	overdosed,	which	has	been	

associated	with	 deficits	 in	 reversal	 learning	 (Cools	 et	 al.,	 2001;	 Cools	 et	 al.,	 2002;	 Evers	 et	 al.,	 2005)	 and	

learning	 from	 feedback	 (Frank	 et	 al.,	 2004;	 Moustafa	 et	 al.,	 2008;	 Moustafa	 et	 al.,	 2009).	While	 decision-

making,	 particularly	 reinforcement-guided	 decision-making,	 has	 been	 extensively	 studied	 in	 PD,	 decision-

making	within	the	context	of	interactive	and	competitive	environments	has	not.	We	sought	to	understand	the	

role	of	dopamine,	and	how	manipulations	to	the	dopaminergic	system	affect	mixed-strategy	 interactions	 in	

human	subjects	with	depletion	of	the	dopaminergic	system:	patients	with	PD.			

Additionally,	 we	 asked	 whether	 baseline	 dopaminergic	 levels,	 mediated	 by	 variation	 in	 genes	

contributing	to	dopaminergic	transmission	within	the	brain	(e.g.,	Catecho-O-methyltransferase	(COMT),	and	a	

class	of	DRD2	 genes)	 can	explain	variability	 in	 individuals’	 cognitive	 response	 to	dopaminergic	medication	

(Gotham	et	al.,	1986;	Kimberg	et	al.,	1997).		While	studies	have	investigated	the	role	of	dopaminergic	single	

nucleotide	 polymorphisms	 (SNPs;	 e.g.,	COMT	 Val158Met)	 on	 cognitive	 function	 in	 PD	 (Foltynie	 et	 al.,	 2004;	

Williams-Gray,	2008),	few	have	investigated	patients	in	both	the	on-	and	off-medication	states,	or	the	effects	

of	genotype	on	individual	differences	in	medication-induced	cognitive	changes.	We	hypothesize	that	the	level	

of	cognitive	impairment	in	PD	may	be	mediated	by	SNPs	in	genes	contributing	to	dopaminergic	levels	in	the	

brain.	Specifically,	patients	with	low	baseline	dopamine	levels	will	experience	less	cognitive	dysfunction,	and	

may	even	benefit	cognitively	from	the	administration	of	dopamine	agents	relative	to	those	with	high	baseline	

dopamine	levels.	We	addressed	the	effect	of	genotype	on	patients’	response	to	dopaminergic	medication	by	

examining	 SNPs	 in	 three	key	dopaminergic	 genes	 (COMT	 rs4680,	DRD2	 rs1800497	&	 rs6277,	&	DARPP-32	

rs907094).	 In	 addition,	 we	 examined	 the	 additive	 effects	 of	 dopaminergic	 SNPs	 calculating	 a	 composite	

genetic	 profile	 score	 weighting	 the	 individual	 gene	 scores	 across	 all	 SNPs.	 Such	 an	 approach	 has	 been	

successful	at	understanding	variability	in	motor	learning	(Pearson-Fuhrhop	et	al.,	2013)	and	ventral	striatal	

reactivity	(Nikolova	et	al.,	2011)	in	healthy	individuals,	and	symptomology	in	depression	(Pearson-Fuhrhop	

et	al.,	2014).	To	our	knowledge,	no	such	approach	has	been	applied	to	elucidating	 individual	differences	 in	

medication	 response	 profiles	 in	 PD	 patients.	 We	 hypothesized	 that	 individuals	 with	 high	 genetic	 profile	

scores	(representing	high	levels	of	dopamine	signalling)	would	experience	more	cognitive	dysfunction	when	

off-medication	as	compared	to	on-medication.	
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During	 mixed-strategy	 games	 like	 Matching	 Pennies,	 each	 player’s	 actions	 and	 their	 associated	

outcomes	change	dynamically	based	on	their	opponent’s	actions.	To	evade	exploitation	by	one’s	opponent,	a	

player	should	choose	each	of	the	two	actions	unpredictably,	and	with	equal	frequency.	If	both	players	do	so,	

they	 approach	 the	 Nash	 equilibrium,	 and	 there	 is	 no	 incentive	 to	 deviate	 from	 this	 strategy	 unilaterally	

(Fundenberg	&	Tirole,	1991;	Nash,	1950).	If,	however,	one’s	opponent	departs	from	the	Nash	equilibrium,	by	

displaying	a	preference	for	one	action	over	another,	and/or	serial	dependence	in	choice	patterns	(e.g.,	a	lack	

of	flexibility	in	choice	patterns	or	perseveration	in	choice),	one	should	be	prepared	to	exploit	this	predictable	

behaviour.	During	strategic	games,	systematic	deviations	exist,	such	as	the	win-stay/lose-shift	(WSLS)	bias,	in	

which	individuals	are	more	likely	to	repeat	previously	successful	(rewarded)	actions	and	switch	away	from	

previously	unsuccessful	(unrewarded	or	punished)	actions	(Barraclough	et	al.,	2004;	Thevarajah	et	al.,	2009;	

Vickery	 et	 al.,	 2011).	 The	WSLS	 bias	 suggests	 that	 choices	 are,	 in	 part,	 guided	 by	 reinforcement	 learning	

processes	(Cohen	&	Ranganath,	2007;	Hampton	et	al.,	2008),	which	are	believed	to	involve	reward	prediction	

error	 (RPE)	 signalling	within	 the	dopamine-rich	 striatum	 (Schultz,	 1998).	The	 cognitive	deficits	 associated	

with	PD	largely	overlap	with	those	involved	in	mixed-strategy	interactions,	including	reinforcement	learning,	

working	memory,	cognitive	flexibility	(e.g.,	perseveration),	and	planning	(Cools	et	al.,	2001;	Lewis	et	al.,	2005;	

Slabosz	et	al.,	2006;	Malhotra	et	al.,	2002;	Monchi	et	al.,	2004;	Moustafa	et	al.,	2008;	Nagano-Saito	et	al.,	2008;	

Rutledge	et	al.,	2009).	We	hypothesized	that	patients	with	PD	would	be	impaired	at	mixed-strategy	decision-

making,	resulting	in	increased	predictabilities	in	choice	patterns	due	to	a	lack	of	cognitive	flexibility	required	

to	switch	unpredictably	between	alternative	actions.	Additionally,	the	level	of	cognitive	inflexibility	would	be	

exacerbated	in	PD	patients	with	low	relative	dopamine	levels	compared	to	high.	

Participants	competed	in	an	iterative	version	Matching	Pennies	(Fig.	3.1B	&	inset)	(von	Neumann	&	

Morgenstern,	 1944),	 against	 a	 computer	 opponent	 that	 exploited	 predictability	 in	 choice	 patterns	

(Barraclough	et	al.,	2004).	We	contrasted	the	effect	of	DA	medication	and	the	effect	of	dopaminergic	genes	

during	Matching	Pennies	with	a	non-strategic	motor	control	task	(Fig.	3.1A)	wherein	reward	was	linked	to	a	

specific	 visual	 stimulus	 but	 was	 otherwise	 similar	 to	 Matching	 Pennies	 in	 terms	 of	 sensory	 input,	 motor	

outputs,	 and	 overall	 reward	 rate.	 Finally,	 participants	 chose	 using	 two	 different	 motor	 effectors:	 eye	

movements	and	button-presses	that	require	hand	movements.	Given	that	each	effector	accesses	two	different	

frontostriatal	 networks	 (Alexander	 &	 Crutchley,	 1990;	 Alexander	 et	 al.,	 1986),	 we	 sought	 to	 understand	
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whether	 choice	 strategies	 were	 differentially	 impaired	 across	 the	 two	 effectors.	 The	 neural	 mechanisms	

required	for	the	generation	of	voluntary	saccadic	eye	movements	overlap	with	those	involved	in	the	cognitive	

processes	underlying	mixed-strategy	decisions,	namely,	the	dorsal	striatum	(caudate	nucleus)	and	the	DLPFC,	

and	have	been	shown	to	be	affected	early	 in	PD	disease	progression	(Cameron	et	al.,	2012).	We,	 therefore,	

hypothesized	 that	 decisions	 indicated	with	 a	 saccadic	 eye	movement	may	 be	 impaired	 relative	 to	 button-

press	movements.		

	

	

Figure	3.1	Task	Conditions.	A.	Control	task	(%):	Participants	were	instructed	to	choose	the	green	target	exclusively	and	
were	rewarded	 ‘7¢’,	50%	of	 the	 time	on	successful	 trials.	Choosing	 the	 red	 target	was	classified	as	an	 ‘error	 trial,’	 and	
never	yielded	reward.	B.	Matching	Pennies	(?):	Participants	were	informed	that	they	were	competing	in	a		colour-based	
version	 of	 Matching	 Pennies	 against	 a	 dynamic	 computer	 opponent	 that	 would	 analyze	 their	 behaviour	 and	 exploit	
predictabilities	in	their	response	patterns	(see	algorithm	2	in	Lee	et	al.,	2004).	Participants	played	the	matcher,	while	the	
computer	opponent	played	the	non-matcher;	if	both	players	chose	the	same	coloured	target,	participants	received	a	‘7¢’	
reward	 for	 that	 trial.	 Otherwise,	 participants	 received	 ‘0¢’.	 They	 were	 instructed	 to	 win	 as	 much	money	 as	 possible.	
Dashed	ellipses	are	for	illustration	only	and	were	not	shown	to	the	participant.	The	inset	shows	the	payoff	matrix	for	both	
players.	
	

3.3 Materials	and	Methods	

PD	 patients,	 on	 and	 off	 (>18	 h	washout	 period)	 their	 regular	 dopaminergic	medication,	 and	 age-matched	

control	 subjects,	 participated	 in	 an	 experiment	 that	 contrasted	decision-making	during	 the	mixed-strategy	
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game	Matching	Pennies	with	decision-making	during	a	simple	motor	control	task.	Participants	indicated	their	

choices	 by	 making	 either	 a	 saccadic	 eye	 movement	 or	 a	 manual	 button-press,	 allowing	 us	 to	 investigate	

dysfunction	 across	 two	 different	 motor	 effectors.	 Buccal	 samples	 were	 collected	 from	 each	 participant	

(Isohelix	 SK-1S	 Swabs	 with	 Dri-Capsules,	 Isohelix,	 United	 Kingdom)	 to	 examine	 the	 effect	 of	 genetic	

polymorphisms	 and	 a	 dopamine	 genetic	 profile	 score	 on	motor	 function	 (control	 task),	 cognitive	 function	

(Matching	 Pennies),	 and	 the	 effect	 of	 dopaminergic	 treatment	 on	 these	 functions.	 All	 experiments	 were	

reviewed	and	approved	by	the	Human	Research	and	Ethics	Boards	at	the	respective	sites	(Queen’s	University,	

Kingston,	Ontario;	Sunnybrook	Hospital,	Toronto,	Ontario;	Toronto	Western	Hospital,	Toronto,	Ontario),	and	

was	 in	 accordance	with	 the	 principles	 of	 the	Canadian	 Tri-Council	 Policy	 Statement	 on	 Ethical	 Conduct	 for	

Research	 Involving	Humans	 and	 the	principles	of	 the	Declaration	of	Helsinki.	All	participants	gave	 informed	

consent	and	were	compensated	for	their	time.	

3.3.1	 Participants	

Thirty	nine	patients	(20	female,	mean	age:	66.54	years,	±7.12,	range:	49-85,	mean	level	of	education	15.11	±	

1.20)	with	mild	 to	moderate	 PD	 (Stage	 1-3	 on	 the	Hoehn	&	 Yahr	 scale	 of	motor	 function	 (Hoehn	&	 Yahr,	

1967))	were	recruited	from	two	separate	hospitals:	28	recruited	from	the	Kingston	site	(Hotel	Dieu	Hospital)	

by	co-author	GP,	and	11	were	recruited	from	the	Toronto	site	(Sunnybrook	Hospital)	by	co-author	MM.	All	

patients	were	 required	 to	participate	 in	 two	sessions	 (counterbalanced	 for	medication	order).	Twenty-two	

age-matched	healthy	elderly	control	participants	(recruited	from	Kingston,	13	female,	mean	age:	64.14	years	

±4.73,	range:	54-75,	mean	level	of	education	15.9	years	±	2.41)	also	participated	in	two	sessions,	to	control	

for	any	effects	of	learning	across	sessions.	The	two	sessions	were	conducted	within	five	to	eight	days	of	each	

other	at	the	same	time	of	day	to	control	for	any	fluctuations	in	medication	in	PD	patients	throughout	the	day.	

Patients	underwent	an	evaluation	of	motor	function	(Unified	Parkinson’s	Disease	Rating	Scale	(UPDRS;	Lang	

&	Fahn,	1989),	both	motor,	section	III,	and	activities	of	daily	living,	section	II),	and	both	patients	and	control	

participants	 underwent	 an	 evaluation	 of	 cognitive	 status	 (Montreal	 Cognitive	 Assessment	 (MoCA)),	

depression	and	present	mood	(Geriatric	Depression	Scale	 (GDS)	and	Positive	and	Negative	Affect	Schedule	

(PANAS),	 respectively),	 impulsivity	 (Parkinson’s	 Disease	 Impulsive-Compulsive	 Disorders	 Questionnaire	

(QUIP),	which	screens	for	the	presence	of	impulse	control	disorders,	and	the	Barratt	Impulsiveness	Scale	(BIS	
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11)).	The	GDS,	PANAS,	UPDRS,	and	MoCA	were	repeated	on	both	sessions	 in	PD	patients,	and	the	GDS	and	

PANAS	were	repeated	on	both	sessions	in	control	participants.	Scores	for	each	patient	and	mean	scores	for	

the	control	group	are	shown	in	Table	3.3	&	3.4,	respectively.	Individuals	could	not	score	less	than	25/30	on	

the	 MoCA	 (in	 patients,	 the	 highest	 out	 of	 the	 two	 scores	 was	 utilized	 for	 this	 criterion),	 were	 able	 to	

successfully	perform	 the	 tasks	 (with	>50%	viable	 trials)	and	provide	online	eye-tracking	data,	 and	did	not	

possess	any	visual	abnormalities	(e.g.,	macular	degeneration	or	cataracts).	All	patients	were	treated	with	L-

DOPA,	and	twenty-two	were	also	taking	a	D2	receptor	agonist	(56%	of	patients).	We	converted	medication	

regimens	 of	 patients	 to	 levodopa	 equivalent	 dose	 (LED)	 for	 analyses	 (methods	 based	 on	Tomlinson	 et	 al.,	

2010).		

Table	3.1		
Descriptive	Statistics	of	Participants	
Data	 are	 reported	 as	means	 (SD)	 unless	 otherwise	 indicated.	 PD,	 Parkinson’s	 disease.	 F,	 female.	M,	Male.	 BIS,	 Barratt	
Impulsiveness	Scale	(BIS-11).	CI,	confidence	interval.	P	values	are	Bonferroni	adjusted.	
	
	

	 PD	 Control	 Difference	between	groups	

	 Mean	(SD)	 Mean	(SD)	 T	statistic	 p	value	 95	%	CI	 Cohen's	D	

Sample	size	 39	 22	 	 	 	 	
Age	 	 	 	 	 	 	
Mean	 66.54	(7.12)	 64.14	(4.73)	 -1.41	 0.163	 [-5.8,	1]	 0.4	

Range	 49-85	 54-75	 	 	 	 	
Sex	 20	F	(19	M)	 13	F	(9	M)	 0.58	 0.564	 [-.19,	.35]	 0.16	
Handedness	 33	R	(6	L)	 18	R	(4	L)	 -0.63	 0.53	 [-.42,	.22]	 0.18	

BIS	Scores	 	 	 	 	 	 	
Total	 56.72	(8.29)	 59.45	(7.37)	 1.29	 0.203	 [-1.52,	6.99]	 0.35	
Motor	 13.54	(2.75)	 13.48	(2.66)	 -0.09	 0.933	 [-1.54,	1.41]	 0.02	

Cognitive	instability	 5.38	(1.77)	 5.95	(1.47)	 1.25	 0.215	 [-.34,	1.47]	 0.35	
Attention	 9.67	(2.85)	 10.38	(2.89)	 0.92	 0.361	 [-.837,	2.27]	 0.25	
Self-control	 10.49	(2.59)	 11.43	(2.99)	 1.27	 0.209	 [-.54,	2.43]	 0.34	

Cognitive	complexity	 10.82	(2.46)	 10.71	(2.15)	 -0.17	 0.868	 [-1.38,	1.17]	 0.05	
Perseverance	 6.82	(1.64)	 7.48	(1.44)	 1.54	 0.128	 [-.20,	1.51]	 0.43	
QUIP	Score	 .95	(1.52)	 .68	(1.81)	 -0.86	 0.391	 [-1.02,	.73]	 0.16	
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3.3.2	 Genotyping	

Each	 participant’s	 genotype	 was	 analyzed	 for	 four	 dopamine-related	 polymorphisms.	 Genomic	 DNA	 was	

extracted	 from	 buccal	 samples	 using	 the	 XME-50	 Xtreme	 DNA	 kit	 for	 isolating	 purified	 DNA	 from	 buccal	

swabs	(Isohelix,	United	Kingdom)	following	manufacturer	protocol.	All	participants	gave	informed	consent	to	

obtain	 DNA	 material	 and	 genotyping.	 Genotyping	 was	 performed	 using	 Thermofisher	 TaqMan	 SNP	

genotyping	 assay	 (ThermoFisher	 Scientific,	 Waltham,	 MA,	 USA),	 and	 data	 analysis	 was	 done	 using	

Thermofisher	genotyper	software	(ThermoFisher	Scientific,	Waltham,	MA,	USA).	Choice	of	primer	sequences	

and	digestion	enzymes	followed	established	protocols	for	COMT	rs4680,	DRD2	rs6277,	DRD2	rs1800497,	&	

DARPP-32	rs907094.		

	 The	genetic	profile	score.	We	compiled	individual	genetic	profile	scores	representing	the	additive	

effects	 of	 variants	 in	 genes	 that	 were	 previously	 been	 associated	 with	 relatively	 increased	 dopaminergic	

transmission	within	the	striatum	and	the	prefrontal	cortex,	including	four	functional	polymorphisms:	COMT	

Val158Met	(rs4680),	DRD2	Taq1A	(rs1800497),	DRD2	C957T	(rs6277),	and	DARPP-32	(rs907094).	Methods	

for	 this	 technique	 have	 been	 published	 elsewhere	 (Nikolova	 et	 al.,	 2011;	 Pearson-Fuhrhop	 et	 al.,	 2013;	

Pearson-Fuhrhop	et	al.,	2014).	Briefly,	a	score	of	2	was	assigned	to	genotypes	reflecting	high	DA	signalling,	a	

score	of	1	was	assigned	 to	 intermediate	DA	genotype,	and	a	score	of	0	was	assigned	 to	 low	DA	genotypes.	

These	scores	were	compiled	to	create	individual	profile	scores	(reported	in	Table	3.2).		

	
Table	3.2		
Composition	of	Genetic	Profile	Score.		
The	genetic	profile	score	represents	the	sum	of	genotypes	representing	‘high’	dopamine	signalling	across	four	
functional	polymorphisms.	‘High’	genotypes	received	a	score	of	2,	‘intermediate’	genotypes	received	a	score	of	1,	and	
‘low’	genotypes	received	a	score	of	0.	Predicted	frequency	is	based	on	the	Hardy-Weinberg	equilibrium.	
	

 
COMT	rs4680	
(Val158Met)	

DRD2	rs1800497	
(Taq1A)	 DRD2	rs6277	 DARPP-32	rs907094	

	 Val/Val	 Val/Met	 Met/Met	 Lys/Lys	 Glu/Lys	 Glu/Glu	 C/C	 T/C	 T/T	 C/C	 T/C	 T/T	

Scoring	 0	 1	 2	 0	 1	 2	 0	 1	 2	 0	 1	 2	

Predicted	Frequency	 0.28	 0.5	 0.22	 0.02	 0.22	 0.76	 0.21	 0.5	 0.29	 0.02	 0.26	 0.72	

Number	in	our	sample	 14	 30	 11	 1	 12	 42	 10	 31	 14	 2	 13	 40	

Frequency	in	our	sample	 0.25	 0.55	 0.20	 0.02	 0.22	 0.76	 0.18	 0.56	 0.25	 0.04	 0.24	 0.73	
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3.3.3	 Classification	of	genetic	variants		

COMT	 (rs4680).	The	COMT	 gene	 encodes	 catechol-o-methyltransferase,	 an	 enzyme	 that	 catalyzes	

the	degradation	of	released	monoamines	such	as	dopamine,	norepinephrine	and	epinephrine	(Weinshilboum	

et	al.,	1989).	COMT	has	a	Val158Met	polymorphism	 that	decreases	 the	enzyme’s	activity,	 thereby	 increasing	

dopamine	 levels	 (Chen	 et	 al.,	 2004;	 Lachman	 et	 al.,	 1996;	Weinshilboum	 et	 al.,	 1999).	COMT	 regulation	 of	

dopamine	 metabolism	 is	 particularly	 prevalent	 in	 prefrontal	 cortical	 areas	 (relative	 to	 striatal	 dopamine	

metabolism)	(Lewis	et	al.,	2001;	Matsumoto	et	al.,	2003	Wayment	et	al.,	2001).	Estimates	of	the	differences	in	

enzyme	activity	between	homozygous	COMT-Val	 and	homozygous	COMT-Met	 range	 from	38%	 less	 activity	

(Chen	et	al.,	2004)	up	to	two	to	four	times	less	activity	(Lachman	et	al.,	1996;	Weinshilboum	et	al.,	1999),	with	

heterozygous	 COMT–Val/Met	 having	 intermediate	 levels	 of	 activity.	 For	 the	 composite	 gene	 score,	 the	

presence	of	the	Met/Met	genotype	was	assigned	a	score	of	2;	Val/Met	was	assigned	a	score	of	1;	and	Val/Val	

was	assigned	a	score	of	1.	

DRD2	(rs1800497,	rs6277).	The	DRD2	dopamine	receptor	is	associated	with	two	well	studied	

polymorphisms:	the	Ankyrin	repeat	kinase	domain	containing	1	(ANKK1)	TaqIA	and	the	C957T	

polymorphisms,	which	have	generally	been	shown	to	be	in	linkage	disequilibrium	(Duan	et	al.,	2003;	Stelzel	

et	al.,	2010).		

The	ANKK1	TaqIA	polymorphism	(rs1800497)	of	the	DRD2	receptor	results	in	a	Glu	(A2)	to	Lys	(A1)	

substitution	at	position	713	(Pearson-Furhorp	et	al.,	2013).	The	presence	of	the	Lys	(A1)	allele	of	the	

ANKK1/TaqIA	polymorphism	is	associated	with	a	40%	reduction	in	the	expression	of	striatal	D2	receptors,	

resulting	in	significantly	lower	D2	receptor	binding	and	reduced	receptor	availability	in	the	striatum	than	

Glu/Glu	(A2/A2)	homozygotes	(Jönsson	et	al.,	1999;	Pohjalainen	et	al.,	1998;	Savitz	et	al.,	2013).	For	the	

composite	gene	score,	the	presence	of	the	Glu/Glu	genotype	was	assigned	a	score	of	2;	Lys/Glu	was	assigned	

a	score	of	1;	and	Lys/Lys	was	assigned	a	score	of	0.	

The	C957T	polymorphism	(rs6277)	of	 the	DRD2	receptor	affects	mRNA	stability	and	striatal	DRD2	

availability	(Hirvonen	et	al.,	2009).	The	T	allele	reduces	dopamine-mediated	upregulation	of	DRD2	expression	

in	vitro	(Duan	et	al.,	2003).	Functionally,	this	has	been	associated	with	high	striatal	receptor	binding	potential	

(Hirvonen	et	al.,	2004,	2005),	but	low	receptor	availability	in	vivo	(Hirvonen	et	al.,	2009).	The	presence	of	the	

T	allele	correlates	with	higher	striatal	D2	receptor	density	 in	comparison	to	the	C	allele	(Duan	et	al.,	2003;	
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Hirvonen	et	al.,	2005).	For	the	composite	gene	score,	the	presence	of	the	T/T	genotype	was	assigned	a	score	

of	2;	T/C	was	assigned	a	score	of	1;	and	C/C	was	assigned	a	score	of	0.		

DARPP-32/PPP1R1B	 (rs907094).	 DARPP-32	 is	 an	 important	 regulator	 of	 dopamine-mediated	

transmission	 encoded	 by	 the	 PPP1R1B	 gene,	 and	 a	 functional	 polymorphism	 within	 the	 DARPP-32	 gene	

affects	mRNA	 levels	 and	D1-receptor	mediated	 synaptic	 plasticity	within	 striatal	 neurons	 (Calabresi	 et	 al.,	

2000;	 Meyer-Lindenberg	 et	 al.,	 2007;	 Ouimet	 et	 al.,	 1984).	 DARPP-32	 is	 primarily	 expressed	 in	 striatal	

dopaminergic	 neurons,	 with	moderate	 levels	 of	 expression	 in	 the	 amygdala,	 hippocampus,	 and	 prefrontal	

cortex	 (Ouimet	 et	 al.,	 1992).	 The	 T	 allele	 has	 been	 associated	 with	 greater	 DARPP-32	 mRNA	 levels	 in	

comparison	 to	 the	 C	 allele	 (Calabresi	 et	 al.,	 2000).	 For	 the	 composite	 gene	 score,	 the	 presence	 of	 the	 T/T	

genotype	was	assigned	a	score	of	2;	T/C	was	assigned	a	score	of	1;	and	C/C	was	assigned	a	score	of	0.		

3.3.4	 Task	procedures	

	 Experimental	 design	 and	 timing.	 In	 each	 session,	 participants	 completed	 four	 pseudo-randomly	

organized	 runs	 (160	 trials/run	 for	 a	 total	 of	 640	 trials)	 consisting	 of	 the	 following:	 160	 trials	 of	 a	motor	

control	 task	 (Fig.	 3.1A)	 in	 the	 saccade	 condition,	 160	 trials	 of	 a	 motor	 control	 task	 in	 the	 button-press	

condition,	160	trials	of	the	mixed-strategy	task	(Fig.	3.1B)	in	the	saccade	condition,	and	160	trials	of	a	mixed-

strategy	task	in	the	button-press	condition.	The	two	behavioural	tasks	shared	the	same	basic	structure	(Fig.	

