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Abstract
The Iowa Gambling Task (IGT) is a widely used decision-making task often used to
assess decision-making impairment in clinical populations. During learning of the task,
individuals receive consistent monetary rewards and inconsistent monetary punishments of
different frequencies and magnitudes. Learning relies on in part the ventromedial prefrontal
cortex (vmPFC) which integrates reward and loss information to identify the decks with the
highest expected value (EV). Currently, little is known about factors that might influence this
unique process. This thesis uses experimental techniques to investigate how sleep and
punishment structures can influence learning of the IGT.
In Chapter 2 we show evidence that a period of post-learning sleep enhances IGT
learning, specifically via reduced choice from deck B. Deck B is an initially preferred “bad”
deck that requires integrating a large infrequent $1250 punishment to discover its negative EV.
In Chapter 3 we link this improvement to increased theta (4-8 Hz) activity in the vmPFC and left
prefrontal cortex. We also show evidence that pre-sleep anticipatory emotions correlate to
heightened theta activity in the right vmPFC during post acquisition REM. Finally, chapter 4
provides the first evidence that higher-order punishment structures can influence learning of the
task. We provide the first evidence that punishment structures with high variance/skew may
cause risk-aversion and that IGT decision-making may not be driven by EV alone.
Collectively, the work presented provides much needed knowledge on factors that can
influence IGT learning. We are the first to show evidence that IGT learning may be enhanced
with post learning REM sleep and suggest that similar areas that are involved in online learning
(i.e., vmPFC) may be involved. We are also the first to show that performance can be influenced
by higher-order punishment structures. Taken together, this body of work reveals that integrating
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punishments into value estimates may be enhanced by post learning REM sleep and influenced
by higher-order punishment structures. These results have widespread implications for how
punishment structures in our day-to-day life may influence online and offline decision processes
and provides a strong foundation for continued work to understand decision-making in healthy
and clinical groups.
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CHAPTER 1
GENERAL INTRODUCTION
The Iowa Gambling Task (IGT) is a widely used decision-making task that involves
integrating information and building value estimates based on previous experience with
monetary reward and punishment. In the IGT, individuals receive consistent rewards and
inconsistent punishments of varying frequencies and magnitudes. Individuals must integrate this
loss information into their value estimates to identify decisions with more advantageous longterm outcomes. This thesis focused on understanding factors that influence this process. I will
begin by outlining the IGT and describing what is known about the neural circuitry and
emotional processes that underlie learning of the task. Further, I will establish rationales for the
hypotheses that (1) ‘sleeping on it’ will aid decision-making on the task and (2) distinct sleep
mechanisms and neural areas will be involved in this process. Further, I will describe in detail
what is known about how the loss structure within decks can influence deck choice and build a
rationale to suggest that (3) higher-order loss structures (i.e., variance and skew) can influence
choice in a feedback-based task like the IGT.

1.1 - THE IOWA GAMBLING TASK
The IGT was designed by Antoine Bechara as a tool to capture decision-making impairment
in a patient (E.V.R.) (Bechara et al., 1994). Following surgery that removed tissue from his
ventromedial prefrontal cortex (vmPFC), E.V.R. began exhibiting severe deficits in everyday
decision-making (Bechara et al., 1994). Simple decisions now took hours to make and he had a
generalized inability to learn from previous mistakes; this impairment had a profound negative
impact on both his personal and professional life. Interestingly, Bechara was unable to capture

1

the impairment using standardized neuropsychological tests; as a result he designed the IGT as a
tool to mimic real life decision-making (Bechara et al., 1994).
In the IGT, individuals choose from four card decks (A, B, C, D). Each card delivers
consistent monetary rewards and inconsistent monetary punishments. Decks A and B are high
magnitude ($100) reward decks, where deck C and D are low magnitude ($50) reward decks.
However, for every 10 card selections, decks A and B have larger punishments than rewards,
resulting in a negative expected value (EV; -$250) and deck C and D have smaller punishments
than rewards, resulting in a positive EV ($250). Thus, to succeed on the task individuals must
integrate inconsistent loss information into deck evaluations to discover its EV. The task mimics
everyday decision-making as it requires individuals to use previous experiences with reward and
loss to identify the option with the greatest long-term value. As expected, E.V.R. and other
individuals with vmPFC damage had performance impairment on the task (Bechara et al., 1994).
Healthy normal controls initially preferred high magnitude reward bad decks (A and B) but
gradually shifted choice toward positive EV decks (C and D). Conversely, individuals with
vmPFC damage failed to show this shift. These results highlighted the importance of the vmPFC
in decision-making and provided the groundwork to identify a unique neural system that
underlies everyday decision-making.

1.2 – NEURAL MECHANISMS OF THE IOWA GAMBLING TASK
It is now well established in the literature that the vmPFC plays an important role in IGT
decision-making. Numerous studies show that individuals with vmPFC damage fail to shift
choice toward positive EV decks (Bechara et al., 1996; 1998; 1999; Fellows & Farah, 2005).
Furthermore, imaging studies reveal that activity in the vmPFC directly correlates with
performance improvement on the task (Ernst et al., 2002; Lawrence et al., 2008). A large body of
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research has identified that the vmPFC is an important area for integrating information from both
emotional systems and memory systems during IGT learning. The following sections will outline
what is currently known about the role of these systems in IGT learning.
1.2.1 - Emotional Systems
In 1996, Bechara et al. used skin conductance response (SCR) to show that the vmPFC is
an important area for eliciting emotional arousal toward bad decks (A and B). During normal
learning of the task, participants generate anticipatory SCRs toward bad decks prior to shifting
choices toward positive EV decks. Individuals with vmPFC damage however, fail to generate
anticipatory SCRs despite showing normal SCRs when receiving reward and loss. Currently, it is
widely accepted that the vmPFC plays an important role in generating anticipatory emotional
responses toward bad decks during IGT learning (Bechara et al., 1996; Bechara & Damasio,
2002; Guillaime et al., 2009).
In 1994, Damasio proposed the Somatic Marker Hypothesis (SMH) to suggest that
emotional processes guide IGT decision-making. Damasio coined the term ‘somatic marker’ as
an emotional memory for previous experiences. Somatic markers are thought to guide choice, by
remembering and predicting the previous emotions paired to given options (Damasio, 1994).
According to the SMH, brain areas that elicit emotional SCRs send signals to the vmPFC. The
vmPFC acquires ‘somatic’ markers through these underlying emotional areas and uses them to
generate anticipatory SCRs to guide future choices. The areas suggested by the SMH to be
involved in this emotional memory are the amygdala, insula, and ventral striatum (Bechara et al.,
1998; 1999; Lin et al., 2008; Li, 2010). Studies have begun to reveal evidence to support this
theory. For example, Lawrence et al. (2008) found that the ventral striatum is particularly active
following experience of deck rewards (Lawrence et al., 2008). Furthermore, pathological
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gamblers have increased activity (Power et al., 2012) and increased dopamine release (Linnet et
al., 2010) in the ventral striatum in response to high magnitude reward bad decks. These studies
suggest that the striatum may process reward information, however the exact role it plays in
integrating IGT information has yet to be fully understood.
A second area important for guiding IGT learning is the amygdala. Individuals with
amygdala damage have impaired IGT performance. Work by Bechara et al. (1999; 2002) found
that individuals with amygdala damage fail to generate SCRs following experience of rewards
and punishments. The authors suggest that the amygdala attaches the emotional value to stimuli
and sends information to the vmPFC to be integrated into value estimates. Anticipatory SCRs
would then be generated through top down processing via bidirectional connections between the
amygdala and vmPFC. Studies have yet to fully understand the role of these connections in IGT
learning.
A third area that may be important for emotional processing during IGT learning is the
insula. Imaging studies reveal that activity in the insula precedes shifts toward positive EV decks
(Ernst et al., 2002; Lawrence et al., 2008). Lawrence et al. (2008) found early activation in the
insula in response to bad decks that correlates with later shifts toward positive EV decks. Given
its general role in evaluating loss and holding representations of emotional states (Liu et al.,
2007), the authors suggest the insula may have the same role during IGT learning however, this
has yet to be determined.
1.2.2 - Memory Systems
In addition to emotional systems, memory systems (working and declarative memory)
play an important role in IGT learning. A growing body of literature suggests that the
dorsolateral prefrontal cortex (dlPFC) is important for working memory and integrates with
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emotional systems in the vmPFC to guide choice (Bagneux et al., 2013; Li et al., 2010; Manes et
al., 2002). Declarative memory systems (memory for consciously recollected facts and events)
including the hippocampus are suggested to play an important role in IGT learning, however this
is largely debated in the literature (Gupta et al., 2009). In general, the hippocampus encodes and
retrieves declarative memories (Burgess et al., 2002; Eichenbaum, 2004). During IGT learning,
heightened activity in the hippocampus has been reported (Ernst et al., 2002) and individuals
with bilateral hippocampus damage have impaired performance on the task (Gupta et al., 2009;
Gutbrod et al., 2006). Other studies, however suggest that declarative memory systems are not
necessary for IGT improvement. A review by Turnbull et al. (2006) states that individuals with
amnesia and hippocampal damage often retain their ability for decision-making on the task.
Overall, the exact role of the hippocampus is not well understood. One possible reason for this
discrepancy is that declarative memory may only be important during later stages of IGT
learning. For example, Bechara et al. (1997) and Suzuki et al. (2003) show evidence that
anticipatory SCRs and shifts in choice are initially below levels of conscious awareness
(implicit) and become declarative as learning progresses. However, others suggest that
declarative knowledge of the task emerges during early stages of learning (for review see Maia
& McClelland, 2004). Overall, the exact role the hippocampus plays in IGT learning is not well
understood.
In summary, IGT learning relies on both emotional systems and memory systems,
however, there are still many unanswered questions about how learning in these systems occurs.
Currently, the IGT task has been utilized in hundreds of studies to assess decision-making
impairment in a wide range of clinical populations. However, given the widespread use of the