3.1);	each	trial	was	3200	ms	in	duration,	and	started	with	800	ms	of	a	task	identification	period	followed	by	

800	ms	 of	 a	 fixation	 period.	 Next,	 two	 visual	 targets,	 one	 green	 and	 one	 red,	 appeared	 for	 200	ms	 at	 an	

eccentricity	 of	 6.5ᵒ	 to	 the	 left	 and	 the	 right	 of	 the	 fixation	 point,	 followed	 by	 a	 600	 ms	 response	 period	

wherein	the	screen	was	blank	and	participants	indicated	their	choice	of	target.	Finally,	the	outcome	of	each	

trial	 (monetary	 reward)	 was	 revealed	 during	 an	 800	 ms	 period.	 Each	 run	 began	 with	 a	 20	 second	 long	

fixation	period	 followed	by	 the	 first	 trial,	 and	 the	 final	 trial	 in	 each	 run	was	 followed	by	a	20	 second	 long	

fixation	period.	Each	run	was	8	minutes	and	40	seconds	in	duration.	Participants	completed	20	practice	trials	

of	 the	 four	 abovementioned	 conditions	 at	 the	 beginning	 of	 both	 sessions.	 Total	 session	 time	 was	

approximately	90	minutes	in	duration,	including	breaks	between	runs,	and	approximately	30	minutes	for	the	

clinical	indices	and	motor	assessment	(see	Table	3.3).		

	 Recording	and	apparatus.	Monocular	eye	position	data	were	recorded	at	500	Hz	using	the	EyeLink	

1000	Version	5.1	 table-mounted	eye-tracking	device	 (SR-Research	Ltd.,	Mississauga,	Ontario,	Canada).	The	
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monitor,	infrared	illuminator,	and	camera	were	positioned	60	cm	away	from	central	gaze,	and	the	right	eye	

was	 recorded.	 Participants	were	 situated	 in	 a	mounted	 chin	 rest,	 stabilizing	 the	 head	 and	 limiting	motion	

during	 each	 trial.	 All	 visual	 stimuli	 were	 presented	 and	 behavioural	 responses	 acquired	 using	 custom	

MATLAB	v7.9	programs	 (The	Mathworks	 Inc.,	Natick,	MA)	 and	Psychophysics	Toolbox	 v3	 (Brainard	1997;	

Pelli	1997)	running	on	a	PC.	Visual	stimuli	were	presented	on	an	adjustable	17-inch	LCD	monitor	at	a	screen	

resolution	of	1280x1024	pixels	that	had	a	refresh	rate	of	60	Hz.	At	the	beginning	of	each	run,	eye	position	was	

calibrated	 using	 a	 five-point	 calibration	 routine.	 During	 button-press	 trials,	 participants	 indicated	 their	

choices	on	a	button	response	box	held	in	both	hands	by	pressing	a	leftward	or	rightward	button	(with	their	

left	 and	 right	 thumbs,	 respectively)	 corresponding	 to	 the	 location	 of	 the	 visual	 targets	 (RESPONSEPixx	

Handheld	5-button	response	box,	VPixx	Technologies,	QC,	Canada).	During	saccade	trials,	participants	were	

required	 to	 make	 a	 saccadic	 eye	 movement	 that	 broke	 a	 7.5	 degree	 fixation	 window	 following	 the	

disappearance	of	the	targets.	In	both	conditions,	responses	made	>600	ms	following	the	disappearance	of	the	

targets	were	considered	non-decision	trials,	and	those	made	prior	to	the	disappearance	of	the	targets	were	

considered	anticipatory	trials	and	were	removed	from	the	analyses.				

	 Motor	control	task.	Participants	were	instructed	to	choose	the	green	target	for	the	chance	to	receive	

monetary	reward	(Fig.	3.1A).	On	50%	of	the	trials,	the	green	target	yielded	$0.07,	and	on	50%	of	the	trials,	it	

yielded	nothing.	If	the	red	target	was	chosen,	it	never	yielded	reward,	and	was	classified	as	an	error	trial.	

	 Strategic	 task.	 Participants	 competed	 in	 a	 colour-based	 version	 of	 Matching	 Pennies	 against	 a	

dynamic	computer	opponent	(Fig.	3.1B,	payoff	matrix	illustrated	in	the	inset).	Participants	played	the	role	of	

the	matcher,	while	 the	 computer	 opponent	 played	 the	 role	 of	 the	 non-matcher—if	 both	 players	 chose	 the	

same	 coloured	 target,	 the	 participant	 won	 $0.07;	 otherwise,	 no	 monetary	 reward	 was	 received.	 The	

competitive	algorithm	employed	by	the	computer	opponent	was	based	on	algorithm	2	from	Barraclough	et	

al.,	 2004.	 Whereas	 the	 original	 opponent	 performed	 statistical	 analyses	 of	 the	 participants’	 choices	

(leftward/rightward	 target)	 and	 associated	 payoffs	 to	 uncover	 systematic	 biases	 in	 choice	 patterns	 (see	

algorithm	 2	 from	 Barraclough	 et	 al.,	 2004	 and	 Lee	 et	 al.,	 2004	 for	 specific	 details),	 here,	 we	 include	 a	

statistical	analysis	of	target	colour	as	well	as	target	location	and	reward.	Participants	were	fully	informed	of	

the	 rules	 of	 the	 game	 and	 knew	 that	 they	 were	 playing	 a	 strategic	 game	 against	 a	 dynamic,	 competitive,	

computer	opponent.	They	were	instructed	to	win	as	much	money	as	possible.		
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	 Monetary	compensation	for	the	current	study	was	dependent	on	individuals’	behaviour	during	both	

tasks.	 Participants	were	 paid	 after	 each	 session.	 In	 addition	 to	 compensation	 accrued	during	 the	 tasks,	 all	

participants	were	reimbursed	for	their	travel	expenses	to	the	respective	sites.		

	 Behavioural	 variables.	 The	 following	 choice-related	 behavioural	 variables	 were	 recorded	

throughout	the	control	task:	(1)	the	target	chosen	by	the	participant;	and	(2)	the	outcome	of	the	participant’s	

selection	(reward	or	no-reward).	We	examined	(1)	the	percentage	of	rewarded	trials;	(2)	the	percentage	of	

error	 trials	 (red	 target);	 and	 (3)	 global	 spatial	 bias	 (the	 absolute	 deviation	 from	 50%	 left	 or	 right	 target	

choice).	During	Matching	Pennies,	we	recorded	the	following:	(1)	the	target	chosen	by	the	participant;	(2)	the	

target	chosen	by	the	computer	opponent;	and	(3)	the	outcome	of	the	participant’s	selection	(reward	(win)	or	

no-reward	(loss)).	We	examined	(1)	the	percentage	of	rewarded	trials;	(2)	global	spatial	bias	(the	absolute	

deviation	from	50%	left	or	right	target	choice);	and	(3)	global	colour	bias	(the	absolute	deviation	from	50%	

red	or	green	target	choice).	We	also	measured	the	extent	to	which	participants’	choices	depended	on	a	history	

of	previous	choices	and	outcomes	by	calculating	(4)	the	probability	of	using	the	win-stay	strategy	in	both	the	

colour	 and	 spatial	 domains	 (i.e.,	 choosing	 the	 same	 target	 after	 a	 gain	 in	 the	 previous	 trial);	 and	 (5)	 the	

probability	 of	 using	 the	 lose-switch	 strategy	 in	 both	 the	 colour	 and	 spatial	 domains	 (i.e.,	 switching	 to	 the	

opposite	 target	 following	 a	 loss	 in	 the	previous	 trial).	 This	 separation	of	win-stay	 and	 lose-shift	 strategies	

allowed	us	to	investigate	the	differential	effect	of	positive	and	negative	reinforcement,	respectively.		

	 To	 quantify	 the	 degree	 of	 randomness	 in	 participants’	 choice	 patterns	 (e.g.,	 the	 degree	 to	 which	

participants’	 choices	 in	 a	 given	 trial	 depended	 on	 their	 previous	 choices),	 we	 calculated	 entropy,	 termed	

choice	 entropy	 (Cover	&	Thomas,	1991).	We	also	 calculated	entropy	using	 the	 choice	 sequence	of	 the	 two	

players	 (which	 is	 equivalent	 to	 using	 outcome),	 termed	 choice-outcome	 entropy	 (see	 Lee	 et	 al.,	 2004	 for	

details).		

𝐻 =	−	%𝑝' log+ 𝑝'

,

'-.

		(bits)	

	 Calculating	the	entropy	based	on	the	participant’s	choice	in	three	successive	trials,	there	are	a	total	

number	 of	 eight	 possible	 outcomes	 (k	 =	 23	 =	 8),	 and	 the	maximum	 entropy	 (which	 would	 indicate	 more	

randomness)	 is	 three	bits.	When	entropy	 is	 calculated	based	on	 the	participant’s	 choice	 sequence	 in	 three	

successive	 trials,	 as	well	 as	 the	 computer	 opponent’s	 choice	 sequence	 in	 two	prior	 trials,	 there	 are	 a	 total	
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number	of	32	possible	outcomes	(k	=	25	=	32),	and	the	maximum	entropy	 is	5	bits.	To	correct	 for	 the	bias	

arising	 from	calculating	entropy	using	probabilities	estimated	 from	a	 finite	sample,	we	employed	the	same	

methodologies	 as	 Lee	 et	 al.	 (2004).	 Entropy	 was	 calculated	 separately	 for	 both	 the	 spatial	 and	 colour	

dimensions	associated	with	the	choices.		

	 Statistical	analysis.	The	statistical	analyses	were	carried	out	with	SPSS	Statistics	version	24	(IBM,	

Chicago,	 IL)	 and	 custom	MatLab	 programs	 version	 9.3	 (The	MathWorks	 Inc.,	MA).	 All	 group	 analyses	 and	

regression	analyses	were	carried	out	using	bootstrapping	methods	based	on	1000	bootstrap	samples,	which	

allow	for	better	generalizability	of	results	to	larger	populations	and	do	not	require	that	the	distributions	be	

normal	 or	 sample	 sizes	 be	 large	 (Wood,	 2004).	 All	 reported	 group	 level	 significance	 tests	 and	 confidence	

intervals	are	based	on	bootstrapped	methods.	First,	one-way	MANOVAs	were	conducted	to	evaluate	whether	

there	were	 significant	 differences	 between	 groups	 on	 the	 combined	 dependent	 variables.	MANOVAs	were	

conducted	 separately	 to	 compare	 performance	 in	 control	 participants	 and	 PD	 patients	 on-medication	 and	

control	 participants	 and	 PD	 patients	 off-medication.	 Mixed-models	 were	 used	 to	 investigate	 the	 effect	 of	

medication	(in	PD	patients),	task,	motor	effector,	and	genotype	on	performance.	Bonferroni	adjustments	were	

applied	to	adjust	for	multiple	comparisons.	Effect	sizes	are	reported	for	all	significant	comparisons.	Finally,	

we	conducted	linear	regression	analyses	to	examine	the	relationship	between	the	genetic	profile	score,	motor	

symptoms	 (UPDRS	 scores	 in	 the	 PD	 group),	mood	 (PANAS	&	 GDS),	 impulsivity	measures	 (QUIP	 and	 BIS),	

medication	dosage	(LED),	and	task-related	variables	(described	in	the	previous	section).	All	reported	𝛽	values	

are	unstandardized.		

	

3.4 Results	

3.4.1	 Demographics	and	participant	characteristics		

Participant	demographics	are	displayed	 in	Table	3.1.	The	PD	group	and	 the	control	group	did	not	differ	 in	

terms	of	age	(PD	M	=	66.54,	SD	=	7.12,	CTRL	M	=	64.14,	SD	=	4.73,	t(58)	=	-1.41,	95%	CI	[-5.8,	1],	p=0.16),	sex	

(t	(58)	=	 .58,	95%	CI	[-.19,	 .35],	p=0.56),	handedness	(t(58)	=	-0.63,	95%	CI	[-.42,	 .22],	p=0.53),	or	years	of	

education	(PD	M	=	15.11,	SD	=	.34,	CTRL	M	=	15.90,	SD	=	2.4,	t	(58)	=	1.33,	95%	CI	[-.40,	1.98],	p=0.19).		
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Table	3.3	
Clinical	Scores	for	PD	Patients	
Data	 are	 reported	 as	 means	 (SD)	 unless	 otherwise	 indicated.	 MoCA,	 Montreal	 Cognitive	 Assessment.	 GDS,	 Geriatric	
Depression	Scale.	UPDRS,	Unified	Parkinson’s	Disease	Rating	Scale.	ADL,	Activities	of	Daily	Living.	Paired	Samples	T-Test.	
	

	

	 PD	 	 Difference	between	medication	state	

	 Mean	(SD)	 	 T	statistic	 p	value	 CI	 Cohen's	D	

	 ON	 OFF	 	 	 	 	

MoCA	 27.05	(2.16)	 27.26	(1.67)	 -0.58	 0.56	 [-.57,	.30]	 0.07	
GDS	 2.15	(2.18)	 2.26	(2.52)	 -0.41	 0.69	 [-.42,	.22]	 0.03	
PANAS	 	 	 	 	 	 	
Positive	 33.54	(7.66)	 30.10	(9.03)	 2.98	 0.006	 [.82,	3.78]	 0.3	
Negative	 12.80	(2.81)	 14.41	(4.63)	 -1.81	 0.106	 [-2.12,	.03]	 0.27	
UPDRS	 	 	 	 	 	 	
Total	 28.89	(9.69)	 41.33	(13.14)	 -7.08	 0.001	 [-10.12,	-5.7]	 0.4	
ADL	 8.61	(4.03)	 10.38	(4.65)	 -3.97	 0.002	 [-1.57,	-.53]	 0.18	
Motor	 20.50	(7.48)	 31.13	(9.95)	 -7.51	 0.001	 [-8.63,	-5.05]	 0.46	
Hoehn	&	Yahr	 	 	 	 	 	 	
Mean	 2.01	(.54)	 2.19	(.52)	 -2.69	 0.018	 [-.18,	-.03]	 0.09	
Range	 1	to	3	 1	to	3	 	 	 	 	

	

Cognitive	measures.	MoCA	scores	for	PD	patients	and	controls	are	displayed	in	Tables	3.3	and	3.4,	

respectively.	MoCA	scores	did	not	differ	 in	PD	patients	on	(M	=	27.05,	SD	=	2.16),	and	off-medication	(M	=	

27.26,	SD	=	1.67)(t	(60)	=	-0.58,	95%	CI	[-.57,	.30],	p=0.56),	though	both	were	significantly	lower	than	control	

participants	(M	=	28.41,	SD	=	1.37)(PD	ON	v	Controls:	 t	(59)	=	2.65,	95%	CI	[.46,	2.29],	p	=	0.005;	PD	OFF	v	

Controls:	t	(59)	=	2.76,	95%	CI	[.35,	1.94],	p	=	0.007).	

	

	 Motor	 function	measures.	UPDRS	scores	 for	PD	patients	are	displayed	 in	Table	3.3.	Total	UPDRS	

scores	were	significantly	higher	in	PD	patients	off-	(M	=	41.33,	SD	=	13.14)	as	compared	to	on-medication	(M	

=	28.89,	SD	=	9.69)	(t	(60)	=	-7.08,	95%	CI	[-10.12,	 -5.7],	p	=	0.001);	UPDRS	activities	of	daily	 living	scores	

were	significantly	higher	in	PD	patients	off-	(M=8.61,	SD	=	4.03)	as	compared	to	on-medication	(M	=	10.38,	SD	

=	4.65)(t	(60)	=	-3.97,	95%	CI	[-1.57,	-.53],	p	=	0.002);	and	UPDRS	motor	scores	were	significantly	higher	in	

PD	patients	off-	(M=20.50,	SD	=	7.48)	as	compared	to	on-medication	(M=31.13,	SD	=	9.95)(t	(60)	=	-7.51,	95%	

CI	[-8.63,	-5.05],	p=0.001).	Finally,	Hoehn	and	Yahr	scores	were	significantly	higher	in	PD	patients	off-	(M	=	

2.01,	SD	=	.54)	as	compared	to	on-medication	(M	=	2.19,	SD	=	.52)(t	(60)	=	-2.69,	95%	CI	[-.18,	-.03],	p=0.018).		 	
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Table	3.4	
Clinical	Scores	for	Control	Patients	
Data	 are	 reported	 as	 means	 (SD)	 unless	 otherwise	 indicated.	 MoCA,	 Montreal	 Cognitive	 Assessment.	 GDS,	 Geriatric	
Depression	Scale.	Paired	Samples	T-Test.	
	

	 Controls	 	 Difference	between	sessions	

	 Mean	(SD)	 	 T	statistic	 p	value	 CI	 Cohen's	D	

	 S1	 S2	 	 	 	 	

MoCA	 28.41	(1.37)	 	 	 	 	 	
GDS	 1.9	(2.39)	 1.62	(1.86)	 1.65	 0.124	 [-.02,	.62]	 0.13	
PANAS	 	 	 	 	 	 	
Positive	 32.80	(6.82)	 32.41	(7.98)	 0.44	 0.652	 [-1.33,	2.18]	 0.05	
Negative	 13.43	(4.13)	 12.21	(3.01)	 2.17	 0.035	 [.16,	2.3]	 0.34	

	

	 Reward	 earned.	 Money	 earned	 averaged	 approximately	 $18	 per	 session	 ($17.57	 ±	 2.01	 on-

medication,	$17.78	±	2.01	off-medication)	in	the	PD	group,	and	approximately	$20	per	session	($20.07	±	1.13	

session	 1,	 $20.38	 ±	 1.36	 session	 2)	 in	 the	 control	 group.	 PD	 participants	 earned	 significantly	 less	money	

overall	as	compared	to	control	participants	(independent	samples	t-test,	t(57)	=	5.83,	95%	CI	[1.65,	3.38],	p=	

2.7403E-7).	 The	 amount	 of	 money	 earned	 in	 PD	 patients	 on-	 and	 off-medication	 did	 not	 differ	 (paired	

samples	t-test,	t(36)	=	-.79,	p=0.44)	and	in	control	participants	across	sessions	(paired	samples	t-test,	t(20)	=	

-1.37,	p=0.18).	

3.4.2	 Overall	task	performance	

Prior	to	analyzing	whether	dopaminergic	genes	(both	individual	SNPs	and	genetic	profile	score)	could	explain	

variability	in	task	performance,	we	conducted	analyses	to	determine	the	effect	of	group,	task	condition,	motor	

effector,	and	medication	(in	the	PD	group)	on	performance.	 In	both	groups,	Matching	Pennies	performance	

was	 significantly	 more	 impaired	 relative	 to	 the	 control	 task	 (see	 Supplementary	 Results),	 confirming	 the	

engagement	 of	 cognitive	 functions	 above	 and	 beyond	 the	 execution	 of	 motor	 responses.	 Importantly,	 we	

failed	 to	 see	 significant	 group	 level	 differences	 on	 Matching	 Pennies	 performance,	 and	 there	 were	 no	

significant	group	level	medication	effects	on	task	performance	in	the	PD	group.	Performance	was,	however,	

largely	variable	across	participants,	as	was	the	effect	of	medication	on	performance.	Finally,	 in	PD	patients,	

Matching	Pennies	performance	was	considerably	more	impaired	in	saccade	trials	compared	to	button-press	

trials	 (see	 Supplementary	 Fig.	 3.7	 and	 Supplementary	 Results),	 suggesting	 that	 the	 circuits	 controlling	

saccades	may	be	more	susceptible	to	cognitive	impairment.	
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We	first	conducted	MANOVAs	to	determine	whether	there	were	differences	between	groups	on	the	

combined	 dependent	 variables	 affecting	 task	 performance	 (regardless	 of	 motor	 effector,	 session,	 and	

medication	 state).	 We	 separately	 analyzed	 a)	 Matching	 Pennies	 performance,	 consisting	 of	 reward	 rate,	

absolute	spatial	bias	(deviation	from	50%	left/right),	absolute	colour	bias	(deviation	from	50%	red/green),	

win-stay,	lose-shift	biases,	choice	entropy	and	choice-outcome	entropy,	the	latter	three	measures	in	both	the	

spatial	 and	 colour	 domains;	 and	 b)	 control	 task	 performance,	 consisting	 of	 reward	 rate,	 error	 rate,	 and	

absolute	spatial	bias.		

PD	patients	were	not	impaired	at	Matching	Pennies	at	the	group	level.	There	was	no	significant	

difference	between	groups	on	the	combined	variables	affecting	Matching	Pennies	performance,	F	(11,	49)	=	

.50,	𝜆	=	 .90,	𝜂2	=	 .10,	p=0.89,	and	follow	up	tests	did	not	reveal	any	significant	differences	on	the	individual	

dependent	variables.		

PD	patients	showed	significantly	more	dysfunction	in	the	motor	control	task	as	compared	to	

control	participants	at	the	group	level.	There	was	a	significant	difference	between	groups	on	the	combined	

variables	affecting	control	task	performance,	F	(3,	57)	=	2.94,	𝜆	=	.	87,	𝜂2	=	.13,	p=0.041.	Absolute	spatial	bias	

was	significantly	higher	in	PD	patients	(M	=	2.58%,	SE	=	.30)	as	compared	to	control	participants	(M	=	1.20%,	

SE	=	.40),	F	(1,	59)	=	7.66,	𝜂2	=	.12,	95%	CI	[.38,	2.38],	p=0.008.			

Lack	of	 group	 level	medication	effects	on	 task	performance	 in	PD.	Three-way	mixed	ANOVAs	

were	conducted	to	understand	the	effects	of	medication,	motor	effector,	and	task	condition	on	the	dependent	

variables	affecting	task	performance	in	PD	patients.			

There	 was	 a	 trend	 toward	 higher	 win-stay	 biases	 in	 the	 colour	 domain	 on-medication	

(Supplementary	Fig.	3.5A,	blue;	M	=	 .56,	SE	=	 .02)	as	compared	to	off-medication	(Supplementary	Fig.	3.5A,	

red;	M	=	.54,	SE	=	.02),	F(1,38)=	3.50,	𝜆	=	.92,	𝜂2	=	.08,	95%	CI	[-.002,	.06],	p=0.069,	though	this	failed	to	reach	

statistical	 significance.	 Additionally,	we	 found	 a	 trend	 toward	 higher	 probability	 of	 lose-shift	 biases	 in	 the	

spatial	 domain	 on-medication	 (Supplementary	 Fig.	 3.5B,	 blue;	 M	 =	 .51,	 SE	 =	 .02)	 as	 compared	 to	 off-

medication	(Supplementary	Fig.	3.5B,	red;	M	=	.49,	SE	=	.01),	F	(1,38)	=	3.60,	𝜆	=	.91,	𝜂2=	.09,	95%	CI	[-.001,	

.04],	p=0.066,	 though	 again,	 this	 failed	 to	 reach	 statistical	 significance.	 In	 terms	 of	 response	 variables,	 the	

percentage	 of	 anticipatory	 trials	 was	 significantly	 higher	 when	 on-medication	 (M	 =	 2.69%,	 SE	 =	 .54)	 as	
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compared	to	off-medication	(M	=	2.12%,	SE	=	.46),	F(1,38)	=	6.62,	𝜆	=	.85,	𝜂2	=	.15,	p=0.01),	and	this	effect	was	

not	specific	to	either	motor	effector	or	task	condition.	All	other	comparisons	were	not	significant	(all	p>0.05).	

3.4.3	 Relation	of	genotype	to	task	performance	

Our	group	level	statistics	show	that	there	was	no	uniform	effect	of	PD	pathology	on	task	performance,	or	of	

dopamine	medication	on	performance	in	PD	participants.	We	hypothesized	that	SNPs	in	dopaminergic	genes	

would	 explain	 a	 significant	 portion	 of	 variability	 in	 task	 performance	 and	 cognitive	 response	 profiles	 to	

dopaminergic	medication	in	PD.		

Individual	 SNP	 analysis.	To	 investigate	 the	 effect	 of	 individual	 SNPs	 on	 the	 dependent	 variables	

affecting	task	performance,	and	whether	genotype	had	a	mediating	role	in	how	task	performance	changed	as	

a	function	of	medication	in	PD	participants,	we	conducted	mixed	ANOVAs	with	motor	effector,	task	condition,	

and	 medication	 as	 the	 within	 subject	 factors,	 and	 genotype	 as	 the	 between	 subjects	 factor.	 In	 control	

participants,	 we	 simply	 omitted	medication	 state	 as	 a	 within	 subject	 factor,	 thus	motor	 effector	 and	 task	

condition	 were	 the	 within	 subject	 factors,	 and	 genotype	 was	 the	 between	 subjects	 factor.	 Genotype	 was	

available	for	33	of	the	39	PD	patients,	and	all	22	control	participants.		