5

task there is still a lot unknown about how it functions in normal healthy individuals. One goal of
this thesis is to investigate factors that may influence decision-making in the IGT.
The relationship between sleep and IGT choice is beginning to emerge. Researchers
suggest that IGT learning can be enhanced during offline periods of sleep (Abe et al., 2012;
Pace-Schott et al., 2012). Currently, there has yet to be a study to show strong evidence to
support this. Furthermore, there has yet to be a study to investigate the sleep-related mechanisms
that promote consolidation of a cognitive-emotional decision-making task like the IGT. The
following section will establish hypotheses to suggest that sleep may contribute to IGT memory
processing, and provide rationale to suggest potential sleep mechanisms and neural areas that
may be involved.

1.3 – SLEEP AND THE IOWA GAMBLING TASK
Recent research is beginning to reveal that there is an intricate relationship between sleep
and IGT performance. Studies show that periods of sleep deprivation disrupt IGT performance
(Killgore et al., 2006; 2012). Compared to well-rested controls, sleep-deprived individuals have
impaired IGT performance following 44 (Killgore et al., 2012), 49 (Killgore et al., 2006) and 72
(Killgore et al., 2007) hours of sleep loss. Sleep-deprived decision-makers show a similar pattern
of impairment to individuals with vmPFC damage and are less successful at integrating loss
estimates into deck valuations. Venkatraman et al. (2011) reported that sleep loss is linked to
heightened activation in the vmPFC and striatum toward rewards and diminished activation in
the insula toward loss.
Very few studies have investigated whether the reverse relationship exists, i.e., whether
periods of sleep can consolidate IGT learning. A recent study by Abe et al. (2012) investigated
performance improvement on the IGT when initial learning was followed by a period of sleep or
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a period of wake. The “wake” group was administered the IGT at 09:00 and retested following a
12-hour period of daytime wakefulness. The “sleep” group was administered the IGT at 21:00
and retested following a 12-hour period that allowed for sleep. Individuals in the sleep group had
greater performance improvement (measured via choices from positive EV decks combined)
compared to those with intervening wake. However, the authors could not conclude that sleep
enhanced IGT learning without controlling for potential influences of time-of-day (morning vs.
evening) or hours of wakefulness (0-1 vs. 12 hours) on retesting performance. In chapter 2, I
address this issue and provide a detailed investigation of whether periods of sleep can enhance
IGT performance. Chapter 3 extends this question by investigating the sleep mechanisms
involved in this process. The following section will establish several hypotheses to suggest
distinct sleep mechanisms and neural areas that may be involved in consolidating IGT learning
during sleep.