Beneficial	effect	of	dopamine	withdrawal	in	COMT	Met/Met	homozygotes.	In	the	PD	group,	we	

found	a	significant	medication	by	COMT	interaction	on	reward	rate	during	Matching	Pennies,	F	(2,30)	=	4.85,	

𝜆	=	.76,	𝜂2	=	.24,	p=0.015.	Importantly,	this	effect	was	not	found	during	the	control	task,	F	(2,30)	=	.07,	𝜆	=	.10,	

𝜂2	=	.005,	p=0.93.	Because	the	COMT	by	effector	interaction	was	not	significant,	F	(2,30)	=	.76,	𝜆	=	.95,	𝜂2	=	.05,	

p=0.479,	and	the	three	way	interaction	between	COMT,	effector,	and	medication	was	not	significant,	F	(2,30)	=	

1.71,	𝜆	=	 .90,	𝜂2	=	 .10,	p=0.198,	we	collapsed	reward	rate	across	motor	effectors	 for	 the	 following	analyses	

(Fig.	3.2A).	Follow	up	one-way	ANOVAs	revealed	that	while	COMT	genotype	did	not	modulate	reward	rate	in	

PD	patients	on-medication	 (Fig.	3.2B,	blue	bars),	F	 (1,31)	=	 .81,	p=0.37,	 it	did	modulate	 reward	 rate	 in	PD	

patients	 off-medication	 (Fig.	 3.2B,	 red	 bars),	 F	 (1,31)	 =	 6.13,	 p=0.019,	 with	 individuals	 possessing	 the	

Met/Met	genotype	(indicating	higher	PFC	dopamine	 levels;	Chen	et	al.,	2004;	Lachman	et	al.,	1996)	having	

higher	reward	rate	off-medication	(M	=	50.32%,	SE	=	 .92)	as	compared	to	 individuals	possessing	Val	allele	

(Met/Val	&	Val/Val;	indicating	lower	PFC	dopamine	levels)	(M	=	45.36%,	SE	=	.91;	p=0.02).	We	also	calculated	

difference	 scores	 between	 reward	 rate	 on-medication	 and	 off-medication	 (reward	 on—reward	 off	

medication).	A	positive	difference	score	indicates	that	participants	performed	better	on-medication	than	off-
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medication	 (Fig.	 3.2B,	 purple	 bars).	We	 found	 a	 significant	 difference	 in	 this	 score	 in	 individuals	with	 the	

Met/Met	genotype	(M	=	-5.47%,	SE	=	1.16)	as	compared	to	individuals	with	the	Val	allele	(M	=	1.19%,	SE	=	

.98),	 F	 (1,31)	 =9.33,	 p=0.005.	 These	 results	 indicate	 that	 unlike	 individuals	 possessing	 the	 Val	 allele,	

individuals	 with	 Met/Met	 genotype	 tended	 to	 perform	 better	 when	 they	 were	 off-medication	 (negative	

difference	scores)	as	compared	to	on-medication	(positive	difference	score),	and	indeed,	individuals	with	the	

Met/Met	genotype	(n=6)	were	the	only	group	who	showed	a	significant	difference	 in	reward	rate	on-	(M	=	

44.85%,	SE	=	1.26)	as	compared	to	off-medication	(Fig.	3.2B,	M	=	50.32%,	SE	=	.92;	paired	t-test,	t(5)	=	-4.72,	

95%	CI	[-8.46,	-2.49],	p=0.005).	Given	that	reward	rate	represented	an	index	of	cumulative	task	performance	

(as	 any	 biases	 resulted	 in	 exploitation	 by	 the	 opponent	 and	 subsequent	 decreases	 in	 reward	 rate),	 this	 is	

likely	reflective	of	less	biases	in	PD	patients	possessing	the	Met/Met	genotype	(high	dopamine	levels)	when	

off-medication	 as	 compared	 to	 on-,	 though	 COMT	 genotype	 did	 not	 have	 a	 significant	 effect	 on	 any	 other	

individual	variables	(all	p>0.05).	Importantly,	variation	in	the	COMT	gene	was	not	associated	with	any	aspects	

of	 control	 task	 performance	 (all	 p>0.05).	 We	 did	 not	 find	 a	 significant	 effect	 of	 COMT	 on	 any	 aspect	 of	

Matching	Pennies	or	control	task	performance	in	control	participants	(all	p>0.05).	

We	also	analyzed	the	effect	of	the	Taq1A	polymorphism	in	the	DRD2	gene	(rs1800497),	as	well	as	the	

Pro319Pro	 polymorphism	 in	 the	 DRD2	 gene	 (rs6277),	 and	 DARPP-32	 (rs907094):	 we	 did	 not	 see	 any	

significant	effects	of	these	individual	SNPs	on	behavioural	performance	in	either	group	(all	p>0.05,	data	not	

shown).	

Higher	 genetic	 profile	 scores	 were	 associated	 with	 variability	 in	 Matching	 Pennies	

performance	 in	 PD	 patients	 off-medication.	 Multilocus	 genetic	 profile	 scores	were	 calculated	 to	 reflect	

relative	levels	of	DA	signalling	across	the	four	variants	(see	Methodologies	and	Table	3.4	for	calculations).	We	

conducted	individual	regression	analyses	to	examine	how	task	performance,	and	the	effect	of	medication	on	

performance	 in	 PD	 patients	 varied	 as	 a	 function	 of	 genetically	 indicated	DA	 levels.	 Overall,	we	 found	 that	

dopamine	gene	scores	mediated	several	aspects	of	Matching	Pennies	performance	when	PD	patients	were	off-

medication.		
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Figure	3.2	Matching	Pennies	performance	as	a	function	of	COMT	and	genetic	profile	score.	A.	Reward	rate	during	
Matching	Pennies.	The	left	panel	shows	overall	reward	rate.	The	grey	line	indicates	50%	rewarded	trials,	which	would	
be	expected	 if	 participants	 successfully	 evaded	exploitation	by	 the	 computer	opponent.	The	 right	panel	 shows	 reward	
rate	 as	 a	 function	 of	 dopamine	 medication,	 where	 positive	 scores	 indicate	 better	 performance	 on	 medication,	 and	
negative	scores	indicate	better	performance	off	medication.	B.	Reward	rate	stratified	by	variation	in	COMT	gene.	Left	
panel	 shows	 overall	 reward	 rate.	 Right	 panel	 shows	 difference	 scores.	 The	 val	 allele	 is	 associated	with	 higher	 COMT	
activity	and	therefore	lower	prefrontal	dopamine	levels	as	compared	to	Met/Met	homozygotes.	C.	Association	of	reward	
rate	with	genetic	profile	scores.	The	percentage	of	rewarded	trials	is	represented	on	the	Y-axis,	and	the	dopamine	gene	
score	 is	 represented	 on	 the	 x-axis	 (see	 methods).	 Blue	 circles	 and	 bars	 represent	 PD	 patients	 on-medication,	 red	
represents	 PD	 patients	 off-medication,	 and	 black	 represents	 control	 participants.	 Each	 circle	 represents	 an	 individual	
participant.	Data	 is	collapsed	across	motor	effector	 in	all	participants.	Statistical	 tests	are	based	on	1000	bootstrapped	
samples.			
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	 Our	 results	 indicate	 that	 higher	 baseline	 dopamine	 levels	 were	 associated	 with	 improvements	 in	

several	aspects	of	Matching	Pennies	performance	 in	PD	patients	when	 they	were	off	 their	medication.	The	

genetic	profile	score	was	moderately	associated	with	reward	rate	in	patients	off-medication	(Fig.	3.2C,	red;	R	

=	 .31,	R2	 =	 .09,	𝛽	 =	 1.02,	 95%	CI	 [-.03,	 1.70],	p=0.04).	 Analysis	 of	 the	 dependent	 variables	 contributing	 to	

Matching	Pennies	performance	 revealed	 that	 the	 genetic	profile	 score	was	 significantly	 associated	with	 an	

increase	in	both	spatial	choice	entropy	(see	Methodologies)	off-medication	(Fig.	3.3B,	red;	R=.65,	R2	=.42,	𝛽	=	

.04,	95%	CI	[.02,	 .05],	p=0.001)	and	spatial	choice-outcome	entropy	off-medication	(Fig.	3.3D,	red;	R=.58,	R2	

=.33,	𝛽	=	 .061,	95%	CI[.02,	 .09],	p=0.002).	To	a	 lesser	extent,	higher	genetic	profile	scores	were	associated	

with	a	decrease	in	the	probability	of	win-stay	spatial	strategies	off-medication	(Fig.	3.4B,	red;	R	=	.44,	R2	=.19,	

𝛽	=	 -.04,	95%	CI	 [-.07,	 .004],	 p=0.053),	 and	 increase	 in	 the	difference	scores	 for	win-stay-spatial	 strategies	

(Fig.	3.4C,	R	=	 .41,	R2	=	 .17,	𝛽	=	 .042,	95%	CI	[.02,	 .07],	p=0.002).	PD	patients	off-medication	with	relatively	

increased	DA	signalling	showed	less	predictability	in	choice	sequences,	resulting	in	moderately	higher	reward	

rates	as	compared	to	individuals	with	relatively	decreased	dopamine	signalling.	In	the	case	of	spatial	win-stay	

strategies,	 PD	 patients	 with	 higher	 relative	 dopamine	 levels	 showed	 an	 increase	 when	 they	 were	 on-

medication	as	compared	to	off-medication.	Importantly,	multilocus	genetic	profile	scores	were	not	associated	

with	any	of	these	indices	of	task	performance	in	PD	patients	on-medication	(Figs.	3.2C,	3.3B,	3.3D,	3.4B,	red)	

or	 in	 control	 participants	 (Figs.	 3.2C,	 3.3B,	 3.3D,	 3.4B,	 black).	 In	 addition,	 genetic	 profile	 scores	were	 not	

associated	 with	 any	 indices	 of	 control	 task	 performance	 (all	 p>0.05),	 indicating	 a	 specific	 effect	 on	 the	

cognitive	demands	associated	with	the	strategic	task.			

	 Among	control	participants,	the	sole	variable	that	changed	as	a	function	of	the	genetic	profile	score	

was	 the	 extent	 of	 spatial	 bias	 during	 Matching	 Pennies,	 which	 increased	 with	 increasing	 DA	 gene	 scores	

(Supplementary	Fig.	3.6B,	black;	R=	 .53,	R2	=	 .28,	𝛽	=	 .79,	95%	CI	 [.29,	1.30],	p=0.004).	This	effect	was	not	

observed	 in	 PD	 patients	 either	 on	 (Supplementary	 Fig.	 3.6B,	 blue)	 or	 off	 (Supplementary	 Fig.	 3.6B,	 red)	

medication.	 This	 suggests	 that	 control	 participants	with	 higher	 dopaminergic	 signalling	 scores	 showed	 an	

increase	in	global	spatial	biases	(e.g.,	preference	for	one	target	over	the	other)	relative	to	those	with	 lower	

dopamine	scores.	Again,	this	effect	was	specific	to	Matching	Pennies	and	was	not	observed	during	the	control	

task	(all	p>0.05).	
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Figure	 3.3	Spatial	 entropy	measures	 as	 a	 function	 of	 genetic	 profile	 score.	 A.	 Spatial	 choice	 entropy.	 Calculated	
based	on	the	choice	sequence	of	the	participant	in	3	successive	trials,	independent	of	outcome.	B.	Association	of		spatial	
choice	 entropy	 with	 genetic	 profile	 score.	 C.	 Spatial	 choice-outcome	 entropy.	 Calculated	 based	 on	 the	 choice	
sequence	of	both	players	in	3	successive	trials,	which	is	equivalent	to	outcome	(see	methods).	D.	Association	of	spatial	
choice-outcome	 entropy	 with	 genetic	 profile	 score.	 In	 A-D,	 higher	 entropy	 scores	 represent	 more	 randomness	 in	
participants’	choice	sequences.	In	B	and	D,	entropy	(bits)	is	represented	on	the	y-axis,	and	the	dopamine	gene	score	(see	
methods)	 is	 represented	 on	 the	 x-axis.	 Data	 is	 collapsed	 across	 motor	 effector.	 Statistical	 tests	 are	 based	 on	 1000	
bootstrapped	samples.			
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Figure	3.4	Win-stay	biases	as	a	function	of	genetic	profile	score.		A.	Probability	of	win-stay	strategies	in	the	spatial	
domain.	Left	panel	shows	overall	probability	of	win-stay	strategies,	and	the	grey	line	at	.50	represents	chance	level.	Right	
panel	 shows	probability	 as	 a	 function	of	 dopamine	medication,	where	positive	 scores	 indicate	 an	 increase	 in	win-stay	
biases	on-medication,	and	negative	scores	indicate	an	increase	in	win-stay	biases	off-	medication.	B.	Association	of	win-
stay	strategies	with	genetic	profile	score.	C.	Association	of	difference	scores	 in	win-stay	strategies	with	genetic	
profile	score.		In	C,	the	y-axis	represents	the	medication	difference	score	seen	in	A.	In	both	B	and	C,	the	x-axis	represents	
the	 dopamine	 gene	 score.	 Data	 is	 collapsed	 across	 motor	 effectors.	 Statistical	 tests	 are	 based	 on	 1000	 bootstrapped	
samples.	
	

	3.4.4	 Relation	of	clinical	scores	to	task	performance	

Higher	 levels	 of	 motor	 dysfunction	 are	 associated	 with	 increased	 predictability	 in	 choice	

patterns.	 In	 order	 to	 assess	 whether	 the	 progression	 of	 PD	 pathology	 was	 linked	 to	 the	 higher	 levels	 of	

cognitive	dysfunction,	we	examined	choice	variables	as	a	 function	of	 total	UPDRS	scores.	We	 found	 that	1)	
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The	 level	 of	 predictability	 in	 choice	 sequences	 (as	 indexed	 by	 spatial	 choice	 &	 spatial	 choice-outcome	

entropy)	 on-medication	 was	 higher	 in	 individuals	 with	 more	 severe	 motor	 dysfunction;	 2)	 Dopamine	

medication	had	a	remediating	effect	(increasing	entropy)	in	patients	with	less	severe	motor	dysfunction.	This	

is	evidenced	by	1)	A	strong	negative	association	between	total	UPDRS	scores	and	both	spatial	choice	entropy	

(Fig.	3.5A,	blue;	R	=	.49,	R2	=	.24,	𝛽	=	-.004,	95%	CI	[-.01,	-.002],	p=0.002)	and	spatial	choice-outcome	entropy	

(Fig.	3.5B,	blue;	R	=	.47,	R2	=	.22,	𝛽	=	-.01,	95%	CI	[-.01,	-.002],	p=0.017)	when	patients	were	on-medication,	

associations	that	were	not	found	when	patients	were	off-medication	(Fig.	3.5A,	red;	spatial	choice	entropy	&	

UPDRS	off	:	R=.01,	R2	=	.0001,	𝛽	=	-8.01E-5,	95%	CI	[-.002,	.002],	p=0.93;	Fig.	3.5B,	red;	spatial	choice	outcome	

entropy	&	UPDRS	off:	R=.02,	R2	=	.001,	𝛽	=	.0003,	95%	CI	[-.004,	.006],	p=0.89);	and	2)	A	negative	association	

between	 total	 UPDRS	 scores	 and	 the	 medication	 difference	 scores	 in	 spatial	 choice	 entropy	 (UPDRS	 on-

medication:	Fig.	3.5C,	blue;	R=.34,	R2	=	.12,	𝛽	=	-.004,	95%	CI	[-.01,	-.001],	p=0.023;	UPDRS	off-medication:	Fig.	

3.5C,	red;	R=.30,	R2	=	.09,	𝛽	=	-.002,	95%	CI	[-.004,	-.001],	p=0.001).	

To	confirm	that	 these	 findings	were	not	a	result	of	 individuals	with	higher	UPDRS	scores	being	on	

higher	 dosages	 of	 medication,	 causing	 more	 cognitive	 impairment	 (e.g.,	 increased	 predictabilities),	 we	

conducted	separate	analyses	examining	choice	variables	as	a	function	of	the	LED.	LED	had	no	effect	on	either	

spatial	 choice	 entropy	 (R	 =	 .04,	R2	 =	 .001,	𝛽	 =	 -7.199E-6,	 95%	CI	 [-6.956E-5,	 5.380E-5],	p=.815)	 or	 spatial	

choice-outcome	 entropy	 (R	 =	 .06,	 R2	 =	 .003,	 𝛽	 =	 -2.493E-5,	 95%	 CI	 [-0.0002,	 0.0002],	 p=.809)	 when	 on-

medication.	Additionally,	LED	did	not	have	a	significant	effect	on	the	difference	score	in	either	spatial	choice	

entropy	 (R=	 .24,	 R2=.06,	𝛽	 =	 -5.563E-5,	 95%	 CI	 [-0.000124,	 3.140E-5],	 p=0.14)	 or	 spatial	 choice-outcome	

entropy	 (R=	 .21,	R2=.04,	𝛽	 =	 -8.382E-5,	95%	CI	 [-0.0002,	0.00008],	p=0.29).	These	 results	 confirm	 that	 the	

effect	of	motor	dysfunction	on	entropy	measures	was	independent	of	medication	dosage.	

No	 other	 measures	 (MoCA,	 impulsivity,	 mood	 assessments,	 and	 medication	 dosage	 (LED))	 were	

related	to	task	performance	during	either	task	(all	p>0.05).		
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Figure	3.4	Spatial	entropy	measures	as	a	 function	of	UPDRS	scores.	A.	 Spatial	 choice	entropy.	B.	 Spatial	 choice-
outcome	entropy.	Entropy	measures	on	medication	are	negatively	associated	with	total	UPDRS	scores	on	medication.	C.	
Medication	difference	scores	in	choice	entropy	as	a	function	of	UPDRS	scores.	Total	UPDRS	scores	both	on	and	off	
medication	 are	 negatively	 associated	 with	 the	medication	 difference	 scores	 in	 choice	 entropy.	 Higher	 entropy	 scores	
represent	 more	 randomness	 in	 participants’	 choice	 sequences.	 Entropy	 (bits)	 is	 represented	 on	 the	 y-axis,	 and	 total	
UPDRS	scores	are	represented	on	the	x-axis.	In	C,	the	same	difference	score	is	shown	as	a	function	of	both	UPDRS	score	on	
(in	blue)	and	off	(in	red)	medication.	Statistical	tests	are	based	on	1000	bootstrapped	samples.			

3.5 Discussion	

We	 demonstrated	 that	 variation	 within	 the	 human	 dopamine	 system	 mediates	 several	 aspects	 of	 mixed-

strategy	decision-making	in	PD	patients.	We	designed	a	paradigm	that	allowed	us	to	disentangle	the	effect	of	

PD	pathology,	DA	medication,	and	variability	in	genetic	markers	of	DA	levels	(as	assessed	by	allelic	variation	

in	DA	genes)	on	the	cognitive	processes	involved	in	choosing	in	strategic	environments	from	those	involved	

in	non-strategic	components	of	decision-making	(e.g.,	sensory	processing	and	motor	output).	 In	contrast	 to	
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our	 simple	 control	 task,	 successful	 performance	 during	 Matching	 Pennies	 required	 the	 coordination	 of	

additional	 neural	 mechanisms,	 spanning	 the	 executive,	 cognitive,	 and	 limbic	 domains	 (Sanfey,	 2007).	

Importantly,	the	both	effect	of	COMT	and	the	effect	of	the	genetic	profile	score	on	performance	was	selective	

to	 Matching	 Pennies,	 suggesting	 specific	 modulation	 of	 higher	 cognitive	 functions,	 such	 as	 reinforcement	

guided	decision-making	and	cognitive	flexibility,	that	were	not	required	during	the	control	task.		

In	 line	with	the	dopamine	overdose	hypothesis	(Cools	et	al.,	2001;	Frank,	2005;	Frank	et	al.,	2004;	

Gotham	et	al.,	1986,	1988;	Swainson	et	al.,	2000),	we	saw	a	significant	effect	of	the	COMT	val158met	SNP	on	

Matching	Pennies	performance	 in	PD	patients	 (Fig.	2B),	with	 those	possessing	 the	 low-activity	COMT	allele	

(Met/Met),	 indicating	 higher	 prefrontal	 dopamine	 levels,	 performing	 better	 when	 off-medication	 as	

compared	 to	 on-medication.	 These	 results	 are	 in	 line	 with	 previous	 studies	 that	 have	 demonstrated	 a	

deleterious	effect	of	medication	on	planning	during	a	Tower	of	London	task	in	Met	homozygote	PD	patients	

(Foltynie	 et	 al.,	 2004),	 and	 with	 results	 showing	 that	 higher	 dopamine	 levels	 within	 the	 PFC	 have	 a	

detrimental	effect	on	flexibly	altering	cognitive	representations	and	learning	rates	(Bilder	et	al.,	2004;	Cools,	

2006;	Krugel	et	al.,	2009).	Our	results	are	likewise	in	support	of	an	overdosing	effect	of	DA	specifically	within	

the	PFC,	which	 remains	 relatively	 intact	 in	 early	 PD.	Additionally,	 a	 hyperdopaminergic	 state	 in	 particular	

regions	of	the	prefrontal	cortex	has	been	hypothesized	in	early	PD	(Foltynie	et	al.,	2004).	Decision-making	in	

the	 context	 of	 mixed-strategy	 games	 recruits	 fronto-striatal	 networks,	 including	 areas	 of	 the	 prefrontal	

cortex,	namely,	the	anterior	cingulate	cortex	and	the	dorsolateral	prefrontal	cortex	(Seo	et	al.,	2007;	Parr	et	

al.,	in	preparation;		Vickery	&	Jiang,	2009),	thus	an	already	hyperdopaminergic	state	in	these	regions,	coupled	

with	the	 low-activity	COMT	genotypes	could	be	responsible	 for	the	observed	decrease	 in	performance	with	

the	 addition	 of	 DA	 medication.	 Therefore,	 variability	 in	 the	 COMT	 gene	 could	 help	 understand	 variable	

cognitive	response	profiles	 to	dopaminergic	drugs	 in	patients	(Kehagia	et	al.,	2010),	 in	particular,	Met/Met	

homozygotes	could	be	potentially	more	vulnerable	 to	medication-induced	cognitive	 impairment,	at	 least	 in	

the	context	of	our	behavioural	paradigm.		

We	 found	 that	 higher	 dopamine	 gene	 scores	were	 associated	with	 better	 performance	 only	 in	 PD	

patients	off-medication	(Figs.	3.2C,	3.3B,	3.3D,	3.4B),	but	not	when	on-medication.	One	potential	explanation	

for	 this	 finding	may	 be	 that	 PD	patients	with	 lower	 dopamine	 gene	 scores	 experience	 severe	 depletion	 of	

striatal	 DA	 levels	 when	 off-medication	 relative	 to	 those	 with	 higher	 scores,	 and	 could,	 therefore,	 be	 at	 a	
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greater	 risk	 for	 behavioural	 inflexibility	 and	 perseverative	 choice	 biases.	 This	 could	 lead	 to	 an	 inability	

produce	unpredictable	responses	required	for	successful	performance	during	Matching	Pennies	in	those	with	

low	 dopamine	 gene	 scores,	 while	 higher	 dopamine	 signalling	 may	 promote	 behavioural	 flexibility	 (Cools,	

2006).		In	support	of	this	hypothesis,	we	found	extreme	win-stay	biases	(Fig.	3.4B),	in	addition	to	reductions	

in	both	choice	entropy	(Fig.	3.3B)	and	choice-outcome	entropy	measures	(Fig.	3.3D)	 in	patients	with	 lower	

dopamine	levels,	reflecting	higher	levels	of	predictability	in	choice	patterns	and	a	lack	of	ability	to	suppress	

choice	 biases.	 Studies	 have	 shown	 that	 cognitive	 flexibility	 is	 thought	 to	 benefit	 from	 potentiated	 phasic	

striatal	dopaminergic	 transmission,	and	striatal	depletion	 in	PD	 leads	 to	cognitive	 inflexibility	 (Cools	et	al.,	

2001,	2003;	Cools,	2006;	Hayes	et	al.,	1998).	Here,	we	show	that	the	extent	of	cognitive	inflexibility	when	off-

medication	may	be	mediated	by	baseline	striatal	dopamine	levels.		

Despite	our	hypothesis,	we	did	not	see	a	deleterious	effect	of	dopamine	medication	 in	 the	patients	

with	higher	dopamine	gene	scores	when	they	were	on-medication,	with	the	exception	of	the	finding	that	PD	

patients	with	high	genetic	profile	scores	 tend	to	show	a	greater	propensity	 for	win-stay	biases	(potentially	

due	to	an	amplifying	effect	of	positive	reinforcement	when	on-medication)	(Fig.	3.4C),	as	compared	to	those	

with	lower	relative	dopamine	levels.	Unlike	previous	work	using	‘go,	no-go’	tasks	(Frank	et	al.,	2004,	2005),	

despite	 seeing	 a	 group	 level	 trend	 toward	 higher	 positive	 reinforcement	 biases	 in	 PD	 patients	 when	 on-

medication	(Supplementary	Fig.	3.5A),	we	did	not	see	an	effect	on	negative	reinforcement,	and	in	fact,	saw	a	

trend	toward	an	 increase	 in	negative	reinforcement	biases	when	on-medication	(Supplementary	Fig.	3.5B).	

The	discrepancies	between	our	results	and	others	could	be	due	to	particular	task	demands;	e.g.,	many	tasks	

showing	 reinforcement	 learning	 deficits	 (Frank	 et	 al.,	 2004,	 2005)	 require	 such	 processes	 for	 correct	

behavioural	performance.	On	the	other	hand,	optimal	performance	during	Matching	Pennies,	in	fact,	relies	on	

actively	suppressing	reinforcement-learning	biases.		

The	observed	interaction	between	UPDRS	scores	and	medication	state	on	spatial	entropy	measures	

(Fig.	3.5)	suggests	that	 those	with	more	severe	PD	pathology	show	more	predictabilities	 in	choice	patterns	

when	 on-medication	 as	 compared	 to	 those	 with	 less	 severe	 pathology.	 This	 could	 reflect	 an	 increase	 in	

cognitive	impairment	as	PD	pathology	progresses	in	the	brain.	In	addition,	we	saw	that	individuals	with	lower	

UPDRS	scores	tended	to	show	an	increase	in	choice	entropy	while	on-medication	relative	to	those	with	higher	

UPDRS	scores,	potentially	suggesting	a	remediating	effect	of	dopaminergic	medication	only	in	patients	with	
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less	 severe	motor	 dysfunction.	 In	 support	 of	 this	 notion,	 Rutledge	 et	 al.	 (2009),	 found	 that	 perseverative	

choice	biases	during	a	dynamic	foraging	task	similarly	increased	with	PD	severity,	the	extent	of	which	were	

remediated	 with	 the	 administration	 of	 dopaminergic	 therapy.	 Additionally,	 studies	 using	 set-shifting	

paradigms	have	seen	positive	effects	of	dopaminergic	medication	on	cognitive	flexibility	(Cools,	et	al.,	2001;	

Cools,	 2006).	 Here,	 we	 show	 a	 similar	 effect	 in	 choice	 patterns	 during	 mixed-strategy	 decision-making.	

Importantly,	this	result	was	not	due	to	increased	dosages	of	dopaminergic	medication	in	patients	with	higher	

levels	 of	 PD	 pathology	 (indicated	 by	 higher	 UPDRS	 scores)	 causing	 cognitive	 impairment	 when	 on-

medication,	as	LED	did	not	correlate	with	spatial	entropy	scores.		

Finally,	in	line	with	our	hypothesis,	PD	patients	were	significantly	more	impaired	in	saccade	trials	as	

compared	 to	 button-press	 trials	 during	Matching	 Pennies	 (see	 Supplementary	 Fig.	 3.7	 and	 Supplementary	

Results).	 This	 decrease	 in	performance	during	 saccade	 trials	was	not	 observed	 in	 the	 control	 participants,	

which	excludes	 the	possibility	 that	 this	 finding	represents	a	decline	 in	 saccade	circuitry	due	 to	 the	natural	

aging	 process.	 Instead,	 this	 suggests	 differential	 rates	 of	 degradation	within	 the	 brain	 circuits	 supporting	

saccadic	 eye	movements	 and	 those	 supporting	 hand	movements	 in	 PD,	 and	 an	 increase	 in	 dysfunction	 in	

cognitively	 demanding	 paradigms	 (as	 the	 level	 of	 spatial	 bias	 was	 significantly	 greater	 during	 Matching	

Pennies	compared	to	 the	control	 task).	Voluntary	saccadic	eye	movements	have	been	shown	to	be	affected	

early	on	 in	PD	disease	progression	(Cameron	et	al.,	2012;	Chan	et	al.,	2005),	and	 impairments	 in	executive	

function	signalling	(e.g.,	rule	representation)	and	preparatory	signals	relating	to	voluntary	saccade	execution	

have	been	observed	in	the	oculomotor	regions	of	the	brain	in	early	PD	(Cameron	et	al.,	2012).	Little	is	known,	

however,	 about	 how	 the	 time	 course	 of	 PD	 pathology	 differentially	 affects	 saccadic	 circuitry	 and	 those	

controlling	other	motor	effectors.	It	is	possible	that	saccades	serve	as	a	more	sensitive	measure	of	cognitive	

dysfunction	in	early	PD,	though	more	work	is	needed	in	this	area.	Despite	this	finding,	dopaminergic	genetic	

profile	scores	similarly	mediated	performance	in	both	saccade	and	button-press	trials.	

Conclusions	and	next	steps.	We	found	that	COMT	mediated	the	effect	of	dopamine	medication	on	

mixed-strategy	performance	in	PD	patients,	and	that	the	level	of	cognitive	dysfunction	experienced	when	off	

dopaminergic	medication	was	associated	with	genetic	profile	scores	representing	relative	levels	of	dopamine	

signalling	within	the	brain.	Importantly,	we	did	not	see	effects	of	medication	at	the	group	level,	and	in	fact,	

responses	to	dopaminergic	medication	among	PD	patients	were	highly	heterogeneous.	Our	findings	stress	the	
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importance	 of	 understanding	 individual	 variability	 in	 response	 profiles	 to	 dopaminergic	 drugs	 across	

patients,	and	efforts	should	be	made	to	tailor	treatment	protocols	based	on	variation	within	the	population.	In	

addition,	 our	 results	 (and	 others)	 could	 prove	 helpful	 for	 clinical	 trials	 aiming	 to	 combat	 cognitive	

impairment	 in	 PD.	Underlying	 genetic	 risk	 factors	may	 render	 only	 particular	 PD	patients,	 but	 not	 others,	

vulnerable	to	cognitive	dysfunction.	Therefore,	stratification	of	PD	participants	on	the	basis	of	candidate	gene	

markers	may	advance	our	understanding	of	cognitive	impairment	in	PD.		
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3.7 Supplementary	Figures	

	

	

Supplementary	Figure	3.6	Effects	of	medication	on	choice	biases.	A.	Probability	of	win-stay	strategies	in	the	colour	
domain.	PD	patients	on-medication	show	a	trend	toward	more	win-stay	biases	compared	to	off-.	B.	Probability	of	lose-
shift	strategies	in	the	spatial	domain.	PD	patients	on-medication	show	a	trend	toward	more	lose-shift	biases	compared	
to	off.	 In	both	A	and	B,	 left	panels	 show	the	overall	probability,	 and	 the	grey	 line	at	 .50	represents	chance	 level.	Right	
panels	show	probability	as	a	function	of	dopamine	medication,	where	positive	scores	indicate	an	increase	in	biases	on-
medication,	and	negative	scores	indicate	an	increase	in	biases	off-medication.	Data	is	collapsed	across	motor	effector	in	all	
participants.	
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Supplementary	Figure	3.7	Global	spatial	bias	as	a	function	of	genetic	profile	score.	Association	of	global	spatial	bias	
with	 the	dopamine	gene	score.	The	y-axis	represents	 the	absolute	deviation	 from	50%	 left/right	choice,	and	 the	x-axis	
represents	the	dopamine	gene	score.	Data	is	collapsed	across	motor	effectors	in	all	participants.	
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Supplementary	Figure	3.8	Matching	Pennies	performance	as	a	function	of	motor	effector.	A.	Reward	rate.	B.	Global	
spatial	bias.	C.	Probability	of	win-stay	biases	in	the	spatial	domain.	D.	Probability	of	lose-shift	biases	in	the	spatial	
domain.	 E.	 Spatial	 choice	 entropy.	 F.	 Spatial	 choice-outcome	 entropy.	All	 scores	 are	 collapsed	 across	 sessions	 in	
control	participants	and	across	medication	state	in	PD	participants.	Black	bars	and	circles	represent	control	participant	
data,	purple	bars	and	circles	represent	PD	patients.	Open	bars	represent	saccade	condition,	and	hatched	bars	represent	
button-press	condition.	Each	circle	represents	an	individual	participant.	
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3.8	 Supplementary	Results	

3.8.1		 Demographics	and	Participant	Characteristics		

Impulsivity	measures.	Impulsivity	scores	for	all	participants	are	displayed	in	Table	3.1.	Individuals	

did	not	differ	on	total	QUIP	scores	(PD	M	=	.95,	SD	=	1.52,	CTRL	M	=	.68,	SD	=	1.81,	t(58)	=	-.86,	95%	CI	[-1.02,	

.73],	p=0.39),	total	BIS	scores	(PD	M	=	56.72,	SD	=	8.29,	CTRL	M	=	59.45,	SD	=	7.37,	t(58)	=	1.29,	95%	CI	[-1.52,	

6.99],	p	=	0.20)	or	any	BIS	subscales	(individual	scores	are	shown	in	Table	1).		

Mood	measures.	Mood	scores	for	control	participants	are	displayed	in	Table	3.3.	GDS	scores	did	not	

differ	in	control	participants	between	session	1	(M	=	1.9,	SD	=	2.39)	and	session	2	(M	=	1.62,	SD	=	1.86)(t	(38)	

=	 1.65,	 95%	 CI	 [-.02,	 .62],	 p=0.12).	 Positive	 affect	 scores	 (PANAS)	 did	 not	 differ	 in	 control	 participants	

between	session	1	(M	=	32.80,	SD	=	6.82)	and	session	2	(M	=	32.41,	SD	=	7.98)(t	(38)	=	0.44,	95%	CI	[-1.33,	

2.18],	p=0.65),	but	negative	affect	 scores	 (NPANAS)	were	moderately	higher	 in	 session	1	 (M	 =	13.43,	SD	 =	

4.13)	as	 compared	 to	 session	2	 (M	 =	12.21,	SD	 =	3.01)(t	 (38)	=	2.17,	95%	CI	 [.16,	2.3],	p=0.035).	GDS	and	

PANAS	scores	were	pooled	across	sessions	in	control	participants	for	comparison	with	ON	and	OFF	scores	in	

PD	patients.	

Mood	scores	for	PD	patients	are	displayed	in	Table	3.2.	GDS	scores	did	not	differ	in	PD	patients	on	(M	

=	2.15,	SD	=	2.18)	and	off-medication	(M	=	2.26,	SD	=	2.52)(t	(60)	=	-0.41,	95%	CI	[-.42,	.22],	p=0.69),	though	

both	were	significantly	higher	than	control	participants	(M	=	.98,	SD	=	1.4)(	(PD	ON	v	Controls:	t	(59)	=	-2.27,	

95%	CI	[-2.07,	-.32],	p	=	0.02;	PD	OFF	v	Controls:	t	(59)	=	-2.19,	95%	CI	[-2.35,	-.33],	p	=	0.03).	Positive	affect	

scores	 (PANAS)	 were	 significantly	 higher	 in	 PD	 patients	 on	 (M	 =	 33.54,	 SD	 =	 7.66)	 as	 compared	 to	 off-

medication	 (M	 =	 30.10,	 SD	 =	 9.03)(t	 (60)	 =	 2.98,	 95%	 CI	 [.82,	 3.78],	 p=0.006),	 and	 off-medication	 were	

significantly	lower	than	control	participants	(M	=	33.75,	SD	=	4.66)(PD	OFF	v	Controls:	t(59)	=	1.76,	95%	CI	

[.14,	6.91],	p=0.045)	but	not	on	(PD	ON	v	Controls:	t	(59)	=	.118,	95%	CI	[-2.78,	2.96],	p	=	0.88).	Negative	affect	

scores	(NPANAS)	did	not	differ	on	(M	=	12.80,	SD	=	2.81)	and	off-medication	(M	=	14.41,	SD	=	4.63)(t	(60)	=	-

1.81,	95%	CI	[-2.12,	.03],	p=0.106),	though	both	were	significantly	higher	than	control	participants	(PD	ON	v	

Controls:	t	(59)	=	-1.91,	95%	CI	[-2.66,	-.06],	p	=	.038;	PD	OFF	v	Controls:	t	(59)	=	-2.803,	95%	CI	[-4.87,	-1.25],	

p	=	0.003).		
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3.8.2.	 Performance	as	a	Function	of	Task	Condition	and	Motor	Effector			

Differences	between	motor	effectors.	Two-way	mixed	ANOVAs	were	conducted	to	understand	the	

effects	of	motor	effector	and	group	on	the	dependent	variables	that	were	dissimilar	between	tasks.	For	the	

control	task,	this	was	error	rate	(the	percentage	of	red	target	trials)	and	for	Matching	Pennies,	this	was	colour	

bias,	win-stay,	 lose-shift	 biases,	 choice	 entropy	 and	 choice-outcome	 entropy	 (the	 latter	 three	measures	 in	

both	the	spatial	and	colour	domains).		

Eye	vs.	hand:	Matching	Pennies.	In	the	PD	group,	several	aspects	of	Matching	Pennies	performance	

was	impaired	in	saccade	trials	relative	to	button-press	trials	(Supplemental	Fig.	3.7),	suggesting	significantly	

more	degeneration	within	the	pathways	supporting	eye	movements	relative	to	hand	movements.	We	found	

significantly	lower	reward	rate	in	saccade	trials	(Supplemental	Fig.	3.7A,	open	bars;	M=	45.08%,	SE	=	.79)	as	

compared	to	button-press	trials	(Supplemental	Fig.	3.7A,	hatched	bars;	M=	46.96%,	SE	=	.57),	F(1,38)	=	4.61,	

𝜆	=	 .89,	 𝜂2	 =	 .11,	 p=0.038),	 suggesting	 that	 overall	 performance	 was	 worse	 when	 choosing	 with	 eye	

movements.	 In	addition,	we	saw	several	biases	 that	were	exacerbated	 in	 saccade	 trials:	higher	 spatial	bias	

(Supplemental	Fig.	3.7B,	open	bars;	M	=6.31	bits,	SE	=	.75)	compared	to	button-press	trials	(Supplemental	Fig.	

3.7B,	hatched	bars;	M	=	4.02	bits,	SE	=	.58),		F(1,38)	=	8.08,	𝜂2	=	.18,	p	=	0.007),	higher	probability	of	win-stay	

spatial	 strategies	 (Supplemental	Fig.	3.7C,	open	bars;	M	=	 .59,	SE	=	 .02)	as	compared	 to	button-press	 trials	

(Supplemental	Fig.	3.7C,	hatched	bars;	M	=	.53,	SE	=	.02),	F(1,38)	=	21.167,	𝜆	=	.64,	𝜂2	=	.36,	95%	CI	[-.04,	-.09],	

p=	0.00005,	lower	probability	of	lose-shift	spatial	strategies	(Supplemental	Fig.	3.7D,	open	bars;	M	=	.48,	SE	=	

.02)	as	compared	to	button-press	trials	(Supplemental	Fig.	3.7D,	hatched	bars;	M	=	 .52,	SE	=	 .01),	F(1,38)	=	

8.40,	𝜆	=	.82,	𝜂2	=	.18,	95%	CI	[-.07,	-.01],	p=0.006.	Finally,	the	culmination	of	all	the	abovementioned	biases	

were	 reflected	 in	 lower	 spatial	 choice-entropy	 in	 saccade	 trials	 (Supplemental	 Fig.	 3.7E,	 open	 bars;	M	 =	

2.88%,	SE	=	 .02)	as	compared	to	button-press	trials	(Supplemental	Fig.	3.7E,	hatched	bars;	M	=	2.93%,	SE	=	

.01),	F(1,38)	=	10.22,	𝜆	=	.79,	𝜂2	=	.21,	95%	CI	[-.09,	-.02],	p=	0.003,	and	lower	spatial	choice-outcome	entropy	

(Supplemental	Fig.	3.3F,	open	bars;	M	=	4.53%,	SE	=	 .03)	as	compared	to	button-press	trials	(Supplemental	

Fig.	3.3F,	hatched	bars;	M	=	4.67%,	SE	=	.02),	F(1,38)	=	21.41,	𝜆	=	.64,	𝜂2	=	.36,	95%	CI	[-.20,	-.08],	p=	0.00004.		

The	differential	effect	of	motor	effector	on	performance	was	specific	to	the	PD	group,	as	we	found	no	

effect	of	motor	effector	on	any	variables	affecting	Matching	Pennies	performance	among	control	participants	

(Supplemental	Fig.	3.7,	all	p>0.05).	
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Eye	vs.	hand:	Control	task.	To	examine	whether	the	effector	differences	we	observed	were	specific	

to	Matching	Pennies	(e.g.,	were	exacerbated	in	a	cognitively	demanding	paradigm),	we	tested	for	significant	

differences	in	control	task	performance	as	a	function	of	motor	effector.	The	sole	effect	of	motor	effector	in	the	

control	task	in	PD	patients	was	that	spatial	bias	was	significantly	higher	during	saccade	trials	(M	=	5.61%,	SE	

=	.76)	as	compared	to	button-press	trials	(M	=	1.35%,	SE	=	.31),	F(1,38)	=	27.60,	𝜂2	=	.42,	p=0.00001.		

Similarly	 in	 control	 participants,	 absolute	 spatial	 bias	was	 significantly	 higher	 during	 control	 task	

saccade	trials	(M	=	2.78%,	SE	=	.62)	as	compared	to	button-press	trials	(M	=	.62%,	SE	=	.11),	F	(1,21)	=	15.04,	

𝜂2=	 .401,	 p=0.001.	 In	 addition,	 there	 was	 a	 significant	 effect	 of	 motor	 effector	 error	 trials	 in	 control	

participants,	 with	 a	 higher	 percentage	 of	 error	 trials	 in	 the	 saccade	 condition	 (M	 =	 5.40%,	 SE=1.00)	 as	

compared	to	the	button-press	condition	(M	=	1.48%,	SE	=	 .35),	F(1,21)	=	18.24,	𝜆	=	 .54,	𝜂2=	 .47,	p	=0.0003.	

Data	not	shown.	

Differences	between	 tasks.	To	understand	whether	PD	pathology	affected	 the	cognitive	processes	

involved	in	mixed-strategy	decisions,	above	and	beyond	motor	processes	required	for	the	execution	of	motor	

responses	during	the	control	task,	we	conducted	three-way	mixed	ANOVAs	to	examine	the	effects	of	motor	

effector,	 task	condition,	and	group	on	the	dependent	variables.	Variables	 included	 in	the	model	were	those	

that	were	 similar	 among	 tasks,	namely,	 reward	 rate,	 spatial	bias.	The	PD	group	 showed	significantly	more	

impairment	 during	 Matching	 Pennies	 as	 compared	 to	 the	 control	 task	 (data	 not	 shown),	 evidenced	 by	

significantly	lower	reward	rates	(Matching	Pennies	M	=	46.16%,	SE=.51,	Control	Task	M	=	47.60%,	SE	=	.29),	

F(1,38)	=	5.85,	𝜆	=	.87,	𝜂2=	.13,	p=0.02,	and	significantly	higher	spatial	biases	(Matching	Pennies	M	=	5.82%,	

SE	=	.51,	Control	Task	M	=	4.14%,	SE	=	.38),	F	(1,38)	=	8.45,	𝜆	=	.82,	𝜂2=	.18,	p=0.006.		

Control	 participants	 also	 showed	more	 impairment	 during	 Matching	 Pennies	 as	 compared	 to	 the	

control	task	(data	not	shown),	similar	to	PD	patients.	This	was	evidenced	by	significantly	lower	reward	rates	

(Matching	Pennies	M	=	46.98%,	SE=.29,	Control	Task	M	=	48.28%,	SE	=	 .29),	F(1,21)	=	2.42,	𝜆	=	 .80,	𝜂2=	.20,	

p=0.031	 and	 significantly	 higher	 spatial	 biases	 (Matching	 Pennies	M	 =	 4.80%,	 SE	 =	 .40,	 Control	 Task	M	 =	

2.12%,	SE	=	.32),	F	(1,21)	=	39.87,	𝜆	=	.35,	𝜂2=	.66,	p=	0.000003.		
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Chapter	4 	

Mixed-Strategy	Decision-Making	in	Adolescents	with	Borderline	

Personality	Disorder	and	its	Relationship	with	Impulsivity	and	Affective	

Functioning	

	

4.1	 Abstract		

Impulsivity	and	emotional	dysregulation	are	two	core	features	of	borderline	personality	disorder	(BPD),	and	

dysfunction	 of	 frontolimbic	 circuits	 underlie	 aberrant	 decision-making	 processes	 in	 BPD.	 The	 neural	

mechanisms	underlying	strategic	(competitive)	interactions	overlap	with	regions	that	have	been	implicated	

in	 BPD.	 We	 investigated	 how	 choice	 patterns	 during	 the	 classic	 mixed-strategy	 game,	 Matching	 Pennies,	

changed	 as	 a	 function	 of	 BPD	 pathology	 in	 adolescents.	 Additionally,	 we	 probed	 the	 interaction	 between	

decision-making	 and	 clinical	 indices	 of	 functioning	 in	 BPD,	 including	 impulsivity,	 emotional	 dysregulation,	

suicidality,	and	borderline	symptomology.		

Twenty-seven	female	adolescents	with	BPD	(mean	age:	16.37	years)	and	twenty-seven	healthy	age-

matched	 female	 control	 participants	 (mean	 age:	 1.81	 years)	 participated	 in	 an	 experiment	 that	 examined	

choice	 patterns	 during	 the	 mixed-strategy	 game	 Matching	 Pennies	 as	 a	 function	 of	 impulsivity	 (in	 both	

groups)	and	clinical	variables	measuring	emotional	dysregulation,	borderline	symptomology,	and	suicidality	

in	the	BPD	group.	
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We	 show	 that	 in	 adolescents	 with	 BPD,	 higher	 levels	 of	 impulsivity	 and	 emotional	 dysregulation	

were	 associated	 with	 superior	 performance	 in	 mixed-strategy	 decision-making.	 Conversely,	 impulsivity	

measures	resulted	in	decreased	performance	in	control	participants.	We	propose	that	this	relationship	may	

be	related	to	decreased	modulation	of	choice	strategies	by	reinforcement	and	affective	information,	resulting	

in	fewer	predictabilities	in	choice	patterns.		

4.2	 Introduction	

Individuals	 with	 borderline	 personality	 disorder	 (BPD)	 are	 prone	 to	 disadvantageous	 decision-making	

tendencies,	 which	 create	 dysfunction	 across	 multiple	 domains	 of	 functioning	 (Sebastian	 et	 al.,	 2014).	 A	

prominent	hallmark	of	BPD	is	impulsivity,	which	contributes	to	deleterious	behaviours	such	as	impulsive	self-

harm,	unsafe	 sexual	 activity,	 substance	 abuse,	 and	disordered	eating	 (Dougherty	 et	 al.,	 2004;	Rosval	 et	 al.,	

2006;	Soloff	et	al.,	2000),	and	in	general,	a	tendency	to	engage	in	impulsive	behaviours	despite	adverse	long-

term	 consequences.	 	 Impulsivity	 has	 been	 conceptualized	 as	 “a	 predisposition	 toward	 rapid,	 unplanned	

reactions	to	internal	or	external	stimuli	without	regard	to	the	negative	consequences	of	these	reactions	to	the	

impulsive	 individuals	 or	 others”	 (Moeller	 et	 al.,	 2001).	 Self-report	 rating	 scales	 can	 be	 useful	 in	 assessing	

impulsivity	 across	 various	 domains	 including	 attentional,	 motor,	 and	 choice	 (Barratt	 Impulsiveness	 Scale	

(BIS-11);	Patton	et	al.,	1995)	and	have	pointed	to	exaggerated	choice	impulsivity	in	BPD	(Mattila-Evenden	et	

al.,	 1996).	 However,	 these	 scales	 have	 obvious	 limitations,	 including	 failure	 of	 participants	 to	 adequately	

assess	their	own	behaviours	(Mattila-Evenden	et	al.,	1996),	creating	a	need	to	develop	objective,	valid,	and	

reliable	 measures	 to	 assess	 impulsivity	 and	 functional	 outcomes	 in	 BPD.	 In	 addition,	 the	 majority	 of	

experimental	 studies	 concerning	 decision-making	 in	 BPD	 are	 conducted	 in	 adults	 (a	 recent	meta-analysis	

reported	 mean	 age	 of	 27	 -	 3	 years	 (Jeung	 et	 al.,	 2016);	 see	 also	 Tay	 et	 al.,	 2017).	 Here,	 we	 use	 a	 novel	

paradigm	to	investigate	the	development	of	maladaptive	decision-making	tendencies	in	adolescents	with	BPD	

traits,	when	 impulsivity	 and	emotional	dysregulation	 symptoms	are	 at	 their	peak,	 and	whether	 self-report	

measures	of	impulsivity	explain	variability	in	decision-making	processes.		

Decision-making	paradigms	represent	a	promising	avenue	for	understanding	reward-related	deficits	

that	 may	 point	 to	 some	 of	 the	 underlying	 constructs	 of	 choice	 impulsivity	 in	 BPD	 (Paret	 et	 al.,	 2016).	

Behaviour	 in	 these	 contexts	 is	 guided	 by	 a	 subjective	 valuation	 of	 potential	 actions	 that	 incorporates	
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information	 about	 future	 reinforcements,	 including	 timing	 of	 reinforcement,	 ultimately	 choosing	 of	 one	 of	

several	 actions	 that	 maximize	 payoffs	 for	 the	 decision	maker	 (Glimcher	 &	 Rustichini,	 2004;	 Sanfey	 et	 al.,	

2006).	 	Delay-discounting	 tasks	have	 shown	 that	 individuals	with	BPD	 tend	 to	prefer	 immediate	 (smaller)	

rewards	over	delayed	(larger)	rewards,	indicating	steeper	discount	functions	for	delayed	rewards	(Barker	et	

al.,	 2015;	 Bornovalova	 et	 al.,	 2005;	 Dougherty	 et	 al.,	 1991).	 Lawrence	 et	 al.	 (2010)	 found	 that	 delay-

discounting	deficits	were	more	pronounced	 in	 individuals	who	score	higher	on	 the	BIS,	particularly	on	 the	

non-planning	 subscale	 that	 consists	 of	 measures	 of	 self-control	 and	 cognitive	 complexity.	 Additionally,	

probabilistic	 discounting	 tasks	 have	 demonstrated	 that	 individuals	 with	 BPD	 tend	 to	 accept	 smaller	

guaranteed	rewards	 instead	of	gambling	 for	 larger	rewards	(Barker	et	al.,	2015;	Berlin	et	al.,	2005).	These	

studies	 generally	 support	 a	 deficit	 in	 evaluation	 of	 outcomes	 in	 BPD,	 providing	 a	 potential	 substrate	 for	

impulsivity	in	decision-making	(Paret	et	al.,	2017).		

Although	discounting	tasks	have	advanced	our	understanding	of	how	reward-related	processes	are	

affected	in	BPD,	decisions	made	during	these	tasks	are	often	made	in	isolation,	necessitating	a	choice	between	

hypothetical	 gambles,	 and	 as	 such,	 cannot	 approximate	 the	 dynamic	 nature	 of	 real-world	 economic	

interactions.	 Neuroeconomic	 games	 represent	 an	 ideal	 way	 to	 probe	 dysfunction	 in	 BPD	 related	 to	

interpersonal	deficits,	emotional	dysregulation,	and	economic	interactions	(Jeung	et	al.,	2016).	Fronto-limbic	

circuits	 involved	 in	 social	 cognition	 and	 reward	 processing,	 including	 the	 anterior	 cingulate	 cortex	 (ACC),	

medial	orbitofrontal	 cortex	 (OFC)/ventromedial	prefrontal	 cortex	 (vmPFC),	 and	 the	 insular	 cortex,	overlap	

with	 those	affected	 in	BPD	(Hallquist	et	al.,	2018;	King-Casas	et	al.,	2008;	Schulze	et	al.,	2016;	Sharp	et	al.,	

2012;	Silbersweig	et	al.,	2007);	not	surprisingly,	difficulties	in	social	interactions	are	a	prominent	feature	of	

BPD	(Gunderson,	2007;	 Jeung	et	al.,	2016).	Economic	games	assessing	reciprocity	 in	social	exchange	reveal	

deficits	in	cooperative	and	trust	behaviours	in	BPD,	specifically	related	to	perception	of	social	norms	and	risk	

as	compared	to	non-social	risk	(e.g.,	decisions	involving	fixed	gambles)	(King-Casas	et	al.,	2008;	Seres	et	al.,	

2009;	Unoka	et	al.,	2009).	Cooperation	has	largely	been	the	focus	of	study	in	BPD,	however,	behaviour	during	

competitive	decision-making	paradigms	has	not	been	investigated	to	date.	Here,	we	explore	how	competitive	

decision-making	processes	are	affected	in	BPD	using	the	classic	mixed-strategy	game,	Matching	Pennies.		