1.4 – POTENTIAL NEURAL MECHANISMS FOR SLEEP ENHANCEMENT
The view that memories are processed and consolidated during sleep has been largely
debated in the literature. Many studies have shown evidence to both support and refute a
relationship between sleep and memory (for review see Vertes & Eastman, 2000). Studies have
identified distinct mechanisms during sleep that are linked to memory consolidation and
performance improvement where other studies suggest that memory retention is not sleepdependent and can occur when sleep mechanisms are suppressed either via lesion or drug
administration techniques (Vertes & Eastman, 2000). Although there still remains a discrepancy
in the literature, a large body of evidence exists to support the role of sleep in memory
consolidation and brain plasticity.

7

Within the sleep literature, unique electrophysiological features associated with Stage 2
sleep, slow-wave sleep (SWS; Stage 3 and Stage 4), and rapid eye movement (REM) sleep have
been linked with memory processing (Rechtschaffen & Kales, 1968). These stages and features
are identified using scalp electoencephalogram (EEG), electromyogram (EMG) and
electrooculogram (EOG). Currently, EEG is the most common way to measure the electrical
activity in the brain during post-learning sleep. EEG signals from the scalp reflect activity from
the apical dendrites of cortical pyramidal neurons that reach the cortex from underlying cortical
areas of the brain (Kirschstein & Kohling, 2009). Thalamocortical nuclei terminate on these
apical dendrites and generate excitatory and inhibitory postsynaptic potentials which reflect the
cell moving towards and away from firing, respectively. The EEG signals recorded from the
scalp reflect a sum of this underlying activity. From these signals, different sleep stages and
electrophysiological features of sleep can be identified across various locations on the scalp.
Using EEG alongside EOG and EMG measures, a large body of research has been able to link
particular sleep stages and sleep features to sleep-related memory processing of several learning
tasks.
In general, the particular role of each sleep stage and electrophysiological feature of sleep
depends on the type of learning as well as the initial skill level of the subject (Smith & Peters,
2011; Peters et al., 2007). Within the sleep literature, memory systems are commonly
categorized into declarative and procedural (Squire & Zola, 1996). As mentioned in previous
sections, declarative memory (explicit memory) refers to memories that can be consciously
recalled, such as memory for facts and events. Procedural memory (implicit memory) refers to
memories that are below levels of conscious awareness, such as memory for how to perform
procedures (i.e., riding a bike or walking). Procedural memory is further subdivided into simple
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procedural or cognitive procedural memory (Smith, 2001; Smith & Peters, 2011). Cognitive
procedural memory is cognitively complex and requires learning a rule or strategy. Simple
procedural memory is not cognitively complex and usually requires repeated practice and
refinement of a sensory-motor skill (Gabrielli, 1998). Each type of memory has been linked to
specific sleep stages and electrophysiological features within them. Below, I will highlight what
is known about the role of each sleep stage in memory processing during sleep. Furthermore, I
will give evidence to suggest that REM sleep may be particularly involved in IGT learning.
1.4.1 - Stage Two Sleep
Stage 2 sleep has been closely linked to memory for simple procedural tasks. Stage 2
sleep is a light stage of sleep that comprises about half of the sleep night in young healthy adults.
It is characterized by the presence of phasic sleep spindles (short fusiform bursts of 12-16 Hz
sigma activity) and K-complexes (sharp negative wave followed by a slow positive wave) that
occur on relatively low voltage mixed frequency background (Smith, 2010; Rechtschaffen &
Kales, 1968). Both Stage 2 sleep and sleep spindles have been closely associated with
consolidation of simple sensory-motor procedural tasks such as the pursuit rotor task (Smith &
MacNeil, 1994; Fogel et al., 2006), a simple tracing task (Tweed et al., 1999), and a fingertapping task (Walker et al., 2002; 2003). Following initial learning, authors commonly report an
increase in Stage 2 sleep duration and spindle activity/sigma power that correlates with
subsequent improvements in performance. Because the IGT is not considered a “simple
procedural” or sensory-motor memory task there is no strong evidence to suggest that Stage 2
sleep and/or sleep spindles would be involved in memory consolidation of this task.
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1.4.2 - Slow-Wave Sleep
SWS is a deeper stage of sleep than stage 2 that is comprised of Stage 3 and Stage 4
sleep. It occurs predominately in the first half of the sleep night and is characterized by the
occurrence of high voltage, low frequency delta waves (1-4 Hz delta activity) (Rechtschaffen &
Kales, 1968). SWS is commonly associated with consolidation of declarative non-emotional
tasks such as paired associates (Plihal & Born, 1997), odor pairing cues (Rasch et al., 2007),
photo recognition memory (Takashima et al., 2006) and memory for routes in a virtual town
(Peigneux et al., 2004). Following declarative learning, delta activity in the cortex increases and
directly correlates with memory retention during re-testing (Peigneux et al., 2004; Takashima et
al., 2006).
Increased SWS following declarative learning is thought to reflect a
reactivation/reprocessing of hippocampal-neocortical circuits that were previously active during
online learning. Using rodent models, Qin et al. (1997) reported a reactivation of hippocampalneocortical circuits during sleep that mimicked previous online activity during a spatial
navigation task. Similarly, in humans, positron emission topography (PET) and functional
magnetic resonance imaging (fMRI) studies reveal that activity in the hippocampus during
declarative learning becomes reactivated during periods of SWS (Peigneux et al., 2004; Rasch et
al., 2007). This reactivation correlates with subsequent improvement in performance and
memory retention. It is now largely suggested that reactivation of hippocampal-cortical circuits
during SWS reflects a synchronized dialogue that strengthens cortical representations of
declarative memories and transfers memory into long-term storage (for reviews see Walker et al.,
2009).
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Given that the hippocampus has been linked to IGT learning (Turnbull et al., 2014), it is
possible that SWS is involved in processing IGT learning during sleep. However, in the sleep
literature, the IGT is not simply categorized as a non-emotional declarative task (Smith et al.,
1995; Smith, 2001). Learning of the IGT is categorized as a complex cognitive-emotional task.
Furthermore, the areas involved in IGT learning have more closely overlapping features to tasks
linked to REM sleep. The following section will outline these similarities and give evidence to
suggest that REM sleep plays an important role in offline processing of the IGT.
1.4.3 - Rapid Eye Movement Sleep
REM sleep is characterized by low voltage, desynchronized EEG oscillations, reduced
EMG and phasic bursts of eye movements (Rechtschaffen & Kales, 1968; Dement & Kleitman,
1957). It comprises about 20% of the sleep night, and is the stage of sleep where most dreaming
occurs (Aserinsky & Kleitman, 1953). A large body of research exists to support the role of
REM sleep in memory consolidation (for review see Smith, 2001). REM sleep has been
implicated in the consolidation of higher-order cognitive-procedural learning tasks such as
probabilistic category learning (Djonlagic et al., 2009; Peigneux et al., 2003), number reduction
task (Yordanova et al., 2008), mirror tracing (Plihal & Born, 1997) serial reaction time (Macquet
et al., 2000), and visual discrimination learning (Karni et al., 1994). These tasks require
integrating existing information to create a new understanding of a complex problem. REM sleep
has also been linked to emotional declarative tasks that involve explicit memory for stimuli that
evoke negative emotions (Baran et al., 2012; Nishida et al., 2009; Wagner et al., 2006; Wagner et
al., 2007). For example, Nishida et al., (2009) found a correlation between the amount of REM
sleep during a nap, and memory for pictures that evoke negative emotions.
Many areas that have been linked to REM sleep-dependent consolidation, including the
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amygdala, hippocampus, striatum and prefrontal cortex, also underlie IGT learning (Hobson &
Pace-Schott, 2002; Perogamrvos & Schwartz, 2012; Peigneux et al., 2003). Within these areas,
one particular electrophysiological feature of REM sleep that is linked to emotional memory
processing is the 4-8 Hz theta rhythm. Theta oscillations are commonly reported in REM sleep
and appear in areas of the limbic system and prefrontal cortex. Theta activity in these areas
during REM is closely linked to retention of emotional memories (Deliens et al., 2014;
Diekelmann et al., 2009; Nishida et al., 2009, Popa et al., 2010). For example, in the previously
mentioned study by Nishida et al. (2009) retention for stimuli that evoke negative emotions was
distinctly correlated to theta activity in the frontal cortex during REM sleep. Using rodent
models, Popa et al. (2010) found synchronized theta activity between the amygdala, PFC and
hippocampus during REM that correlated with retention on a fear retrieval task. These studies
show evidence that theta activity during REM in limbic and prefrontal areas has an important
role in consolidating emotional declarative tasks.
Similar to SWS, research has also shown that areas that were active during online learning
become reactivated during REM sleep to strengthen previous memories. In humans, this has
been shown with a complex cognitive task; research by Macquet et al. (2000) and Peigneux et al.
(2003) showed evidence that brain areas involved in a probabilistic reaction time task (i.e.,
striatum) became reactivated during REM sleep. Reactivation was modulated by the amount of
learning achieved prior to sleep and correlated with performance improvement during retesting.
Using a rodent model, Louie and Wilson (2001) found that neuronal firing in the hippocampus
was reactivated during REM sleep in the same temporal sequence as during online learning and
driven by sub-cortical theta activity (Louie & Wilson, 2001). These results suggest that REM
may reactivate neural circuits that were active during learning, and theta may reflect this
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reactivation.
Overall, REM sleep is closely linked to processing of both cognitive procedural and
emotional declarative learning. The IGT is considered a complex cognitive-emotional task with
features that overlap these tasks. Currently, it is unknown how sleep may process a task like the
IGT that integrates emotional information through feedback with reward and loss in the vmPFC.
Interestingly, there has yet to be a study to investigate the role of REM sleep and theta activity in
a task that relies on the vmPFC. It is suggested that REM sleep and theta activity might be
particularly important for processing IGT learning.
Overall, the goal of chapter 3 is to identify the sleep stages (Stage 2, SWS, REM) and sleep
stage properties (frequencies and topographic location) that are involved in processing IGT
learning during sleep. A secondary goal is to link sleep-related processes to specific aspects of
IGT improvement. Research is beginning to reveal that IGT learning may be more complex than
previously thought and that the structure of loss within the decks influences IGT choice. This
structure will be outlined and a rationale provided to suggest specific aspects of IGT learning
that may be enhanced with sleep.