Multi-player	 mixed-strategy	 games	 like	 Matching	 Pennies	 (von	 Neumann	 &	 Morgenstern,	 1944)	

provide	 a	 window	 into	 reward-related	 decision-making	 processes	 within	 competitive	 contexts,	 and	
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importantly,	have	the	advantage	of	approximating	the	stochastic	and	dynamic	nature	of	social	 interactions.	

During	such	games,	the	actions	of	one	individual	critically	depend	on	the	dynamic	actions	(and	often	mental	

states)	of	other	agents	(Seo	&	Lee,	2008;	Vickery	et	al.,	2011).	The	neural	mechanisms	required	to	support	

adaptive	decision-making	during	mixed-strategy	games,	particularly	 the	OFC,	dACC,	and	 the	 insular	 cortex,	

overlap	with	regions	that	have	been	implicated	in	BPD	(De	La	Fuente	et	al.,	1997;	Goyer	et	al.,	1994;	Lyoo	et	

al.,	1998;	Silbersweig	et	al.,	2007;	Soloff	et	al.,	2000;	Tebartz	van	Elst	et	al.,	2003).	We,	therefore,	hypothesized	

that	 individuals	 with	 BPD	 would	 show	 changes	 in	 mixed-strategy	 decision-making	 relative	 to	 control	

participants,	 and	 that	 the	 level	 of	 dysfunction	 would	 scale	 with	 symptom	 severity	 and	 measures	 of	

impulsivity.		

To	test	our	hypotheses,	adolescent	participants	competed	in	an	iterative	version	of	the	classic	game	

Matching	Pennies	against	a	computer	opponent	that	exploited	predictability	in	choice	patterns	(Barraclough	

et	al.,	2004).	We	conducted	a	cross-sectional	study	to	investigate	how	various	aspects	of	performance	during	

Matching	 Pennies	 changed	 as	 a	 function	 of	 age,	 self-report	 impulsivity	 measures,	 and	 clinical	 indices	 of	

symptom	severity	in	BPD.		

4.3	 Materials	and	Methods	

Female	adolescents	with	BPD	and	age-	and	sex-	matched	control	adolescents	participated	in	an	experiment	

that	examined	choice	patterns	during	the	mixed-strategy	game,	Matching	Pennies.		

4.3.1	 Participants	

Twenty-eight	 female	 adolescents	 (mean	 age:	 16.29	 years,	 ±	 1.33,	 range:	 14-18)	who	met	 criteria	 for	 BPD	

(assessed	by	the	Structured	Clinical	Interview	for	DSM-5	Personality	Disorders	(SCID-PD;	Pfohl	et	al.,	1997)	

were	recruited	from	the	dialectical	behavioural	therapy	(DBT)	group	at	Kingston	General	Hospital	outpatient	

mood	 and	 anxiety	 clinic	 by	 co-author	 SKK.	 Twenty-seven	 age-and	 sex-matched	 female	 healthy	 adolescent	

control	 participants	 (mean	 age:	 15.81	 years,	 ±	 1.55,	 range:	 14-18)	were	 recruited	 from	 the	 community	 in	

Kingston,	Ontario.	On	the	day	of	the	experimental	session,	both	BPD	and	control	participants	completed	an	

evaluation	 of	 impulsivity	 (Barratt	 Impulsiveness	 Scale	 (BIS-11);	 Patton	 et	 al.,	 1995),	 which	 has	 been	

recommended	 for	 use	 in	 studies	 investigating	 impulsivity	 in	 BPD	 (Bornovalova	 et	 al.,	 2005;	 Skodol	 et	 al.,	

2002).	Mean	scores	are	shown	 in	Table	4.1.	Prior	 to	 the	experimental	 session,	BPD	patients	underwent	an	
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evaluation	 of	 borderline-typical	 symptomology	 (Borderline	 Symptom	 List	 (BSL-23);	 Bohus	 et	 al.,	 2007),	

suicidality	 (Suicide	 Behaviour	 Questionnaire-Revised	 (SBQ-R);	 Osman	 et	 al.,	 1999),	 and	 emotional	

dysregulation	 (Difficulties	 in	 Emotional	 Regulation	 Scale	 (DERS);	 Gratz	 &	 Roemer,	 2004)).	 Mean	 clinical	

scores	for	the	BPD	group	are	found	in	Table	4.2.	One	BPD	participant	was	excluded	due	to	poor	performance	

(various	measures	falling	±	3	SD	of	the	group	mean)	indicating	a	lack	of	understanding	of	the	task	procedures.	

Final	analyses	included	twenty-seven	female	participants	with	BPD	(mean	age:	16.37	years,	±	1.28,	range:	14-

18)	and	twenty-seven	female	control	participants	(mean	age:	15.81	years,	±	1.55,	range:	14-18).	Groups	did	

not	differ	significantly	in	terms	of	age	(t	(52)	=	1.44,	p=0.156).	All	BPD	participants	remained	on	their	regular	

medication	 regimens	 throughout	 the	 duration	 of	 the	 study.	 This	 study	 was	 approved	 by	 the	 Queen’s	

University	 Human	 Research	 Ethics	 Board,	 and	 was	 in	 accordance	 with	 the	 Canadian	 Tri-Council	 Policy	

Statement	on	Ethical	Conduct	for	Research	Involving	Humans	and	the	principles	of	the	Declaration	of	Helsinki.	

All	participants	gave	informed	consent	and	were	compensated	for	their	time.	

Table	4.1	
Descriptive	Statistics	of	Participants	
Data	are	reported	as	means	(SD)	unless	otherwise	indicated.	BPD,	borderline	personality	disorder.	F,	female.	BIS,	Barratt	
Impulsiveness	Scale	(BIS-11).	P	values	are	Bonferroni	adjusted.	Independent	samples	t-test.	
	
	 BPD	 F	Control	 	 Difference	between	groups	

	 Mean	(SD)	 Mean	(SD)	 T	(52)	 p	value	 CI	 Cohen's	D	

Sample	size	 27	 27	 	 	 	 	
Age	 	 	 	 	 	 	
Mean	 16.37	(1.28)	 15.81	(1.55)	 1.44	 0.156	 [-.22,1.26]	 0.39	
Range	 14-18	 14-18	 	 	 	 	
Handedness	 24	R	(3	L)	 26	R	(1	L)	 0.85	 0.398	 [-.14,	.38]	 0.25	
BIS	Scores	 	 	 	 	 	 	
Total	 80.81	(9.78)	 64.56	(11.22)	 6	 0.001	 [10.27,	21.88]	 1.54	
Motor	 19.30	(3.40)	 15.44	(3.23)	 4.27	 0.001	 [2.03,	5.75]	 1.16	
Cognitive	instability	 8.89	(1.65)	 6.48	(1.95)	 4.9	 0.001	 [1.42,	3.3]	 1.33	
Attention	 14.30	(2.72)	 9.78	(2.83)	 5.98	 0.001	 [3.02,	5.96]	 1.63	
Self-control	 15.11	(3.41)	 12.30	(3.37)	 3.05	 0.006	 [.88,	4.60]	 0.83	
Cognitive	complexity	 13.63	(2.27)	 12.41	(2.52)	 1.87	 0.078	 [-.04,	2.59]	 0.51	
Perseverance	 9.59	(2.04)	 7.78	(2.72)	 2.77	 0.015	 [.59,	3.11]	 0.75	
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Table	4.2	
Clinical	Scores	for	BPD	Participants	
Data	 are	 reported	 as	 means	 (SD)	 unless	 otherwise	 indicated.	 SCID,	 Structured	 Clinical	 Interview.	 BSL,	 Borderline	
Symptom	 List.	 SBQ-R,	 Suicide	 Behaviour	 Questionnaire-Revised.	 DERS,	 Difficulties	 in	 Emotional	 Regulation	 Scale.		
	

	 	
BPD	

	 Mean	(SD)	
SCIDa		 13.71	(3.81)	
BSLb	 53.80	(23.75)	
SBQ-Rc	 14.41	(3.16)	
DERSd	 	
Total	 127.73	(23.58)	
Non-acceptance	 21	(6.14)	
Goal	directed	behaviour	 20.23	(4.16)	
Impulse	control	 21.58	(6.27)	
Emotional	awareness	 20.19	(5.00)	
Emotional	regulation	strategies	 28.54	(6.40)	
Emotional	clarity	 16.19	(4.46)	

	

a	Data	not	available	for	six	patients	(N=21)	
b	Data	not	available	for	two	patients	(N=25)	
c	Data	not	available	for	five	patients	(N=22)	
d	Data	not	available	for	one	patient	(N=26)	

	
4.3.2	 Task	Procedures	

Strategic	 decision-making	 task.	 Participants	 competed	 in	 a	 colour-based	 version	 of	 Matching	

Pennies	against	a	dynamic	computer	opponent	that	exploited	predictabilities	in	player	choice	patterns	(Fig.	

4.1A).	Participants	played	the	role	of	the	matcher,	while	the	computer	opponent	played	the	role	of	the	non-

matcher	 -	 if	 both	 players	 chose	 the	 same	 coloured	 target,	 the	 participant	 won	 $0.10;	 otherwise,	 the	

participant	 lost	 $0.10	 (players	 were	 endowed	 with	 30	 credits	 at	 the	 beginning	 of	 the	 session).	 The	

competitive	algorithm	employed	by	the	computer	opponent	was	based	on	algorithm	2	from	Barraclough	et	al.	

(2004).	Where	Barraclough	et	al.’s	opponent	performed	statistical	analyses	of	the	participant’s	spatial	choices	

(leftward/rightward	 target)	 and	 associated	 payoffs	 to	 uncover	 systematic	 biases	 in	 choice	 patterns	 (see	

algorithm	 2	 from	 Barraclough	 et	 al.,	 2004,	 and	 Lee	 et	 al.,	 2004	 for	 specific	 details),	 our	 study	 included	 a	

statistical	analysis	of	target	colour	as	well	as	target	location	and	reward.	Participants	were	fully	informed	of	

the	rules	of	the	game	and	were	aware	that	they	were	playing	a	strategic	game	against	a	dynamic,	competitive,	

computer	opponent.	They	were	instructed	to	win	as	much	money	as	possible.		
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Figure	 4.1	 Matching	 Pennies.	 Participants	 were	 informed	 that	 they	 were	 competing	 in	 a	 colour-based	 version	 of	
Matching	Pennies	against	a	dynamic	computer	opponent	that	analyzed	their	behaviour	and	exploited	predictabilities	in	
their	 response	 patterns	 (see	 algorithm	 2	 in	 Lee	 et	 al.,	 2004).	 Participants	 played	 the	 matcher,	 while	 the	 computer	
opponent	played	the	non-matcher;	if	both	players	chose	the	same	coloured	target,	participants	received	a	‘10¢’	reward	for	
that	 trial.	Otherwise,	participants	 lost	 ‘10¢’	 for	 that	 trial.	They	were	 instructed	 to	win	as	much	money	as	possible.	The	
inset	shows	the	payoff	matrix	for	each	player.			
	

Monetary	 compensation	 for	 the	 current	 study	 was	 dependent	 on	 performance	 (reward	 earned)	

during	Matching	Pennies.	 Participants	were	 given	 a	 choice	 between	 either	 a	 Cineplex	Movie	 gift	 card	 or	 a	

Shopping	Centre	gift	card	that	corresponded	to	the	amount	accrued	during	the	task.	

Experimental	 design	 and	 timing.	 Participants	 completed	 four	 total	 runs	 (each	 consisting	 of	 150	

trials	for	a	total	of	600	trials)	of	Matching	Pennies	(Fig.	4.1A).	Each	trial	was	3200	ms	in	duration,	and	started	

with	800	ms	of	a	task	identification	period	followed	by	800	ms	of	a	fixation	period.	Next,	two	visual	targets,	

one	green	and	one	red,	appeared	for	800	ms	at	an	eccentricity	of	6.5ᵒ	to	the	left	and	the	right	of	the	fixation	

point,	during	which	participants	indicated	their	choice	of	target	with	a	saccadic	eye	movement.	 	Finally,	the	

outcome	of	each	trial	(monetary	reward)	was	revealed	during	an	800	ms	period.	Each	run	began	with	a	20	

second	 long	 fixation	period	 followed	by	 the	 first	 trial,	 and	 the	 final	 trial	 in	 each	 run	was	 followed	by	a	20	

second	long	fixation	period.	Each	run	was	8	minutes	and	40	seconds	in	duration,	and	total	session	time	was	

approximately	 60	 minutes	 (including	 breaks	 between	 runs	 and	 approximately	 15	 minutes	 for	

questionnaires).	Each	participant	completed	20	practice	trials	at	the	beginning	of	the	session.			
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Importantly,	the	location	of	the	coloured	targets	was	pseudo-randomized,	appearing	on	each	side	of	

the	screen	50%	of	the	time.	Participants	were	instructed	to	maintain	fixation	prior	to	the	appearance	of	the	

targets	 until	 making	 their	 choice.	 Saccades	made	 prior	 to	 the	 appearance	 of	 the	 targets	 were	 considered	

anticipatory	 trials	 and	 those	made	 >800ms	 following	 the	 appearance	 of	 the	 targets	were	 considered	 non-

response	trials.		

Recording	and	apparatus.	Monocular	eye	position	data	was	recorded	at	500	Hz	using	the	EyeLink	

1000	Version	5.1	 table	mounted	eye-tracking	device	 (SR-Research	Ltd.,	Mississauga,	Ontario,	Canada).	The	

monitor,	infrared	illuminator,	and	camera	were	positioned	60	cm	away	from	central	gaze,	and	the	right	eye	

was	 recorded.	 Participants	were	 situated	 in	 a	mounted	 chin	 rest,	 stabilizing	 the	 head	 and	 limiting	motion	

during	 each	 trial.	 All	 visual	 stimuli	 were	 presented	 and	 behavioural	 responses	 acquired	 using	 custom	

MATLAB	v7.9	programs	 (The	Mathworks	 Inc.,	Natick,	MA)	 and	Psychophysics	Toolbox	 v3	 (Brainard	1997;	

Pelli	1997)	running	on	a	PC.	Visual	stimuli	were	presented	on	an	adjustable	17-inch	LCD	monitor	at	a	screen	

resolution	of	1280x1024	pixels	that	had	a	refresh	rate	of	60	Hz.	At	the	beginning	of	each	run,	eye	position	was	

calibrated	using	a	five-point	calibration	routine.	Participants	indicated	their	choices	by	making	a	saccadic	eye	

movement	that	corresponded	to	the	location	of	the	desired	visual	target.	Saccades	were	required	to	break	a	

7.5	degree	fixation	window.		

Behavioural	 variables.	The	 following	 behavioural	 variables	were	 examined	 and	 can	 be	 found	 in	

Table	 4.3:	 (1)	 the	 total	money	 earned;	 (2)	 the	 probability	 of	 reward	 (p(rew));	 (3)	 global	 spatial	 bias	 (the	

absolute	deviation	 from	50%	left	or	right	 target	choice);	and	(4)	global	colour	bias	 (the	absolute	deviation	

from	50%	red	or	green	target	choice).	We	also	measured	the	extent	to	which	participants’	choices	depended	

on	a	history	of	previous	choices	and	outcomes	by	calculating	(5)	the	probability	of	using	the	win-stay-lose-

shift	strategy	in	both	the	colour	and	spatial	domains	(p(wsls),	choosing	the	same	target	after	a	reward	in	the	

previous	trial	(win-stay)	and/or	switching	to	the	opposite	target	following	a	loss	in	the	previous	trial	(lose-

shift)).	Additionally,	we	recorded	reaction	times,	the	percentage	of	anticipatory	trials,	and	the	percentage	of	

non-response	trials.		

To	 quantify	 the	 degree	 of	 randomness	 in	 participants’	 choice	 patterns	 (e.g.,	 the	 degree	 to	 which	

participants’	 choices	 in	 a	 given	 trial	 depended	 on	 their	 previous	 choices),	 we	 calculated	 entropy,	 termed	

choice	 entropy	 (Cover	&	Thomas,	1991).	We	also	 calculated	entropy	using	 the	 choice	 sequence	of	 the	 two	
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players	 (which	 is	 equivalent	 to	 using	 outcome),	 termed	 choice-outcome	 entropy	 (see	 Lee	 et	 al.,	 2004	 for	

details).		

𝐻 =	−	%𝑝' log+ 𝑝'

,

'-.

		(bits)	

Calculating	the	entropy	based	on	the	participant’s	choice	(choice	entropy)	in	three	successive	trials,	

there	are	a	total	number	of	eight	possible	outcomes	(k	=	23	=	8),	and	the	maximum	entropy	is	3	bits.	When	

entropy	 is	 calculated	 based	 on	 the	 participant’s	 choice	 sequence	 in	 three	 successive	 trials,	 as	 well	 as	 the	

computer	opponent’s	choice	sequence	in	two	prior	trials	(choice-outcome	entropy),	there	are	a	total	number	

of	32	possible	outcomes	(k	=	25	=	32),	and	the	maximum	entropy	is	5	bits.	To	correct	for	the	bias	arising	from	

calculating	entropy	using	probabilities	estimated	from	a	finite	sample,	we	employed	the	same	methodologies	

as	Lee	et	al.	(2004).	Entropy	was	calculated	separately	for	both	the	spatial	and	colour	dimensions	associated	

with	the	choices.		

4.3.3	 Data	analysis	

Statistical	analyses	were	carried	out	with	SPSS	Statistics	version	24	 (IBM,	Chicago,	 IL)	and	custom	MatLab	

programs	version	9.3	(The	MathWorks	Inc.,	MA).	All	group	analyses	and	regression	analyses	were	carried	out	

using	 bootstrapping	methods	 based	 on	 1000	 bootstrap	 samples,	which	 allow	 for	 better	 generalizability	 of	

results	 to	 larger	populations	 and	do	not	 require	 that	 the	distributions	be	normal	 or	 sample	 sizes	 be	 large	

(Wood,	2004).	All	reported	group	level	significance	tests	and	confidence	intervals	are	based	on	bootstrapping	

methods.	 One-way	 MANOVAs	 were	 conducted	 to	 evaluate	 whether	 there	 were	 significant	 differences	

between	 groups	 on	 the	 combined	 dependent	 variables.	 Follow-up	 independent	 samples	 t-tests	 were	

conducted	to	investigate	between-group	differences	on	the	individual	dependent	variables	where	there	was	

homogeneity	 of	 variances	 between	 groups,	 otherwise,	 independent	 samples	 Mann-Whitney	 U	 tests	 were	

conducted.	Bonferroni	adjustments	were	applied	to	adjust	for	multiple	comparisons.	Effect	sizes	are	reported	

for	 all	 significant	 comparisons.	 In	 addition,	 we	 conducted	 linear	 regression	 analyses	 to	 examine	 the	

relationship	 between	 psychiatric	 symptoms	 (in	 the	 BPD	 group),	 age,	 and	 impulsivity	 measures	 and	 task-

related	 variables	 (described	 in	 the	 previous	 section).	 For	 significant	 regression	 fits,	 we	 analyzed	 the	

difference	in	regression	coefficients	between	groups.		
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4.4	 Results	

4.4.1	 Demographics	and	Participant	Characteristics	

The	BPD	group	and	 the	 control	 group	did	not	differ	 in	 terms	of	 age	 (BPD	M	 =	16.37,	SD	 =	1.28,	CTRL	M	 =	

15.81,	 SD	 =	 1.55,	 t	 (52)	 =	 1.44,	 CI	 [-.22,	 1.26],	 p	 =	 .16),	 or	 handedness	 (BPD:	 24	 righthanded;	 CTRL:	 26	

righthanded;	t	(52)	=	.85,	CI	[-.14,	.38],	p		=	.40).	

Impulsivity	scores.	BPD	participants	scored	higher	on	several	 impulsivity	measures	(mean	scores	

are	shown	in	Table	1).	Total	BIS	scores	were	higher	 in	the	BPD	group	(M	=	80.81,	SD	=	9.78),	compared	to	

control	participants	(M	=	64.56,	SD	=	11.22)	(t	(52)	=	6.0,	CI	[10.27,	21.88],	p	=	.001).	Broken	down	into	the	

individual	 subscales,	 individuals	 with	 BPD	 scored	 significantly	 higher	 on	 the	 cognitive	 instability,	 motor,	

attention,	self-control,	and	perseverance	subscales,	but	did	not	differ	from	control	participants	in	terms	of	the	

cognitive	complexity	subscale	(see	Table	4.1	significance	tests).		

Money	earned.	Pay	for	the	current	study	averaged	approximately	$26.23	±	2.76	in	the	BPD	group,	

and	 $27.47	±	 1.87	 in	 the	 control	 group	 (Table	4.2).	 The	 average	money	 earned	did	not	 differ	 significantly	

between	groups	(t(52)	=	-1.93,	CI	[-2.55,	-.002],	p	=	.06),	though	we	did	see	a	trend	toward	significantly	lower	

money	earned	in	the	BPD	group.		

4.4.2	 Group	Differences	in	Task	Performance	

We	 conducted	 separate	 MANOVAs	 to	 determine	 whether	 there	 were	 statistically	 significant	 differences	

between	 groups	 on	 the	 combined	 dependent	 variables	 affecting	 a)	Matching	 Pennies	 performance	 (choice	

variables);	and	b)	response	times.	Follow	up	t-tests	or	Mann-Whitney	U	tests	were	conducted	to	determine	

whether	 there	 were	 statistically	 significant	 differences	 between	 groups	 on	 the	 individual	 dependent	

variables.	 All	 reported	 group	 level	 significance	 tests,	 regression	 coefficients,	 and	 confidence	 intervals	 are	

based	 on	 1000	 bootstrapped	 samples	 (see	 Data	 Analysis).	 Significance	 values	 are	 adjusted	 for	 multiple	

comparisons	(Bonferroni	adjustment).	

	 Matching	 Pennies	 performance.	We	 first	 investigated	 whether	 there	 were	 differences	 between	

groups	on	the	combined	dependent	variables	affecting	Matching	Pennies	performance.	Variables	included	in	

the	 model	 were	 reward	 rate;	 absolute	 spatial	 bias	 (deviation	 from	 50%	 left/right);	 absolute	 colour	 bias	

(deviation	from	50%	red/green);	win-stay,	lose-shift	biases;	choice	entropy;	and	choice-outcome	entropy,	the	
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latter	three	measures	in	both	the	spatial	and	colour	domains.	Though	a	MANOVA	failed	to	reveal	a	statistically	

significant	 difference	 between	 groups	 on	 the	 combined	 dependent	 variables	 affecting	 Matching	 Pennies	

performance,	F	(9,	44)	=	.95,	p	=	.50,	𝜆	=	.84,	𝜂2	=	.16,	follow-up	analyses	revealed	that	the	probability	of	WSLS	

in	 the	 colour	 domain	was	 significantly	 lower	 in	 the	 BPD	 group	 (Fig.	 4.2A,	 red;	Median	 =	 .51,	 SD	 =	 .03)	 as	

compared	to	the	control	group	(Fig.	4.2A,	black;	Median	=	 .55,	SD	=	 .04)	(U	=	499,	𝜂2	=	0.1,	d	=	 .67,	p	=	.02).	

Relatedly,	colour	choice-outcome	entropy	was	trending	toward	being	higher	in	the	BPD	group	(Fig.	4.2B,	red;	

M	=	4.95,	SD	=	.006)	as	compared	to	the	control	group	(Fig.	4.2B,	black;	M	=	4.93,	SD	=	.003),	but	did	not	reach	

statistical	significance	(t	(52)	=	1.74,	95%	CI	 [-.002,	 .03],	p	=	 .09).	No	other	comparisons	were	significantly	

different	between	groups	(Table	4.3).	

	 Response	 times.	 To	 assess	 differences	 in	 variables	 affecting	 response	 times	 between	 the	 two	

participant	 groups,	we	 analyzed	 a)	mean	 reaction	 times	 (ms);	 b)	 coefficient	 of	 variation	 in	 reaction	 times	

(ms);	 c)	 the	 percentage	 of	 non-response	 trials;	 and	 d)	 the	 percentage	 of	 anticipatory	 trials.	 A	 MANOVA	

revealed	a	statistically	significant	difference	between	groups	on	the	combined	dependent	variables	affecting	

response	times,	F	(4,49)	=	4.25,	𝜆	=	.74,	𝜂2	=	.26,	p	=	.005.	Follow	up	tests	revealed	that	coefficient	of	variation	

in	 reaction	 times	 was	 significantly	 higher	 in	 the	 BPD	 group	 (not	 shown;	M	 =	 37.91	 ms,	 SD	 =	 9.27	 ms)	

compared	to	the	control	group	(not	shown;	M	=	32.39	ms,	SD	=	6.25	ms),	(t	(52)	=	2.57,	95%	CI	[1.01,	9.34],	p	

=	.01).	Additionally,	the	percentage	of	anticipatory	trials	was	significantly	higher	in	the	BPD	group	(Fig.	4.2C,	

red;	Median	=	5.86%,	SD	=	3.64%)	as	compared	to	the	control	group	(Fig.	4.2C,	black;	Median	=	2.51%,	SD	=	

2.58%),	(U	=	137.5,	𝜂2	=	.29,	d	=	1.27,	p	<.0001)(Table	4.3).	

4.4.3	 Associations	with	BIS	scores		

Regression	 analyses	 were	 conducted	 to	 evaluate	 the	 relationship	 between	 strategic	 decision-making	

variables	 and	 impulsivity	measures	 for	 both	 groups	 separately,	 and	 for	 psychiatric	 symptoms	 in	 the	 BPD	

group	(psychiatric	scales	were	only	conducted	in	the	BPD	group,	and	not	the	control	group).	Mean	BIS	scores	

for	both	groups	are	found	in	Table	4.1,	and	mean	clinical	scores	for	the	BPD	group	are	found	in	Table	4.2.	All	

reported	beta	coefficients	are	unstandardized.		
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Table	4.3		
Performance	on	Matching	Pennies	Task	
Data	 are	 reported	 as	means	 (SD)	unless	 otherwise	 indicated.	BPD,	borderline	personality	 disorder.	 F,	 female.	 P	 (win),	
probability	of	winning	on	average.	P(WSLS),	probability	of	win-stay,	lose-shift	strategy.	Choice	entropy,	entropy	in	choice	
sequence	in	three	successive	trials	and	the	choice	in	the	next	trial.	Outcome	entropy,	entropy	in	choice	sequence	of	two	
players	 in	 two	successive	 trials	and	 the	subject's	 choice	 in	 the	next	 trial.	Global	 spatial	bias	and	global	colour	bias	are	
calculated	as	the	absolute	deviation	from	50%	right/left	and	red/green,	respectively.	RT,	reaction	time.	ms,	milliseconds.	
CV,	coefficient	of	variation.	P	values	are	bonferroni	adjusted.	𝜓	denotes	Mann-Whitney	U	Test,	in	which	case	medians	are	
reported.	All	other	results	were	based	on	T-Tests.	
	