1.5 – INFLUENCE OF PUNISHMENT DISTRIBUTIONS ON IGT LEARNING
The typical metric used to analyze performance of the IGT is to combine the two good and
the two bad decks and to compare their choice across trials. Recent evidence suggests that this
method of analysis is over simplistic and does not reflect preferences toward the structural
components of loss within the decks (Chiu & Lin, 2007; Chiu et al., 2008; Lin et al., 2007). Loss
frequency influences initial deck choice during IGT learning; decision-makers initially prefer the
low-probability (p = 0.1) loss decks (B and D) and avoid the high-probability loss (p=0.5) decks
(A and C) (Chiu et al., 2008; Lin et al., 2007). Thus, bad deck A is consistently avoided, despite
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having the same high magnitude reward as bad deck B (Fernie & Tunney, 2006; Wasserman et
al., 2012). Bad deck B however is initially preferred; this observation is referred to as the
‘prominent deck B phenomenon’ (Lin et al. 2007; Chiu et al., 2008). Deck B has both high
magnitude reward ($100) and a small probability of a loss (p = 0.1). Thus, it is now well
accepted that IGT learning relies on shifting choice away from deck B and replacing choices
with good decks C and/or D (Fernie & Tunney, 2006; Wasserman et al., 2012). This process
relies on integrating the large $1250 infrequent punishment into deck B’s value estimate. Given
this, it is possible that sleep may play a specific role in processing learning about deck B. As a
means to answer this question chapter 3 will investigate whether sleep-related memory
processing is specifically linked to improvement in choices from specific decks (i.e., deck B).
Upon close inspection of the decks I learned that loss distributions varied on several other
parameters. Although it is known that loss frequency can influence IGT choice, it is unknown
whether IGT choice can be influenced by additional loss structures that exist within the decks
such as the variance (spread) and skew (asymmetry) of loss. Within the decision literature these
parameters have been found to have a large influence on decision-making (Burke & Tobler,
2011; Tverksy & Kahneman, 1981). Currently it is unknown whether loss structures with
different variances and skew can influence IGT choice. The following section will highlight how
higher-order distribution shapes with different variances and skew can influence decisionmaking; it will build a rationale to hypothesize their potential role in IGT choice.