	 	

BPD	
	

F	control	
	

Difference	between	groups	
Measure	 Mean	(SD)	 Mean	(SD)	 T	(52)	 p	value	 95%	CI	 Cohen’s	D	

Money	Earned	 26.23	(2.76)	 27.47	(1.87)	 -1.93	 0.06	 [-2.55,	-.002]	 0.52	
p	(win)	 .48	(.03)	 .48	(.03)	 -0.09	 0.927	 [-.02,.02]	 0	
Spatial	Domain	 	 	 	 	 	 	
global	spatial	bias	 3.74	(3.5)	 4.24	(2.44)	 -0.61	 0.54	 [-1.98,	1.22]	 0.21	
p	(wsls)	 .56	(.07)	 .57	(.05)	 -0.41	 0.685	 [-.04.	.02]	 0.16	
choice	entropy	 2.94	(.07)	 2.93	(.06)	 0.46	 0.622	 [-.03,	.04]	 0.15	
choice-outcome	
entropy	

4.78	(.13)	 4.81	(.10)	 -0.96	 0.346	 [-.09,	.03]	 0.26	

Colour	Domain	 	 	 	 	 	 	
global	colour	bias	 1.99	(1.70)	 2.26	(1.31)	 -0.67	 0.5	 [-1.04,	.59]	 0.18	
p	(wsls)	 .51	(.03)	 .55	(.04)	 499𝜓	 0.02	 	 0.67	
choice	entropy	 2.99	(.01)	 2.99	(.02)	 1.19	 0.251	 [-.003,	.01]	 0	
choice-outcome	
entropy	
Response	variables	

4.95	(.03)	 4.93	(.04)	 1.74	 0.099	 [-.001,	.03]	 0.57	

%	non-response	 1.42	(1.91)	 .46	(.57)	 30.53	 0.073	 [.34,	1.77]	 	
%	anticipatory	 5.86	(3.64)	 2.58	(2.58)	 137.5𝜓	 <.0001	 	 1.26	
RT	(ms)	 269.12	(33.88)	 275.52	(39.38)	 -0.64	 0.525	 [-26.58,	13.78]	 0.17	
CV	RT	(ms)	 37.91	(9.27)	 32.39	(6.26)	 2.57	 0.013	 [1.38,	9.57]	 0.79	

	

	

Matching	Pennies	performance	is	associated	with	increased	impulsivity	in	BPD.	

BIS	motor	subscale.	The	BIS	motor	(BIS-M)	subscale	is	comprised	of	questions	relating	to	impulsive	

responding	(e.g.,	“I	do	things	without	thinking;”	“I	act	on	impulse/on	the	spur	of	the	moment”)	and	impulsive	

spending	behaviours	(“I	buy	things	on	impulse”,	“I	spend	more	than	I	should”).	Higher	scores	indicate	higher	

levels	of	motor	impulsivity.	Higher	levels	of	motor	impulsivity	were	associated	with	superior	performance	in	

the	 BPD	 group,	 as	 evidenced	 by	 a	 positive	 relationship	 between	 BIS-M	 scores	 and	 reward	 rate	 in	 BPD	

participants	(Fig.	3A,	red;	R	=.62,	R2	=	.39,	𝛽	=	 .006,	95%	CI	[.003,	 .01],	p	=	 .001).	On	the	other	hand,	motor	

impulsivity	had	little	effect	on	reward	rate	in	control	participants	(Fig.	3A,	black;	R=.19,	R2	=	 .04,	𝛽	=	-.002,	
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95%	 CI	 [-.006,	 .002],	 p	 =	 .40),	 and	 importantly,	 the	 regression	 coefficients	 differed	 significantly	 between	

groups	(𝛽	=	.008,	95%	CI	[.003,	.01],	d	=	.92,	p	=	.003).	

	

	

Figure	4.2	Group	differences	in	Matching	Pennies	performance.	A.	The	probability	of	win-stay,	lose-shift	strategies	
in	the	colour	domain.	The	grey	line	at	 .50	represents	chance	level.	B.	Colour	choice-outcome	entropy.	Lower	scores	
indicate	more	predictability	in	choice	patterns.	C.	The	percentage	of	anticipatory	trials.	In	A	&	C,	Mann-Whitney	U	Rank	
Sum	 tests	 are	 reported.	 In	 C,	 independent	 Samples	 T-Test	 results	 are	 reported.	 Statistical	 tests	 are	 based	 on	 1000	
bootstrapped	samples.		
	

BIS	 cognitive	 instability	 subscale.	The	 BIS	 cognitive	 instability	 (BIS-CI)	 subscale	 is	 comprised	 of	

questions	 relating	 to	 stability	 in	 thought	 processes	 (e.g.,	 “My	 thoughts	 are	 racing	 too	 fast;”	 “When	 I	 think	

about	something,	other	thoughts	pop	into	my	mind”),	and	higher	scores	indicate	more	cognitive	instability.		

We	 found	 that	 BIS-CI	 scores	 had	 opposing	 effects	 on	 task	 performance	 in	 the	 two	 groups;	 while	

higher	levels	of	cognitive	instability	were	associated	with	decreased	performance	in	the	control	group,	they	

were	associated	with	superior	performance	in	the	BPD	group.	This	was	evidenced	by	a	positive	relationship	

between	BIS-CI	scores	and	reward	rate	 in	BPD	participants	(Fig.	4.3B,	red;	N=27,	R	=.50,	R2	=	 .25,	 	𝛽	=	 .01,	

95%	CI	[.002,	.02],	p	=	.01),	but	a	negative	relationship	in	control	participants	(Fig.	4.3B,	black;	N=27,	R	=.35,	

R2	 =	 .12,	 𝛽	 =	 -.005,	 95%	 CI	 [-.009,	 -.001],	 p	 =	 .04),	 and	 importantly,	 the	 regression	 coefficients	 differed	

significantly	between	groups	(𝛽	=	.02,	95%	CI	[.005,	.03],	d	=	.92,	p	=	.003).	In	addition,	higher	BIS-CI	scores	

were	associated	with	lower	percentages	of	anticipatory	trials	in	BPD	patients	(Fig.	4.3C,	red;	R	=	.42,	R2	=	.17,	

𝛽=	-.92,	95%	CI	[-1.58,	-.01],	p	=	.03),	but	did	not	affect	the	percentage	of	anticipatory	trials	in	controls	(Fig.	
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3C,	black;	R	 =.10,	 R2	=	 .01,	𝛽=	 .129,	95%	CI	 [-.32,	 .72],	p	 =	 .62),	 and	 the	 regression	 coefficients	were	again	

significantly	different	between	groups	(𝛽=	-1.044,	95%	CI	[-1.94,	-.03],	d	=	.55,	p	=	.03).	

Reward	rate	provides	a	proxy	for	overall	performance,	and	represents	a	culmination	of	choice	biases	

that	were	predicted	by	the	computer	opponent	(lower	reward	rate	is	associated	with	increased	biases).	These	

findings	suggest	that	individuals	with	BPD	who	had	higher	cognitive	instability	and	motor	impulsivity	scores	

in	fact	displayed	less	biases	overall	relative	to	BPD	participants	who	had	lower	scores	in	these	two	domains.	

Additionally,	impulsivity	scores	seem	to	have	opposing	effects	on	performance	in	the	two	groups,	particularly	

the	 BIS-CI	 score:	while	 higher	 scores	 had	 deleterious	 effects	 on	 performance	 in	 the	 control	 group,	 higher	

scores	resulted	in	better	performance	in	the	BPD	group.		

4.4.4	 Matching	Pennies	performance	as	a	function	of	clinical	outcomes	in	BPD	

Difficulties	 in	 emotional	 regulation	 are	 associated	 with	 decreased	 choice	 biases.	 We	

investigated	whether	choice	patterns	changed	as	a	function	of	emotional	dysregulation	in	the	BPD	group.	The	

Difficulties	in	Emotional	Regulation	Scale	(DERS;	Gratz	&	Roemer,	2004)	measures	functioning	across	several	

domains:	nonacceptance	of	emotional	responses	(non-accept;	e.g.,	“When	I	am	upset,	I	become	irritated	with	

myself	for	feeling	that	way),	difficulties	in	engaging	in	goal	directed	behaviour	(goals;	e.g.,	“When	I’m	upset,	I	

have	difficulty	focusing	on	other	things”),	impulse	control	(impulse;	e.g.,	“When	I’m	upset,	I	lose	control	over	

my	behaviours”),	 lack	of	emotional	awareness	(awareness;	e.g.,	 “When	I’m	upset,	 I	do	not	acknowledge	my	

emotions”),	 lack	 of	 emotional	 regulation	 strategies	 (strategies;	 e.g.,	 “When	 I	 am	 upset,	 my	 emotions	 feel	

overwhelming”),	and	lack	of	emotional	clarity	(clarity;	e.g.,	“I	am	confused	about	how	I	feel”).	Higher	scores	

indicate	greater	emotional	dysregulation.		

We	found	that	several	DERS	measures	-	specifically,	goals,	impulsivity,	and	clarity	-	were	associated	

with	decreased	 choice	 biases	 in	 the	BPD	 group.	 In	 the	 colour	 domain,	 absolute	 colour	 bias	was	 negatively	

associated	with	DERS	goals	(Fig.4.	4A;	N=26,	R=.38,	R2	=	.14,	𝛽	=	-.16,	95%	CI	[-.27,	-.03],	p	=	.04)	and	DERS	

impulse	scores	(Fig.	4.4B;	N=26,	R=.58,	R2	=	.34,	𝛽	=	-.16,	95%	CI	[-.27,	-.05],	p	=	.02).	Relatedly,	colour	choice	

entropy	was	positively	associated	with	DERS	 impulse	 (Fig.	4.4C,	N=26,	R	=	 .53,	R2	=	 .28,	𝛽	=	 .001	 ,	95%	CI	

[0.0001,	 .002],	p	 =	 .06).	 In	 the	 spatial	 domain,	 spatial	 choice	 entropy	was	positively	 associated	with	DERS	

goals	(Fig.	4.4D,	N	=	26,	R	=	.60,	R2	=	.36,	𝛽	=	.01,	95%	CI	[.002,	.02],	p	=	.05),	and	DERS	clarity	scores	(Fig.	4.4E,	
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N=26,	R	=	.41,	R2	=	.17,	𝛽	=	.007,	95%	CI	[.002,	.01],	p	=	.04).	These	findings	indicate	decreased	choice	biases	in	

both	the	spatial	and	colour	domain	with	increased	DERS	scores.		

	

	

Figure	4.3	Associations	with	BIS	scores	and	Matching	Pennies	performance.	A.	Reward	rate	as	a	 function	of	BIS	
motor	scores.	Higher	BIS	motor	scores	are	associated	with	increased	reward	rate	in	BPD	patients.	B.	Reward	rate	as	a	
function	 of	 BIS	 cognitive	 instability	 scores.	 Higher	 BIS	 cognitive	 instability	 scores	 are	 associated	 with	 increased	
reward	rate	in	BPD	patients,	but	decreased	reward	rate	in	control	participants.	C.	Anticipatory	trials	as	a	function	of	
BIS	 cognitive	 instability	 scores.	 Higher	BIS	 cognitive	 instability	 scores	 are	 associated	with	 decreases	 in	 anticipatory	
trials	 in	BPD.	BIS,	Barratt	 Impulsiveness	Scale,	CI,	cognitive	 instability,	M,	motor.	All	statistical	 tests	are	based	on	1000	
bootstrapped	samples.		
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Thus,	 individuals	 with	 BPD	 who	 had	 greater	 emotional	 dysregulation	 chose	 more	 unpredictably	

during	Matching	Pennies.	This	 finding	could	reflect	a	deficit	 in	evaluating	 the	emotional	content	associated	

with	choices,	which,	like	impulsive	responding,	could	serve	as	an	adaptive	function	in	a	context	where	greater	

levels	of	unpredictability	are	advantageous.		

Borderline	 symptomology	 is	 associated	 with	 increased	 choice	 biases.	 We	 examined	 the	

relationship	 between	 Matching	 Pennies	 performance	 and	 overall	 symptomology	 as	 assessed	 by	 the	

Borderline	Symptoms	List	((BSL);	Bohus	et	al.,	2007).	The	BSL	is	a	self-report	measure	of	BPD	symptomology	

across	 a	 number	 of	 domains,	 including	 emotional	 regulation,	 mood,	 and	 suicidality,	 with	 higher	 scores	

indicating	increased	BPD	symptoms.		

We	 found	 a	 positive	 association	 between	 the	 probability	 of	 win-stay,	 lose-shift	 strategies	 in	 the	

colour	domain	and	the	BSL	(Fig.	4.5A,	N	=	25,	R	=	 .52,	R2	=	 .27,	𝛽	=	 .0005,	95%	CI	[0.0002,	 .001],	p	=	 .007),	

indicating	that	individuals	with	more	BPD	symptomology	displayed	increased	reinforcement	learning	biases	

in	their	choice	patterns	relative	to	those	on	the	lower	end	of	the	spectrum.		

Suicidality	 is	 associated	 with	 increased	 choice	 biases.	 To	 understand	 functional	 outcomes	

specific	 to	 suicidality	 in	 BPD,	 we	 examined	 Matching	 Pennies	 performance	 as	 a	 function	 of	 the	 Suicide	

Behaviour	 Questionnaire-Revised	 (SBQ-R);	 Osman	 et	 al.,	 1999)).	 The	 SBQ-R	 assesses	 dimensions	 of	

suicidality	with	regard	to	lifetime	risk	and	frequency	of	suicidal	ideation,	threat	of	suicide,	and	likelihood	of	

future	suicidal	behaviour.		

We	 found	 a	 positive	 association	 between	 the	 probability	 of	 win-stay,	 lose-shift	 strategies	 in	 the	

colour	domain	and	the	SBQ-R	score	(Fig.	4.5B,	N=22,	R	=	.51,	R2	=	.26,	𝛽	=	.004,	95%	CI	[.002,	.01],	p	=		.005).	

One	 BPD	 participant	 scored	 -3	 SD	 from	 the	 mean	 on	 the	 SBQ	 scale;	 removing	 this	 participant	 from	 the	

analysis	still	resulted	in	a	significant	association	(N	=	21,	R	=	 .45,	R2	=.20,	𝛽	=	 .004,	95%	CI	[.001,	 .008],	p	=	

.03),	suggesting	that	those	individuals	at	greater	risk	for	suicide	displayed	increased	reinforcement	learning	

biases	in	their	choice	patterns	relative	to	those	who	were	less	at	risk.		

In	addition,	higher	SBQ-R	scores	were	associated	with	slower	response	 times	(Fig.	4.5C,	N=22,	R	=	

.41,	R2	=	 .17,	𝛽	=	4.62,	95%	CI	[1.31,	10.38],	p	=	 .03).	This	was	the	case	even	after	removing	the	participant	

who	scored	-3	SD	from	the	mean	on	the	SBQ	scale	(N	=	21,	R	=	.42,	R2	=	.18,	𝛽	=	6.35,	95%	CI	[.60,	12.67],	p	=	

.04).		
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Figure	4.3	Associations	between	DERS	scale	and	Matching	Pennies	performance.	A.	Colour	bias	as	a	 function	of		
DERS	goals	and	B.	DERS	 impulse	 	C.	Colour	entropy	as	a	 function	of	DERS	goals.	D.	Spatial	 choice	entropy	as	a	
function	 of	 DERS	 goals.	 E.	 Spatial	 choice	 entropy	 as	 a	 function	 of	 DERS	 clarity.	 In	 A-E,	 higher	 DERS	 scores	 are	
associated	with	decreases	in	choice	biases.	DERS,	difficulties	in	emotional	regulation	scale.	All	statistical	tests	are	based	
on	1000	bootstrapped	samples.	Grey	dashed	lines	represent	the	control	group	mean	for	each	behavioural	variable,	and	
are	for	illustration	only.			

4.5	 Discussion	

To	 date,	 the	 vast	 majority	 of	 studies	 have	 explored	 maladaptive	 processes	 in	 BPD	 in	 the	 context	 of	

cooperative	 interactions;	 here,	 we	 used	 a	 mixed-strategy	 game	 that	 approximated	 the	 dynamic	 nature	 of	

competitive	 interactions	 to	 investigate	 social	 cognition	 in	 adolescents	 showing	 the	 first	 signs	 of	 BPD.	 We	

probed	the	interaction	between	mixed-strategy	decision-making	and	clinical	measures	of	functioning	in	BPD,	

including	 impulsivity,	 emotional	 dysregulation,	 suicidality,	 and	 borderline	 symptomology.	 Mixed-strategy	

decision-making	recruits	 fronto-limbic	neural	circuits	 (Parr	et	al.,	 in	preparation,	Paulus	et	al.,	2005;	Seo	&	

Lee,	 2009;	 Vickery	 et	 al.,	 2011),	 which	 overlap	 with	 a	 set	 of	 regions	 thought	 to	 be	 dysfunctional	 in	 BPD	

(Tebartz	van	Elst	et	al.,	2003).	Based	on	the	core	clinical	features	of	BPD,	and	the	overlap	in	affected	circuitry,	
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we	hypothesized	that	 individuals	with	BPD	would	show	changes	 in	mixed-strategy	performance	relative	to	

control	 participants,	 and	 that	 the	 level	 of	 dysfunction	would	 vary	 as	 a	 function	 of	 clinical	 characteristics.	

Overall,	our	results	suggest	that	adolescents	with	BPD	with	higher	levels	of	impulsivity	and	greater	emotional	

dysregulation	tend	to	show	superior	performance	in	mixed-strategy	decision-making,	which	could	be	related	

to	decreased	modulation	of	choice	strategies	by	reinforcement	and	affective	signals,	respectively.		

	

	

Figure	 4.4	Associations	 between	Matching	 Pennies	 performance	 and	 BSL	 and	 SBQ-R	 scores.	 Win-stay,	 lose-shift	
strategies	 in	 the	 colour	 domain	 as	 a	 function	 of	A.	BSL	 scores	 and	B.	 SBQ-R	 scores.	 Higher	BPD	 symptomology	 and	
suicidality	are	associated	with	increased	choice	biases.	C.	Reaction	times	as	a	function	of	SBQ-R	scores.	Higher	SBQ-R	
scores	 are	 associated	 with	 increased	 reaction	 times.	 BSL,	 Borderline	 Symptom	 List,	 SBQ-R,	 Suicide	 Behaviour	
Questionnaire	 (Revised).	All	 statistical	 tests	are	based	on	1000	bootstrapped	samples.	Grey	dashed	 lines	represent	 the	
control	group	mean	for	behavioural	variables	and	are	for	illustration	only.		

	

Impulsivity	 is	 a	 tendency	 to	 react	 to	 external	 stimuli,	 often	 quickly,	 without	 fully	 considering	 its	

consequences.	During	mixed-strategy	games	wherein	biases	are	exploited	by	a	worthy	opponent,	impulsivity	

could	in	fact	be	adaptive	in	the	sense	that	it	allows	participants	to	produce	unpredictable	choice	sequences.	

We	observed	opposing	effects	of	self-report	 impulsivity	measures	 in	Matching	Pennies	performance	across	

groups.	 While	 higher	 levels	 of	 impulsivity,	 particularly	 cognitive	 instability	 and	 motor	 impulsivity,	 were	

associated	with	decreased	performance	or	no	change	(reward	rate)	in	the	control	participants	(Figure	4.1B),	

the	 same	measures	were	 in	 fact	associated	with	 increased	performance	 in	 the	BPD	group	 (Figure	4.1B).	 In	

particular,	two	impulsivity	subscales	showed	this	dissociative	effect:	1)	BIS-CI	scores,	which	reflect	instability	

in	 thought	 processes	 (see	 Results	 section	 for	 more	 detail);	 and	 2)	 BIS-Motor	 scores,	 which	 are	 reflect	

impulsive	responding	in	the	motor	domain,	in	addition	to	impulsive	spending	behaviours	(see	Results	section	

for	more	detail).	Because	our	computer	opponent	exploited	choice	biases	of	all	forms	(e.g.,	global	preferences	
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for	 one	 action	 over	 another,	 in	 addition	 to	 serial	 dependence	 in	 choice	 patterns),	 reward	 rate	 served	 as	 a	

proxy	for	overall	performance.	Thus	the	increased	reward	rate	in	impulsive	individuals	reflected	a	decrease	in	

choice	biases.		

We	 propose	 that	 the	 same	 impulsive	 responding	 and	 deficits	 in	 valuation	 in	BPD	 (two	prominent	

hallmarks)	 (Cackowski	 et	 al.,	 2014;	 Gorlyn	 et	 al.,	 2013;	 LeGris	 et	 al.,	 2012;	 Schuermann	 et	 al.,	 2011)	may	

actually	 have	 an	 adaptive	 function	 during	 Matching	 Pennies,	 despite	 creating	 dysfunction	 across	 other	

domains	 (Paret	 et	 al.,	 2017).	 Impulsive	behaviours	 in	BPD	have	been	 attributed	 to	dysfunction	of	 the	OFC	

(Berlin	et	al.,	2005;	De	La	Fuente	et	al.,	1997;	Goyer	et	al.,	1994;	Lyoo	et	al.,	1998;	Silbersweig	et	al.,	2007;	

Soloff	 et	 al.,	 2000;	 Tebartz	 van	 Elst	 et	 al.,	 2003).	 During	mixed-strategy	 games,	 the	 OFC	 is	 thought	 to	 be	

involved	in	calculating	expected	reward	and	economic	value	and	guiding	behaviour	based	on	reinforcement	

information	(Abe	&	Lee,	2011;	Abe	et	al.,	2011;	O’Doherty	et	al.,	2001;	Sul	et	al.,	2010).	Thus,	with	functional	

deficits	 in	 this	 region,	 BPD	 participants	 with	 higher	 levels	 of	 impulsivity	 may	 be	 better	 able	 to	 choose	

unpredictably:	either	by	a	lack	of	encoding	or	integrating	reinforcement	signals	into	choice	patterns,	or	by	an	

enhanced	ability	 to	suppress	 these	reinforcement	biases.	Our	study	 is	not	designed	 to	distinguish	between	

these	two	possibilities,	thus	future	work	should	seek	to	understand	the	level	at	which	reinforcement	deficits	

manifest	in	BPD.	

We	 show	 that	 higher	 levels	 of	 emotional	 dysregulation	 in	 BPD	 (as	measured	 by	 the	 DERS)	 were	

associated	with	decreases	in	several	choice	biases	during	Matching	Pennies	(Fig.	4.4).	Decision-making	in	the	

context	of	social	interactions	involves	evaluating	decisions	on	the	basis	of	affective	processes	(Bar-On	et	al.,	

2003;	Paulus	et	al.,	2005;	Sanfey	et	al.,	2003).	Specifically,	the	insular	cortex	has	been	implicated	in	outcome	

evaluation	and	emotional	 regulation,	 and	 linking	action	 to	outcome	during	 repeated	mixed-strategy	games	

(Paulus	et	al.,	2005).	Diminished	insular	responses	have	been	observed	in	BPD	in	response	to	negative	stimuli	

(Koenigsberg	et	al.,	2009)	and	in	response	to	social	norm	violations	during	a	cooperative	game	theoretic	task	

(the	trust	game;	King-Casas	et	al.,	2008).	Although	little	is	known	about	how	DERS	scores	scale	with	insular	

responses	 in	 BPD,	 it	 is	 possible	 that	 during	Matching	 Pennies,	 emotional	 dysregulation	 symptoms	may	 be	

associated	with	diminished	 insular	responses	to	the	affective	consequences	of	actions	(Paulus	et	al.,	2005).	

Like	 impulsivity,	 less	 evaluation	 of	 the	 emotional	 consequences	 during	 Matching	 Pennies	 could	 facilitate	

more	unpredictability	in	choice	patterns.		
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Adolescents	with	BPD	had	a	greater	propensity	for	anticipatory	trials	(Fig.	4.2C),	which	is	not	simply	

attributable	 to	 higher	 levels	 of	 impulsivity,	 as	 we	 found	 that	 the	 percentage	 of	 anticipatory	 trials	 in	 fact	

decreased	 with	 higher	 BIS-CI	 scores	 in	 BPD	 (Fig.	 4.3C).	 The	 increase	 in	 anticipatory	 trials	 have	 been	

documented	in	BPD	during	a	stop-signal	delay	task	(Coffey	et	al.,	2011),	and	during	the	pro-	and	anti-saccade	

task	(Calancie	et	al.,	in	preparation),	and	could	be	related	to	a	deficit	in	behavioural	response	inhibition.			