1.6 – HIGHER-ORDER PUNISHMENT DISTRIBUTIONS AND DECISION
MAKING
The current assumption of IGT decision-making is that shifts in choice are driven by the
overall mean of decks and that learning occurs when rewards and punishments are summed into
EV estimates. This assumption falls in line with Expected Utility Theory that states that during
14

decision-making the risks and benefits are calculated into an overall EV estimate to guide choice
toward the option with the greatest overall value (Bernoulli, 1954). More recent theories
including Mean-Variance Models and Prospect Theory have revealed that decision-making
extends beyond EV (mean; first moment) and can be influenced by higher-order distribution
shapes such as variance (spread; second moment; Markowitz, 1952), and skew (asymmetry; third
moment; Tversky & Kahneman, 1981). Work to test these theories has revealed that decisions
can be influenced by the structure of outcomes, rather than their overall EV. Currently, to my
knowledge, the influence of these factors in a feedback-based task like the IGT has yet to be
investigated.
Within the decision literature the majority of work has been done using choice-based
tasks where payoff distributions are explicitly given and evaluated by the subject. In choicebased tasks with reward (positive gains; positive mean), decision-makers typically prefer low
variance to high variance gambles, despite them having equal EV (Burke & Tobler, 2011). They
also prefer positively skewed gambles that have a small chance of a large reward over gambles
with zero or negative skew and equivalent EV (Tverksy & Kahneman, 1981). Choice-based
gambles with punishment (negative loss; negative mean) however, have the opposite effect.
When the mirror image of the positively skewed reward gamble is reflected as a loss, with a
small probability of a large loss, decision-makers become risk adverse to its structure (Tverksy &
Kahneman, 1981; Tversky & Kahneman, 1992). The small chance of a large loss is largely over
weighted and decisions do not reflect an accurate EV estimate.
Within the IGT, decks vary in their loss structure on both variance and skew. In the highfrequency loss decks, deck A has a larger variance compared to deck C. Thus, it is possible that
aversion for deck A could be partially explained by an aversion for high variance loss. In the
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low-frequency loss decks (deck B and deck D) there is no variance as they have one punishment
per 10 trial selections. With regards to skew, deck B has a large negative skew, with a small
probability (p = 0.1) of a relatively large $1250 punishment. If negative skew in punishment
gambles is aversive, as suggested by Prospect Theory, choices may shift as an attempt to avoid
this structure (Tverksy & Kahneman, 1981). Thus, it is possible that decision-makers reduce
choice from deck B in a response to its distribution shape, rather than by computing EV per se.
Currently, it is difficult to dissociate potential influences of variance and skew on IGT
performance, as decks are unequal across many dimensions. Furthermore, these hypotheses are
speculative as the influence of variance and skew has only been investigated in choice-based
decision-making tasks. Thus, the goal of chapter 3 is to investigate whether loss distributions
with different variances and skew can influence choice in a feedback-based decision-making task
like the IGT.

1.7 – THESIS OVERVIEW AND PURPOSES
It is clear that there is still a lot unknown about the factors that influence IGT learning
and their underlying neural mechanisms. The work in this thesis aims to address the following
three questions: 1) can a period of intervening sleep enhance IGT learning, 2) what sleep
mechanisms are involved in this process and how do they enhance distinct aspects (i.e., deck
choice) of performance, and 3) above frequency and EV, can higher-order punishment
distribution characteristics such as variance and skew influence IGT choice? Collectively,
answering these three questions will provide a better understanding of how the IGT system
functions and can be utilized in future work to understand decision-making in many different
populations.
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In chapter 2 of my thesis I will use a standard behavioural paradigm to identify whether a
period of intervening sleep can enhance IGT learning. This paradigm is designed to control for
factors that may influence IGT choice, such as time-of-day and hours of prior wakefulness. In
chapter 3 I will use EEG to explore how sleep architecture (Stage 2, SWS, REM) and sleep stage
properties (spectral frequencies and topographical location) change following learning of the
IGT and correlate with improvement on individual decks A, B, C, and D. A highlight of this
chapter is the use of SCR recordings during initial learning of the task to investigate whether
learning (measured via anticipatory SCRs) about individual decks (i.e., deck B) is specifically
related to sleep-related changes. This will help give insight into the aspect of the task that is
enhanced with sleep. Finally, chapter 4 examines whether structural components of punishment
distributions, including variance and skew, can influence decision-making in a feedback-based
task like the IGT. While holding frequency and EV constant, I use modified IGT decks to
systematically alter the variance and skew of punishment distributions. This design will allow me
to examine the independent effects of variance (low, medium and high) and skew (negative,
zero, positive) of punishment distributions, as well as their interactions.