The	sole	group	difference	in	Matching	Pennies	performance	was	that	the	BPD	group	showed	less	win-

stay,	 lose-shift	 biases	 in	 the	 colour	 domain	 as	 compared	 to	 control	 participants	 (Fig.	 4.2A).	 Related	 to	

impulsivity	 and	 decision-making,	 this	 could	 be	 a	 result	 of	 aberrant	 reinforcement	 learning	 and	 feedback	

processing	 in	 BPD	 (Paret	 et	 al.,	 2016;	 Schuermann	 et	 al.,	 2011),	which	 again,	may	 actually	 promote	more	

advantageous	 decision-making	 strategies	 during	 our	 particular	 task.	 Counterintuitively,	 we	 found	 that	

increases	 in	 these	same	biases	were	associated	with	higher	borderline	symptomology	(as	measured	by	the	

BSL;	 Fig.	 4.5A),	 and	 higher	 suicidality	 (as	 measured	 by	 the	 SBQ-R;	 Fig.	 4.5B),	 suggesting	 that	 individuals	

showing	the	earliest	symptoms	of	BPD	showed	decreased	reliance	on	the	win-stay,	lose-shift	strategy,	while	

individuals	 with	 more	 severe	 symptomology	 show	 increased	 reliance	 on	 this	 strategy.	 Importantly,	 this	

finding	was	not	due	to	the	age	of	participants	(e.g.,	BPD	symptomology	increasing	with	age),	as	age	did	not	

have	 an	 effect	 on	 win-stay,	 lose-shift	 biases.	 More	 work	 is	 needed	 to	 address	 the	 source	 the	 association	

between	BPD	symptomology	and	reinforcement	learning	biases	in	the	context	of	this	task,	and	the	conflicting	

results	with	 the	 seemingly	 beneficial	 effects	 of	 impulsivity	 and	 emotional	 dysregulation	on	mixed-strategy	

performance.	 The	 task	 used	 in	 this	 experiment	 is	 a	 multidimensional	 task,	 which	 can	 be	 approached	 in	

several	 ways	 (e.g.,	 relying	 on	 colour	 based	 strategies	 versus	 spatial	 biased	 strategies,	 relying	 on	

environmental	feedback	(reinforcement)	versus	choosing	randomly),	thus	while	some	symptom	dimensions	

may	be	adaptive,	others	may	be	maladaptive.	BPD	is	a	complex	disorder	with	multiple	symptom	dimensions,	

and	 the	 rating	 scales	 used	 in	 this	 experiment	 could	 tap	 into	 different	 dimensions.	 The	 DERS	 specifically	

measures	 emotional	 dysregulation	 but	 does	 not	 assess	 suicidality,	 and	 the	 associations	 we	 found	 were	

specific	to	the	goal	directed	behaviour,	emotional	clarity,	and	impulse	control	domains	(see	Results	section	

for	examples),	the	latter	of	which	could	be	overlapping	with	constructs	measured	using	the	BIS.	On	the	other	

hand,	the	BSL	casts	a	broader	net	–	looking	at	symptom	severity	with	regard	to	emotional	regulation,	mood,	

and	suicidal	ideation,	and	is	therefore	highly	related	to	the	SBQ-R.	The	focus	on	suicidality	makes	the	BSL	and	
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SBQ-R	distinct	from	the	other	scales	used	in	this	experiment,	thus	suicidality	could	be	particularly	related	to	

the	increase	in	win-stay,	lose-shift	biases	relative	to	those	at	a	lower	risk.		

Research	 supports	 that	 individuals	 with	 higher	 clinical	 indices	 of	 impulsivity	 and	 affective	

dysregulation,	compared	to	the	BPD	clinical	group	average,	experience	high	therapy-burnout,	are	more	likely	

to	utilize	high-cost	 centres	 (i.e.,	ER,	 inpatient	hospitalization)	 to	manage	symptoms,	and	are	more	 likely	 to	

commit	 suicide	 (Black	 et	 al.,	 2004;	 Lieb	 et	 al.,	 2004;	 Yeomans	 et	 al.,	 1994).	 Despite	 this,	 these	 individuals	

access	the	same	therapy	regime	as	other	BPD	patients	(DBT	and	interpersonal	therapy).	Our	findings	suggest	

that	 BPD	 adolescents	 with	 high	 impulsivity	 and	 affective	 dysregulation	 show	 increased	 performance	 in	 a	

mixed-strategy	paradigm,	which	could	reflect	an	increased	propensity	towards	random	choice	patterns	(e.g.,	

less	 influence	 of	 reinforcement).	 Perhaps	 unique	 therapeutic	 interventions	 that	 shift	 this	 decision-making	

strategy	 toward	 the	 normal	 curve	 may	 correspondingly	 benefit	 patient	 outcomes	 for	 this	 select	 clinical	

cohort.	Given	that	we	studied	adolescents	with	early	signs	of	BPD,	an	important	area	for	future	work	would	

be	 to	 explore	 how	 high	 levels	 of	 impulsivity	 and	 emotional	 dysregulation	 in	 adolescence	 corresponds	 to	

patient	outcomes	in	adulthood.				

Conclusions	and	next	steps.	Economic	exchange	games	are	gaining	significant	traction	in	

understanding	deficits	in	interpersonal	functioning	across	a	number	of	psychiatric	conditions	(Jeung	et	al.,	

2016;	King-Casas	&	Chiu,	2012).	Game	theoretical	studies	in	BPD	have	found	that	behaviours	during	social	

interactions	appear	to	be	less	modulated	by	social	signals,	which	allows	for	greater	“rationality”	in	choice	

(Jeung	et	al.,	2016).	While	the	interpersonal	deficits	associated	with	BPD	create	conflict	across	a	number	of	

domains,	their	faciliatory	effect	on	behaving	in	a	self-interested	manner	in	social	and	economic	interactions	

has	been	proposed	to	“approximate	the	ideal	of	homo	economicus”	–	the	ultimate	rational	decision-maker	

(Jeung	et	al.,	2016).	In	line	with	this	hypothesis,	we	found	that	increased	emotional	dysregulation	and	

increased	impulsivity	in	BPD	may	in	fact	facilitate	superior	performance	in	competitive	contexts,	which	could	

be	related	to	suppressing	(or	not	incorporating)	signals	related	to	outcome	evaluation.		

In	sum,	our	results	provide	a	novel	account	of	how	BPD	pathology	in	its	early	stages	affects	strategic	

decision-making,	 and	 for	 the	 first	 time,	 how	 individual	 variability	 in	 impulsivity	 affects	Matching	 Pennies	

performance.	Given	that	this	study	was	cross-sectional,	an	important	direction	for	future	work	is	to	use	game	
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theoretic	tasks	in	a	longitudinal	design	that	explores	the	relationship	between	BPD	traits	in	adolescents	and	

functional	outcomes	through	to	adulthood.		
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Chapter	5 	

General	Discussion	

This	 dissertation	 combined	 neuroimaging,	 genetic,	 and	 behavioural	 analyses	 to	 examine	 the	 neural	 and	

neurochemical	 processes	 contributing	 to	 mixed-strategy	 interactions,	 and	 how	 individual	 differences	 and	

neuropathology	contribute	 to	distinct	 choice	patterns	 in	 strategic	environments.	My	results	explored	 these	

questions	 by	 delineating	 the	 core	 nodes	 within	 the	 neural	 circuitry	 responsible	 for	 choosing	 in	 strategic	

environments	 in	 healthy	 individuals	 (Chapter	 2),	 investigating	 the	 role	 of	 dopaminergic	 processes	 and	

genetically	 determined	 baseline	 dopamine	 levels	 in	 strategic	 interactions	 (Chapter	 3),	 and	 examining	

strategic	choice	patterns	in	individuals	with	high	levels	of	impulsivity	and	emotional	dysregulation	(Chapter	

4).	 In	 the	 following	 sections,	 I	 discuss	 the	 key	 contributions	 of	 each	 study	 from	 both	 a	 neuroeconomic	

perspective	and	a	clinical	perspective.	I	conclude	with	a	discussion	of	the	open	questions	and	exciting	future	

directions	implicated	by	these	studies.			

5.1	 Contributions	to	the	Field	of	Neuroeconomics	

Decision-making	 in	 social	 contexts	 is	 a	 complex	 process	 that	 engages	 a	 diverse	 range	 of	 neural	

mechanisms	to	optimally	select	an	option	(Paulus,	2007).		In	particular,	the	engagement	of	cognitive,	limbic,	

and	affective	systems	support	outcome	evaluation	and	action	selection	during	reinforcement	guided	decision-

making	(Christakou	et	al.,	2009;	Paulus,	2007;	Sanfey,	2007).	Together,	these	studies	allowed	me	to	tease	out	

the	 cognitive	 mechanisms	 related	 to	 mixed-strategy	 decision-making	 (Chapter	 2),	 and	 to	 investigate	 how	

perturbations	 to	 limbic	 processes	 (Chapter	 3	 &	 Chapter	 4)	 and	 affective	 processes	 (Chapter	 4)	 result	 in	

unique	patterns	of	dysfunction	in	mixed-strategy	decision-making.		
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5.1.1	 Understanding	the	governing	neural	circuitry	

For	relatively	simple	types	of	decision-making,	the	mapping	between	action	and	outcome	are	fully	known	(as	

during	our	control	task	in	Chapters	2	and	3)	(Lee	et	al.,	2012).	The	relationship	between	action	and	outcome	

is	often	ambiguous,	however,	and	value	representations	may	change	dynamically	(Lee,	et	al.,	2012).	The	latter	

situation	 is	 well-captured	 using	 mixed-strategy	 tasks,	 which	 represent	 an	 ecologically-valid	 paradigm	 to	

probe	 behaviourally	 relevant	 processes	 that	 approximate	 real-world	 interactions.	 I	 propose	 that	 the	

additional	 engagement	 of	 cortical	 and	 subcortical	 structures	 reported	 in	 Chapter	 2	 reflects	 the	 additional	

cognitive	 mechanisms	 required	 to	 ascertain	 the	 optimal	 course	 of	 action	 in	 such	 dynamic,	 competitive	

contexts.	 In	 this	 research,	 I	 expanded	 upon	 a	 large	 body	 of	 work	 investigating	 value	 representations	 and	

choice	 strategies	 during	 mixed-strategy	 game	 play	 in	 non-human	 primates	 (Abe	 et	 al.,	 2011;	 Dorris	 &	

Glimcher,	2004;	Lee	et	al.,	2004;	Mikulic	&	Dorris,	2008;	see	Dorris	&	Lee,	2013	for	a	review),	in	addition	to	

event	related	MRI	studies	investigating	the	key	role	of	individual	nodes	within	the	strategic	brain	network	in	

human	participants	(Hampton	et	al.,	2008;	Paulus	et	al.,	2005;	Vickery	&	Jiang,	2009).	Significantly,	this	work	

demonstrates	 that	 similar	 regions	 involved	 in	 non-human	 primates	 are	 also	 involved	 in	 mixed-strategy	

interactions	in	humans.		

One	of	the	principle	strengths	of	this	study	was	the	utilization	of	a	very	well-designed	control	task,	

and	the	correspondence	in	behavioural	outcomes	between	tasks	that	confirmed	the	capture	of	the	cognitive	

processes	underlying	strategic	interactions.	Although	the	use	of	a	block	design	allowed	us	to	capture	the	fast-

paced	 nature	 of	 mixed-strategy	 interactions,	 it	 was	 limited	 in	 terms	 of	 mechanistic	 insight,	 prohibiting	

questions	 related	 to	 the	 contributions	 of	 individual	 brain	 regions	 within	 the	 network	 to	 mixed	 strategy	

decisions	(e.g.,	which	computations	may	be	reflected	in	particular	brain	regions),	as	other	studies	have	been	

designed	to	do	(Hampton	et	al.,	2008;	Paulus	et	al.,	2005;	Vickery	&	Jiang,	2009).	Opportunities	to	correlate	

changes	in	brain	activity	with	changes	in	behaviours	on	a	trial-by-trial	basis	were	also	limited,	restricting	our	

understanding	of	how	individual	differences	in	brain	activity	correlate	with	individual	differences	in	choice	

strategies	(e.g.,	model-free	versus	model-based	strategy).	Despite	these	shortcomings,	this	work	adds	to	the	

growing	body	of	work	that	established	the	role	of	individual	brain	regions	in	representing	the	computations	

necessary	for	mixed-strategy	interactions	(see	Sanfey	&	Dorris,	2008	for	a	review)	by	describing	the	broader	

brain	network	and	functional	connectivity	between	activated	regions	within	the	network,	and	exploring	how	
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this	 differed	 from	 the	 network	 recruited	 during	 non-strategic	 forms	 of	 decision-making	 (Chapter	 2).	

Characterizing	 where	 and	 how	 the	 brain	 implements	 signals	 and	 computations	 necessary	 for	 adaptive	

decision-making	 is	 a	 critical	 first	 step	 to	 merging	 theoretical	 models	 of	 maladaptive	 decision-making	

processes	with	clinical	models	of	disease	prevention,	diagnosis,	and	treatment	(Diehl	et	al.,	2018;	Laurent	et	

al.,	2016).		

Interactions	 among	 nodes	 in	 the	 strategic	 brain	 network,	 and	 how	 network	 dynamics	 support	

individual	 differences	 in	 choice	 strategies	 during	 mixed-strategy	 games,	 have	 not	 been	 directly	 tested.	

Chapter	2	 represents	a	 first	 step	 toward	characterizing	connectivity	patterns	among	nodes	 in	 the	strategic	

brain	network;	an	ongoing	extension	of	this	project	is	to	investigate	network	dynamics	among	regions,	and	

how	 this	 correlates	with	 individual	 differences	 in	mixed-strategy	 performance	 (in	 progress).	 Dynamics	 in	

neural	 activity	 across	 short-	 and	 long-temporal	 and	 spatial	 scales	 have	 been	 shown	 to	 support	 human	

learning	and	decision-making	across	a	number	of	different	paradigms	(Bassett	et	al.,	2011).	Flexible	decision-

making	and	learning	strategies	have	been	shown	to	arise	from	cortical	modularity	(Bassett	et	al.,	2011),	and	

analysis	methods	have	been	developed	to	assess	modular	structure,	organization,	and	network	flexibility,	and	

how	this	changes	over	time	to	support	learning	and	adaptation	of	decision-making	strategies	(Bassett	et	al.,	

2011).	 Such	 methods	 are	 currently	 being	 applied	 to	 the	 data	 in	 Chapter	 2	 in	 a	 collaborative	 effort	 to	

understand	 how	 community	 affiliation,	 flexibility	 among	 nodes,	 and	 modular	 structure	 supports	 mixed-

strategy	 decision-making,	 and	 whether	 such	 factors	 can	 predict	 individual	 differences	 in	 decision-making	

strategies.	 I	 predict	 that	 greater	 network	 flexibility	 will	 facilitate	 better	 mixed-strategy	 decision-making	

performance,	 indexed	 by	 fewer	 predictabilities	 in	 choice	 patterns.	 This	 future	 work	 may	 provide	 novel	

insights	 into	 how	 brain	 regions	within	 the	 network	 identified	 in	 Chapter	 2	 functionally	 interact	with	 one	

another	to	support	adaptive	decision-making.	The	field	of	MRI	has	evolved	from	understanding	how	activity	

within	 brain	 regions	 changes	 as	 a	 function	 of	 task	 demands,	 disease	 pathology,	 and	 developmental	

trajectories	 toward	 understanding	 how	 changes	 in	 functional	 and	 structural	 connectivity	 underscore	

different	 task	 demands,	 as	well	 as	 pathological	 (e.g.,	 in	 PD)	 (Yau	 et	 al.,	 2017)	 and	 developmental	 changes	

(Durston	et	al.,	2006,	Fair	et	al.,	2009;	Hwang	et	al.,	2010;	Jalbrzikowski	et	al.,	2017).		
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5.1.2	 Understanding	the	role	of	dopamine	

The	 results	 gleaned	 from	 Chapter	 2	 set	 the	 foundation	 and	 drove	 hypotheses	 for	 Chapter	 3,	 where	 I	

considered	how	perturbations	to	the	dopamine	system	affect	mixed-strategy	decision-making.	Specifically,	I	

explored	how	dopaminergic	processes	differentially	affected	high-level	strategic	decision-making	and	motor	

control	 processes.	 Establishing	 the	 differential	 recruitment	 of	 brain	 regions	 in	 each	 paradigm	 provided	

testable	hypotheses	for	how	PD	pathology	affected	the	two	different	forms	of	decision-making.	Choosing	PD	

as	 the	 patient	 group	 provided	 a	 form	 of	 knock-out	 model	 for	 dopaminergic	 processes,	 allowing	 for	 the	

assessment	of	the	critical	role	of	dopamine	in	mixed-strategy	decision-making.	The	experimental	design	and	

tight	correspondence	between	the	control	task	and	the	strategic	task	allowed	me	to	determine	how	depletion	

of	 the	 dopamine	 system	 affects	 cognitive	 processes,	 above	 and	 beyond	 the	 execution	 motor	 responses.	

Additionally,	by	combining	analyses	of	genes	involved	in	dopaminergic	transmission,	I	was	able	to	investigate	

how	relative	dopaminergic	levels	in	the	brain	contribute	to	individual	differences	in	choice	strategies.	While	a	

large	body	of	work	(Chowdhury	et	al.,	2013;	Kasanova	et	al.,	2017;	Schönberg	et	al.,	2007;	Schonberg	et	al.,	

2010)	has	tested	the	role	of	dopamine	in	reinforcement	learning	and	reward	prediction	error	signalling	more	

generally,	to	my	awareness,	this	is	the	first	time	that	the	role	of	dopamine	in	mixed-strategy	interactions	has	

been	tested	in	human	participants.		

My	 research	 demonstrated	 that	 variation	 in	 key	 dopaminergic	 genes	 modulate	 strategic	 action	

selection	in	individuals	with	depletion	of	the	dopaminergic	system.	Importantly,	variation	in	the	same	genes	

did	not	influence	choosing	in	non-strategic	contexts,	demonstrating	a	unique	role	for	dopamine	genes	in	the	

cognitive	 processes	underlying	 strategic	 action	 selection.	Expanding	upon	 the	body	of	 research	 implicating	

COMT	 in	 cognitive	 changes	 in	 PD	 (e.g.,	 Foltynie	 et	 al.,	 2004;	Williams-Gray	 et	 al.,	 2008),	 I	 demonstrated	 a	

critical	role	for	COMT	in	optimizing	strategies	during	mixed-strategy	tasks.	In	addition,	I	demonstrated	that	

low-dopamine	levels	(in	PD	patients	off	medication	+	low-relative	dopamine	signalling)	lead	to	inflexibility	in	

choice	patterns	 (e.g.,	 higher	 levels	of	predictability).	 Further	 support	 for	 the	 role	of	dopamine	 in	 cognitive	

flexibility	 came	 from	 the	 finding	 that	 individuals	 with	 more	 severe	 levels	 of	 PD	 pathology	 (e.g.,	 more	

dopamine	loss)	showed	greater	perseveration	in	choice	patterns	relative	to	those	with	less	pathology.	Though	

preliminary,	these	results	suggest	an	integral	role	for	dopaminergic	processes	in	flexibly	adapting	decision-

making	strategies	on	a	trial-by-trial	basis	during	Matching	Pennies.			
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3.1.3	 Understanding	the	role	of	impulsivity	and	affective	processes	

Having	explored	the	role	of	dopamine	in	mixed-strategy	decisions,	I	next	asked	how	perturbations	to	neural	

systems	 required	 for	 outcome	 evaluation	 affect	mixed-strategy	 decision-making	 by	 examining	 adolescents	

with	 borderline	 personality	 disorder	 (BPD),	 which	 is	 characterized	 by	 high	 levels	 of	 impulsivity	 and	

emotional	dysregulation	(Chapter	4).	Feedback	processing	during	mixed-strategy	games	requires	integrating	

both	reinforcement	and	affective	information;	outcomes	(reward	or	punishment)	can	drive	different	affective	

responses	depending	on	whether	the	outcome	is	perceived	as	a	gain	or	a	loss	relative	to	a	certain	reference	

point	 (Crespi,	 1942;	 Flatherty,	 1982;	 Kahneman	 &	 Tversky,	 1979;	 Seo	 	 &	 Lee,	 2007;	 Tinklepaugh,	 1928).	

Impulsivity	can	be	conceptualized	as	a	tendency	to	weigh	immediate	outcomes	strongly	and	rapidly	discount	

the	value	of	delayed	results	(Dagher	&	Robbins,	2009;	Hamilton	et	al.,	2015;	Seo	&	Lee,	2007;	Zhang	et	al.,	

2017),	which	has	been	well	 recognized	 in	BPD	 (Barker	 et	 al.,	 2015;	Berlin	 et	 al.,	 2005;	Bornovalova	 et	 al.,	

2005;	Dougherty	et	al.,	1999;	Lawrence	et	al.,	2010).	The	rate	of	discounting	may	vary	depending	on	the	state	

of	 the	 decision-maker	 and	 their	 environment,	 involving	 emotional	 and	motivational	 processes	 (Seo	&	 Lee,	

2007).	 Studying	 individuals	 with	 BPD	 provided	 valuable	 insight	 into	 how	 feedback	 processing	 and	 its	

temporal	properties,	and	the	affective	impact	of	feedback	processing,	affects	mixed-strategy	decision-making.	

I	 demonstrate	 that	 high	 levels	 of	 impulsivity	 and	 emotional	 dysregulation	 may	 facilitate	 higher	 levels	 of	

unpredictability	 in	mixed-strategy	 contexts,	 suggesting	 that	diminished	 signalling	 related	 to	emotional	 and	

temporal	 context	 of	 outcomes	 may	 in	 fact	 be	 beneficial	 during	 mixed-strategy	 interactions.	 To	 test	 these	

hypotheses,	 future	and	ongoing	work	could	 focus	on	 the	application	of	 reinforcement	 learning	models	and	

logistic	regression	models	to	understand	the	temporal	impact	of	reinforcements	on	choice	strategies	in	BPD	

(in	progress).		

Economic	 models	 are	 designed	 to	 assess	 how	 rational	 decision-makers	 behave	 in	 economic	

spheres—though	 in	 reality,	 most	 humans	 are	 not	 rational	 and	 consider	 such	 factors	 as	 fairness	 and	

reciprocity	in	their	decision-making	strategies.	As	a	result,	economic	models	fail	to	predict	a	diverse	range	of	

human	 behaviours.	 Building	 upon	 previous	 evidence	 that	 individuals	 with	 BPD	 tend	 to	 behave	 more	

consistently	with	the	predictions	of	economic	models	as	compared	to	healthy	individuals	(for	a	review,	see	

Jeung	et	 al.,	 2016),	 this	work	 suggests	 that	 they	also	 tend	 to	 show	 improved	performance	during	 strategic	

games,	 which	 was	 mediated	 by	 both	 impulsivity	 and	 the	 extent	 of	 emotional	 dysregulation.	 They	 are,	
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therefore,	potentially	more	rational	in	competitive	contexts.	Whether	this	is	a	result	of	a	lack	of	encoding	or	

incorporating	 reinforcement	 signals	 and	 emotional	 factors	 into	 decision-making	 strategies,	 or	 a	 strong	

modulation	and	suppression	of	such	factors,	is	an	interesting	question	for	future	neuroimaging	research.		

5.2	 Clinical	Applications		

5.2.1	 Parkinson’s	disease	

Non-motor	 symptoms	 associated	 with	 Parkinson’s	 disease	 (PD)	 represent	 an	 important	 determinant	 of	

quality	 of	 life.	 In	 contrast	 to	 the	 well-recognized	 cognitive	 dysfunction	 (e.g.,	 dementia)	 associated	 with	

disease	 progression	 and	 severity,	 mounting	 evidence	 supports	 more	 nuanced	 cognitive	 symptoms	 that	

emerge	 early	 in	 PD	 (Lewis	 et	 al.,	 2003).	 Tools	 for	 assessing	 gross	 cognitive	 impairment	 (e.g.,	 Montreal	

Cognitive	Assessment	 (MoCA))	 (Dalrymple-Alford	et	al.,	2010;	Hoops	et	al.,	2009)	are	well	 established,	yet	

there	 is	 a	 paucity	 of	 assessment	 tools	 that	 are	 sensitive	 to	 the	 earlier	 cognitive	 symptoms	 (e.g.,	 executive	

deficits)	 (Nombela	et	al.,	2014;	Verbaan	et	al.,	2007,	but	see	Fereshtehejad	et	al.,	2017	and	Zeighami	et	al.,	

2017	 for	 neuroimaging	 markers	 of	 cognitive	 dysfunction).	 Though	 it	 is	 well	 known	 that	 patients	 have	

heterogenous	response	profiles	to	dopaminergic	treatment,	little	is	known	about	the	neurobiology	that	may	

predict	the	breadth	and	magnitude	of	cognitive	symptoms	experienced	by	individual	PD	patients	(Kehagia	et	

al.,	2010).	The	field	of	pharmacogenetics	is	emerging	as	an	effective	tool	to	understand	patients’	responses	to	

medication	(Lachman	et	al.,	1996;	Masellis	et	al.,	2016).	My	work	contributes	to	the	research	suggesting	that	

stratifying	 patients	 based	 on	 single	 nucleotide	 polymorphisms	 (and/or	 task	 performance)	 is	 an	 important	

factor	 in	understanding	treatment-related	cognitive	dysfunction	 in	PD	patients.	The	results	 from	this	study	

may	be	useful	 in	developing	biomarkers	to	 identify	 the	patients	at	risk	of	developing	cognitive	 impairment	

either	as	a	result	of	 the	natural	disease	progress	or	 following	the	administration	of	DA	therapy.	Combining	

genotypic	analysis	with	objective	measures	of	cognitive	response	to	DA	therapy	allows	for	the	development	

of	validated	instruments	to	assess	vulnerability	to	cognitive	impairment	in	PD.	Knowing	which	patients	are	

susceptible	 to	 cognitive	 dysfunction	 will	 facilitate	 the	 development	 of	 individualized	 treatment	 protocols	

based	on	SNPs	to	optimize	cognitive	function.		

Another	 emergent	 finding	 from	 Chapter	 3	 was	 that	 PD	 patients	 exhibit	 less	 flexibility	 in	 choice	

patterns	as	the	disease	progresses.	This	observation	suggests	that	dopaminergic	medication	may	remediate	
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inflexibility	 in	 PD	 patients	 with	 less	 severe	 motor	 dysfunction,	 but	 not	 in	 those	 with	 more	 severe	 motor	

dysfunction.	Understanding	how	medication	differentially	 affects	 cognitive	deficits	 as	 a	 function	of	 disease	

progression	is	useful	in	developing	treatment	protocols	and	may	alleviate	emergent	deficits	that	appear	to	be	

treatment-resistant	as	the	disease	progresses.		

In	 addition	 to	 the	 application	 of	 these	 results	 to	 individualized	 treatment	 protocols,	 having	 a	

paradigm	that	can	identify	patients	who	are	susceptible	to	cognitive	dysfunction	following	DA	treatment,	or	

as	a	result	of	disease	progression,	is	crucial	to	developing	treatments	that	counteract	the	negative	effects	of	

treatment	 on	 cognition.	 Indeed,	 clinical	 trials	 to	 assess	 novel	 approaches,	 such	 as	 D1	 ligands	 that	 target	

treatment-related	cognitive	dysfunction	are	underway	(Eli	Lilly	&	Company,	2017).	The	task	used	in	my	study	

is	sensitive	to	changes	in	cognitive	function,	and	can,	therefore,	be	used	to	determine	where	patients	fall	on	

the	dose-response	curve,	potentially	guiding	treatment	protocols.	The	correspondence	between	the	two	tasks	

allowed	inference	with	confidence	that	the	effects	of	deficits,	genotype,	and	medication	on	performance	were	

related	 to	 cognitive	 function	 and	 not	 simply	 collateral	 to	 motor	 dysfunction	 characteristic	 of	 PD.	 The	

paradigm	 developed	 in	 Chapter	 3	may,	 therefore,	 aid	 in	 streamlining	 at-risk	 patients	 into	 clinical	 trials	 in	

order	to	inform	the	development	of	targeted	treatments.	

Future	work	should	assess	the	impact	of	variability	in	non-dopaminergic	genes.	It	is	important	

to	 note	 that	 we	 were	 primarily	 interested	 in	 dopaminergic	 transmission,	 and	 did	 not	 assess	 genes	

contributing	 to	non-dopaminergic	processes	 (e.g.,	noradrenaline	and	serotonin).	For	example,	 studies	have	

shown	 that	 levodopa	 also	 reduces	 serotonin	 concentrations	 in	 the	 brain	 (Everett	 &	 Borcherding,	 1970;	

Kostrezewa	et	al.,	2005);	impairments	observed	in	PD	could,	therefore,	be	related	to	reductions	in	serotonin	

transmission	 (Clarke	 et	 al.,	 2004;	 Cools,	 2006).	 For	 example,	 Lee	 et	 al.	 (2012)	 linked	 variation	within	 the	

serotonin	2A	receptor	gene	(HTR2A)	to	the	incidence	of	impulse	control	disorders	in	a	Korean	sample	of	PD	

patients,	 and	 showed	 a	 dose-dependent	 effect	 of	 genotype	 on	 the	 incidence	 of	 impulse	 control	 disorders.	

Investigating	 nondopaminergic	 genetic	 influences	was	 beyond	 the	 scope	 of	my	 study;	 future	work	 should	

seek	 to	 investigate	 non-dopaminergic	 sources	 in	 variability	 within	 PD	 patients,	 and	 their	 influence	 on	

medication	interactions	on	cognitive	function.		
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5.2.2	 Borderline	Personality	Disorder	

Given	neuroscientific	 advances	 in	neuroplasticity	 and	brain	development,	 adolescence	 represents	 the	 ideal	

time	period	to	intervene	in	individuals	displaying	the	first	signs	of	neuropsychiatric	disturbances	(Steinberg,	

2005).	 Adolescence	 is	 a	 particularly	 vulnerable	 period,	 marked	 by	 increased	 sensation-seeking	 and	 risk-

taking	behaviours;	while	these	behaviours	may	be	adaptive	in	terms	of	learning	from	experience	and	honing	

the	behaviours	required	for	adulthood,	when	these	processes	go	awry,	they	result	in	poor	outcomes	(Hawes	

et	 al.,	 2017;	 Padmanabhan	 &	 Luna,	 2014).	 In	 order	 to	 develop	 testable	 theories	 about	 why	maladaptive	

behaviours	emerge,	they	should	be	studied	during	these	critical	periods	when	they	first	emerge.		

	BPD	is	characterized	by	emotional	dysregulation,	behavioural	 instability,	 issues	with	interpersonal	

relations,	 self-injurious	 behaviours	 and	 maladaptive	 cognition	 (Hallquist	 et	 al.,	 2018).	 Hampering	 our	

understanding	 is	 the	 high	 level	 of	 comorbidity	 with	 other	 neuropsychiatric	 conditions,	 such	 as	 attention	

deficit	 hyperactivity	 disorder	 (ADHD),	 post-traumatic	 stress	 disorder	 (PTSD)	 and	 substance	 use	 disorder	

(Bender	et	al.,	2001;	Skodol	et	al.,	2002;	Thomsen	et	al.,	2017).	Further,	BPD,	particularly	when	concurrent	

with	substance	use	disorder,	is	highly	prevalent	among	incarcerated	individuals,	representing	an	urgent	need	

for	early	intervention	(Black	et	al.,	2007;	Jordan	et	al.,	1996).	Impulsivity	is	a	transdiagnostic	feature	of	BPD,	

ADHD,	and	substance	use	disorders,	which	may	emerge	during	adolescence,	making	it	an	important	area	for	

study	in	the	symptomology	and	functional	outcomes	associated	with	at	risk	adolescents.	Impulsivity	in	BPD	

has	been	shown	to	be	a	large	contributing	factor	in	therapy-burnout,	multiple	hospitalizations,	and	suicidality	

(Black	 et	 al.,	 2004;	 Lieb	 et	 al.,	 2004;	 Yeomans	 et	 al.,	 1994).	 Understanding	 how	 impulsivity	 develops	

throughout	 adolescence	 and	 leads	 to	 functional	 outcomes	 in	 early	 adulthood	 is,	 therefore,	 an	 important	

question.	My	research	adopted	a	novel	approach	to	identifying	decision-making	deficits	in	adolescents	with	

early	 signs	 of	 BPD,	 and	 how	 emotional	 dysregulation	 and	 impulsivity	 affected	 flexible	 choice	 behaviours	

during	 a	 mixed-strategy	 task.	 A	 far-reaching	 future	 application	 would	 be	 to	 use	 information	 regarding	

reinforcement	 and	 affective	 processing	 to	 develop	 targeted	 treatment	 protocols	 in	 adolescents	 with	 BPD.	

Many	 patients	 do	 not	 respond	 to	 traditional	 pharmacological	 or	 behavioural	 therapies	 (e.g.,	 Dialectical	

Behavioural	 Therapy)	 (Castle	 et	 al.,	 2015;	 Fava,	 2003;	 Harvey	 &	 Rosenthal,	 2016).	 Early	 intervention	

programs	that	are	not	primarily	pharmaceutical	could	be	developed,	making	use	of	neuroscientifically-based	

protocols	 and	 well-designed	 tasks	 that	 access	 and	 improve	 neural	 activity	 and	 connectivity	 among	 brain	
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regions	 known	 to	 be	 dysfunctional.	 Developing	 non-pharmaceutical	 treatment	 protocols	may	 alleviate	 the	

high	levels	of	treatment	dropout	that	are	observed	among	individuals	with	BPD,	thereby	improving	functional	

outcomes	in	adulthood.	This	may	require	a	battery	of	tests	to	assess	different	forms	of	social	cognition	in	BPD	

as	well	as	the	environmental	and	contextual	factors	that	contribute	to	dysfunction	in	BPD.	

The	 frontostriatal	 circuitry	 that	 has	 been	 implicated	 in	 BPD	maps	 onto	 brain	 regions	 involved	 in	

mixed-strategy	 interactions,	 particularly,	 the	 OFC,	 insular	 cortices,	 dorsolateral	 prefrontal	 cortex	 (DLPFC)	

and	 striatum,	 which	 made	 this	 an	 ideal	 platform	 to	 investigate	 maladaptive	 decision-making	 in	 BPD.	 My	

results	suggest	that	individuals	with	BPD	with	high	levels	of	impulsivity	and	emotional	dysregulation	were,	in	

fact,	not	impaired	at	mixed-strategy	decision-making,	and	may	even	be	better	able	to	choose	unpredictably.	It	

is	 possible	 that	 this	 is	 due	 to	 the	 same	 functional	 deficits	 in	 BPD	 that	 prove	maladaptive	 in	 interpersonal	

contexts:	 limited	 ability	 to	 integrate	 reinforcement	 information,	 quickly	 discounting	 delayed	 rewards,	 and	

inability	to	assess	the	affective	consequences	of	actions.	Matching	Pennies	requires	choosing	within	a	highly	

volatile	environment,	and	in	this	context,	it	could	be	rational	to	be	impulsive	(Diehl	et	al.,	2018;	Williams	&	

Dayan,	2005).	In	the	case	of	BPD	and	other	externalizing	disorders,	it	may	be	that	the	mechanisms	that	prove	

to	be	maladaptive	in	many	interpersonal	arenas	may	have	been	adaptive	in	particular	contexts	(e.g.,	at	home).	

If	experience	has	supported	an	unstable	environment,	 then	plans	for	achieving	future	rewards	become	less	

attractive	due	to	the	fact	that	the	environment	might	change	prior	to	the	reward	being	obtained	(Williams	&	

Dayan,	 2005).	 In	 BPD,	most	 often	 associated	with	 a	 high	 level	 of	 volatility	 in	 the	 home	 environment,	 it	 is	

possible	that	choosing	smaller,	immediate	rewards	and	discounting	rewards	faster	may	reflect	beliefs	about	

the	stability	of	the	environment,	and	may	not	be	maladaptive	(Williams	&	Dayan,	2005).	Future	work	should	

seek	 to	 understand	how	perceptions	 of	 environmental	 uncertainty	 and	 stability	 correlate	with	 impulsivity	

and	 deficits	 in	 reinforcement	 learning	 processes,	 and	 whether	 this	 can	 predict	 functional	 outcomes.	 It	 is	

possible	that	developing	tasks	and	training	protocols	that	encourage	persistence	for	long-term	rewards	over	

short-term	gain	may	be	dependent	on	changing	expectations	about	environmental	stability	and	uncertainty	

(Diehl	et	al.,	2018).	

With	 the	 ultimate	 goal	 of	 identifying	 factors	 that	 can	 predict	 clinical	 outcomes	 in	 BPD,	 my	

preliminary	results	support	 the	notion	 that	high-impulsivity	and	high-emotionally	dysregulated	 individuals	

with	BPD,	who	generally	have	poorer	societal	outcomes,	may	be	identifiable	based	on	their	choice	strategies	
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during	 mixed-strategy	 games.	 Future	 work	 is	 required	 to	 understand	 the	 neuronal	 and	 genetic	 basis	 of	

dysfunction	in	BPD,	and	how	this	contributes	to	mixed-strategy	decision-making,	but	this	study	raised	several	

possibilities	 for	 future	 research.	 An	 extension	 of	 this	 project	 is	 to	 apply	 genetic	 analyses	 to	 understand	

neurogenetic	 factors	 that	 render	 individuals	 susceptible	 to	 higher	 levels	 of	 impulsivity	 and	 emotional	

dysregulation,	and	assess	gene-environment	interactions	to	predict	functional	outcomes	in	adolescents	with	

BPD	(ongoing).		

Future	 work	 should	 seek	 to	 understand	 whether	 diminished	 activity	 in	 pertinent	 brain	 areas	 is	

related	 to	 impulsivity	and/or	emotional	dysregulation	and	how	this	may	 impact	 strategic	decision-making.	

We	 hypothesized	 that	 the	 source	 of	 impulsivity-driven	 improvements	 in	 performance	 could	 be	 related	 to	

hypoactivity	within	areas	 involved	 in	 the	network	controlling	mixed-strategy	decision-making,	namely,	 the	

OFC,	 which	 has	 been	 implicated	 in	 representing	 the	 anticipated	 affective	 impact	 of	 outcomes	 and	 in	

representing	reinforcement	histories,	particularly	negative	reinforcement,	during	decision-making	tasks	(Abe	

&	 Lee,	 2011;	 Abe	 et	 al.,	 2011;	 O’Doherty	 et	 al.,	 2001;	 Sul	 et	 al.,	 2010),	 and	 has	 been	 implicated	 in	 BPD.	

Additionally,	the	insular	cortex,	which	has	been	implicated	in	representing	the	affective	responses	associated	

with	stimuli	in	the	environment	in	order	to	drive	behaviours	(Bar-On	et	al.,	2003;	Paulus	et	al.,	2005;	Paulus,	

2007;	 Sanfey	 et	 al.,	 2003),	 and	 responding	 to	 social	 norm	 violations	 (King-Casas	 et	 al.,	 2008).	 To	 further	

explore	this	question	and	confirm	the	findings	of	this	research,	future	studies	should	seek	to	examine	activity	

within	 the	 brain	 areas	 recruited	 during	 strategic	 interactions,	 armed	 with	 the	 knowledge	 of	 which	 brain	

regions	 are	 performing	 specific	 computations	 underlying	mixed-strategy	 interactions	 (see	 Chapter	 2	 for	 a	

detailed	explanation).	

5.3	 General	Clinical	Contributions	(Chapters	3	and	4)	

The	 findings	 gleaned	 in	 Chapters	 3	 and	 4	 stress	 the	 importance	 of	 understanding	 individual	 differences	

across	 multiple	 sources	 of	 information:	 genetics,	 impulsivity	 measures,	 and	 clinical	 scales	 assessing	

dysfunction	across	a	number	of	functional	domains.		In	both	clinical	studies,	major	group	level	differences	in	

performance	were	not	 apparent	until	 I	 interrogated	 individual	 differences	 in	 latent	 factors	 contributing	 to	

different	levels	of	functioning.	The	patterns	that	emerged	following	assessment	of	individual	differences	may	

have	application	for	assessing	treatment	outcomes	in	at-risk	individuals,	and	the	subsequent	development	of	
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individualized	treatment	protocols.	This	emergent	theme	in	my	clinical	datasets	is	in	line	with	the	Research	

Domain	 Criteria	 (RDoC)	 (Insel	 et	 al.,	 2010)	 initiative	 outlined	 by	 the	 National	 Institutes	 of	 Mental	 Health	

(NIMH),	which	seeks	to	provide	a	multidimensional	framework	for	investigating	neuropsychiatric	conditions.	

Combining	multiple	sources	of	information,	ranging	from	neuroimaging	and	genetics	to	self-report	measures,	

will	 provide	 greater	 explanatory	 power	 for	 understanding	 dysfunction	 in	 biological	 systems	 that	 lead	 to	

neuropsychiatric	conditions,	and	will	aid	in	the	diagnosis,	prevention,	and	treatment	of	such	conditions	(Insel	

et	al.,	2010).	The	RDoC	initiative	and	its	relation	to	the	current	work	will	be	described	in	ensuing	sections.	

5.4	 General	Recommendations	for	Future	Research		

5.4.1	 Longitudinal,	 or	 semi-longitudinal	 designs	 should	 be	 applied	 in	 order	 to	 assess	 the	

development	 of	 dysfunctional	 decision-making	 processes	 and	 determine	 whether	 early	

signs/biomarkers	can	predict	future	patient	outcomes.		

The	findings	from	Chapter	3	and	4	could	be	used	as	potential	biomarkers	for	longitudinal	outcomes,	and	in	

both	cases,	to	streamline	individuals	into	proper	treatment	programs	designed	to	assess	the	specific	deficits	

that	lead	to	differential	outcomes.	Both	of	our	studies	were	cross-sectional,	thus	limiting	the	predictive	power	

of	 our	 results	 to	 assessing	 longitudinal	 outcomes.	 In	 this	 regard,	 longitudinal	 or	 semi-longitudinal	 studies	

with	larger	sample	sizes	should	be	conducted	to	understand	whether	any	of	the	results	gleaned	from	these	

studies	can	predict	later	levels	of	functioning.	In	Chapter	3,	we	sought	to	understand	cognitive	function	in	PD	

patients	in	the	early	stages	of	disease	(Hoehn	&	Yahr	stages	1-3).	It	would	be	beneficial	to	conduct	follow-up	

studies	in	these	patients	to	ascertain	whether	any	of	aspects	of	mixed-strategy	performance	were	predictive	

of	 rates	 of	 cognitive	 decline	 (e.g.,	 dementia)	 that	 emerge	 as	 the	 disease	 progresses.	 	 Chapter	 4	 identified	

several	factors	that	impacted	mixed-strategy	decision-making	in	adolescents	with	BPD.	Longitudinal	studies	

designed	to	assess	how	patterns	of	decision-making,	impulsivity,	and	emotional	dysregulation	that	emerge	in	

adolescence	result	in	different	functional,	clinical,	and	societal	outcomes	in	adulthood	are	imminently	needed.	

Furthermore,	multiple	 environmental	 factors	 that	 emerge	 even	earlier	 in	 childhood	also	put	 individuals	 at	

risk	 for	 BPD	 (Thomsen	 et	 al.,	 2017).	 For	 example,	 childhood	 sexual,	 emotional,	 and	 physical	 abuse	 and	

neglect,	in	addition	to	PTSD,	are	well	known	risk	factors	for	neurocognitive	deficits	in	BPD	(Thomsen	et	al.,	

2017).	The	childhood	factors	that	render	individuals	at	risk	for	BPD	are	well	known,	although	often	little	can	
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be	 done	 to	 change	 these	 environmental	 factors.	 Extending	 longitudinal	 studies	 to	 encompass	 at-risk	

pregnancies,	infants,	and	children,	and	how	early	environmental	factors	lead	to	patterns	of	dysfunction	into	

adolescence	and	adulthood	would	be	extremely	beneficial.		

5.4.2	 Future	research	should	seek	to	gain	mechanistic	insight	using	neuroimaging	methods.		

Both	of	the	clinical	studies	described	in	this	thesis	were	behavioural	(Chapter	3	&	4),	and	as	such,	could	not	

address	the	neural	underpinnings	of	dysfunction	in	PD	and	BPD.	Both	studies	were,	however,	instrumental	in	

helping	 to	 understand	 how	 the	 pathology	 gives	 rise	 to	 the	 behaviour.	 Combining	 fMRI	 and/or	 brain	

stimulation	with	detailed	behavioural	analysis	would	allow	us	to	examine	the	status	of	brain	abnormalities	as	

a	biological	marker	or	etiological	risk	factor	in	cognitive	dysfunction	in	PD	(Chapter	3)	and	the	emergence	of	

BPD	(Chapter	4).	Understanding	behaviour	through	theoretical	and	experimental	studies	is	arguably	just	as	

critical	to	understanding	neural	dysfunction	across	a	number	of	disease	states	(Krakauer	et	al.,	2017;	Yuste,	

2015),	 and	 is	 beneficial	 prior	 to	 understanding	 how	 the	 signals	 necessary	 to	 facilitate	 behaviour	 are	

implemented	 in	 the	brain	(Krakauer	et	al.,	2017).	While	 these	studies	provide	a	detailed	description	of	 the	

behaviour	and	the	factors	that	contribute	to	variability	across	individuals,	the	logical	next	step	is	to	combine	

neuroimaging	methods	with	the	paradigm	used	in	this	thesis.		

5.5	 Emerging	Themes	and	Observations	

Understanding	 behaviours,	 such	 as	 impulsivity,	 as	 transdiagnostic	 traits	with	 associated	neural	 basis,	may	

lead	 to	 alleviating	 deficits	 across	 a	 range	 of	 disorders	 that	 are	 characterized	 by	 persistent,	 maladaptive	

behaviours	(Diehl	et	al.,	2018;	Lempert	et	al.,	2018).	In	the	case	of	impulsivity,	such	deficits	are	a	core	feature	

of	a	number	of	disease	states;	substance	abuse,	obesity,	ADHD,	BPD,	and	even	impulse	control	disorders	in	PD	

(Diehl	et	al.,	2018;	Mackey	et	al.,	2016;	Michaud	et	al.,	2017;	Zhang	et	al.,	2017).	Furthermore,	neuroimaging	

and	lesion	studies	have	pointed	to	areas	of	the	frontal	cortex	and	their	connections	with	the	basal	ganglia	in	

controlling	impulsive	behaviours	(Kim	&	Lee,	2011;	Zhang	et	al.,	2017),	areas	that	have	been	implicated	in	a	

wide	 range	of	disorders.	 Identifying	 specific	dimensions	of	 behaviour	 in	disorders	marked	by	maladaptive	

decisions,	rather	than	focusing	on	distinct	psychiatric	illnesses,	may	allow	us	to	identify	specific	behaviours	

and	neural	circuits,	and	leverage	that	knowledge	to	treat	a	number	of	disorders	with	similar	symptoms	and	

behaviours	 (Insel	 et	 al.,	 2010).	 For	 example,	 brain	 stimulation	 techniques	 could	 be	 used	 to	 induce	
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neuroplastic	changes	that	can	remediate	aberrant	neural	responses	and	decision-making	processes	(Diehl	et	

al.,	2018).	Uncovering	constructs	that	are	common	across	multiple	diagnostic	categories	can	now	be	carried	

out	in	single	studies,	using	the	proper	assessment	tools	(e.g.,	large-scale,	web-based	studies,	or	multi-centre	

collaborative	studies)	(Büchel	et	al.,	2017;	Gillan	&	Daw,	2016;	Nees	et	al.,	2013).		Additionally,	computational	

neuroimaging	 studies	 have	 proven	 successful	 in	 understanding	 individual	 differences	 in	 vulnerability	 to	

maladaptive	decision-making	(Arbabshirani	et	al.,	2017;	Calhoun	et	al.,	2014;	Calhoun	&	Sui,	2016;	Woo	et	al.,	

2017).	With	such	a	multi-faceted	and	multi-level	approach,	biomarkers	identified	in	clinical	and	pre-clinical	

models	 could	 guide	 individualized	 treatment	 protocols,	 neuroprediction	models,	 and	 targeted	 treatments,	

potentially	resulting	in	less	reliance	on	high-cost	healthcare	systems	(Diehl	et	al.,	2018).	A	side	benefit	would	

be	 that	 the	 circuits	 responsible	 for	 individual	 symptoms	could	be	 studied	with	greater	precision	 in	animal	

models,	which	would	alleviate	some	of	the	pressure	on	animal	researchers	to	design	models	that	encompass	

every	aspect	of	a	particular	disease	(Young	et	al.,	2017).	Instead,	researchers	could	focus	on	understanding	

the	 neural	 circuitry	 that	 gives	 rise	 to	 particular	 transdiagnostic	 symptoms,	 which	 could	 lead	 to	 the	

development	of	targeted	treatments	for	these	symptoms.		

This	line	of	thinking	aligns	with	the	RDoC	initiative	that	promotes	research	on	identifying	dimensions	

of	 behaviour	 and	 their	 underlying	 biology.	 The	 RdOC	 seeks	 to	 provide	 a	 structured	 framework	 for	

understanding	psychiatric	disorders	using	multiple	 approaches—neuromaging,	 genomics,	 behavioural,	 and	

computational.	This	is	in	stark	contrast	to	the	Diagnostic	and	Statistical	Manual	(DSM)	(American	Psychiatric	

Association,	2013),	which	continues	to	embody	an	approach	based	on	symptom	clustering.	The	RDoC	has	the	

potential	 to	 revolutionize	 the	diagnosis	 and	 treatment	 of	 neuropsychiatric	 conditions	 on	 the	basis	 of	 their	

underlying	neurobiological	factors.	Adopting	an	RDoC	approach	may	very	well	advance	our	understanding	of	

pathological	 mechanisms	 that	 are	 shared	 among	multiple	 disorders,	 breaking	 down	 arbitrary	 distinctions	

between	 categorically-defined	 disorders	 (Nusslock	 &	 Alloy,	 2017).	 The	 RDoC	 is	 not,	 however,	 without	 its	

cautions.	Schütz	(2012)	argues	that	the	RDoC	approach	requires	scientific	findings	to	be	integrated	within	the	

current	 diagnostic	 system	 (DSM),	 building	 a	 “diagnostic	 system	 that	 is	 stable,	 reliable,	 easy	 to	 apply,	 and	

informative	 for	 treatment”	(p.	 1).	 While	 this	 will	 certainly	 be	 a	 challenge,	 it	 represents	 a	 promising	

advancement	in	the	diagnosis	and	treatment	of	mental	health	disorders,	particularly	those	characterized	by	a	

high	level	of	comorbidity	among	diagnostic	categories	(Nusslock	&	Alloy,	2017).	



	

	

148	

A	 further	 benefit	 to	 adopting	 an	 RDoC	 approach	 may	 be	 a	 transformation	 in	 societal	 attitudes	

(reducing	 stigma)	 toward	 psychiatric	 conditions.	 Unfortunately,	 many	 psychiatric	 conditions	 (particularly	

substance	abuse)	are	still	seen	as	disorders	of	choice	in	society	(Diehl	et	al.,	2018),	which	is	due	in	part	to	the	

fact	 that	 these	 diseases	 are	 not	 diagnosed	 or	 understood	 within	 the	 context	 of	 their	 neurobiological	

mechanisms	 or	 the	 context	 of	 their	 environmental	 risk	 factors.	 It	 is	 widely	 accepted	 within	 society	 that	

neurodegenerative	diseases,	like	PD,	arise	from	pathological	neural	processes.	The	same	understanding	does	

not	always	transfer	to	neuropsychiatric	conditions,	which	is	likely	due,	in	part,	to	the	way	we	diagnose	and	

treat	 these	 disorders	 in	 clinic.	 Enhanced	 understanding	 of	 the	 neurobiology	 behind	 these	 disorders	 may,	

therefore,	help	to	change	societal	attitudes.		

5.6	 Conclusions		

The	circuitry	underlying	social	decisions	resulting	in	maladaptive	decisions	encompasses	a	large,	widespread	

network	in	the	brain.	Thus,	aberrant	and	maladaptive	decision-making	tendencies	transgress	many	different	

types	 of	 neurological	 and	 psychiatric	 disorders.	 The	 field	 of	 neuroeconomics	 has	 achieved	 success	 in	

understanding	 deficits	 across	 a	 large	 range	 of	 disorders	 and	 domains,	 particularly,	 social,	 emotional,	 and	

limbic.	 Additionally,	 neuroeconomic	 tasks	 assess	 decision-making	 within	 ecologically-valid,	 behaviourally-

relevant	contexts,	 thereby	 increasing	 the	generalizability	of	 results	 to	 real	world	situations.	Understanding	

the	neurobiological	mechanisms	underlying	social	decision-making	can	be	leveraged	to	delineate	the	source	

of	 maladaptive	 decision-making	 processes.	 In	 addition	 to	 understanding	 environmental	 factors	 and	 gene-

environment	interactions,	it	would	be	beneficial	to	use	multidisciplinary	approaches	that	seek	to	understand	

individual	differences	in	decision-making	patterns	and	their	underlying	circuits.		
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