1.8 – HYPOTHESES
In chapter 2 I hypothesize that individuals with intervening sleep between testing sessions
will show greater performance improvement at retesting compared to individuals with
intervening wakefulness. I also expect performance improvement to be reflected via a reduction
in deck B and increase in deck C and/or D. In chapter 3, I hypothesize that the duration of REM
sleep REM characterstics will increase following IGT learning. This increase may correlate with
deck B reductions specifically; however, REM could also play a generalized role in building EV
estimates and correlate with an improvement on all decks. Further, I hypothesize that theta power
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will increase specifically on EEG sites located above the vmPFC. Finally, I predict sleep-related
changes to correlate with anticipatory SCR activity toward deck B. Anticipatory SCRs toward
bad decks commonly reflect learning of the task. Given that learning in the IGT is largely reliant
on reducing deck B choice, is it expected that anticipatory SCRs toward deck B will correlate
with sleep-related changes. Lastly, my hypotheses for chapter 4 are less clear. If decision-making
operates similarly to choice gambles, I would expect fewer choices from the decks with high
variance and negatively skewed distributions. It is unclear whether the relationship is linear and
whether variance and skew will interact, as this is the first study to explore this question.
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CHAPTER 2
POST-LEARNING SLEEP IMPROVES COGNTIVE-EMOTIONAL DECISIONMAKING: EVIDENCE FOR A ‘DECK B SLEEP EFFECT’ IN THE IOWA
GAMBLING TASK
2.1 – ABSTRACT
The Iowa Gambling Task (IGT) is widely used to assess real life decision-making
impairment in a wide variety of clinical populations. Our study evaluated how IGT learning
occurs across two sessions, and whether a period of intervening sleep between sessions can
enhance learning. Furthermore, we investigate whether pre-sleep learning is necessary for this
improvement. A 200-trial version of the IGT was administered at two sessions separated by
wake, sleep or sleep and wake (time-of-day control). Participants were categorized as learners
and non-learners based on initial performance in session one. In session one, participants initially
preferred the high-frequency reward decks B and D, however, a subset of learners decreased
choice from negative expected value ‘bad’ deck B and increased choices towards the positive
expected value ‘good’ decks (decks C and D). The learners who had a period of sleep (sleep and
sleep/wake control conditions) between sessions showed significantly larger reduction in choices
from deck B and increase in choices from good decks compared to learners that had intervening
wake. Our results are the first to show that post-learning sleep can improve performance on a
complex decision-making task such as the IGT. These results provide new insights into IGT
learning and have important implications for understanding the neural mechanisms of “sleeping
on” a decision.

2.2 - INTRODUCTION
Decision-making can be difficult. To make a decision, individuals must use current
knowledge to predict and weigh all potential options. The decision process is particularly
difficult when options are complex and involve multiple risks and benefits, such as the decision
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to take a new job or move to a new city. A common word of advice to individuals before making
an important or difficult decision is to ‘sleep on it’. This implies that when weighing the risks
and benefits of multiple options, sleep may help sort through information to provide clear insight
to the answer. Although it is a common practice, there has yet to be strong evidence that sleep
facilitates the decision-making process.
The Iowa Gambling Task (IGT) is a widely used task that was designed to mimic real life
decision-making. In the IGT, individuals experience rewards and punishments as they select
from four card decks: A, B, C, D. Decks A and B are ‘bad decks’ that have high immediate
rewards ($100 per draw) and larger comparative punishments. Deck C and D are ‘good decks’
that have relatively smaller immediate rewards ($50 per draw) but smaller comparative
punishments. The good and bad decks result in a $250 positive or negative expected value (EV),
respectively, per 10 card selections (Bechara et al., 1994). Recent studies suggest that initial deck
preferences are driven towards decks with a high probability (0.9) of reward (bad deck B and
good deck D) compared to decks with a lower probability (0.5) of reward (bad deck A and good
deck C) (Chiu et al., 2008; Lin et al., 2007; Singh & Khan, 2009). Thus, advantageous decisionmaking relies on shifting choice away from bad deck B and replacing choices with good decks C
and/or D (Fernie & Tunney, 2006; Wasserman et al., 2012).
A wide body of literature has identified the neural mechanisms underlying learning of the
IGT. Areas linked to emotional processing, including the ventral striatum, insula and amygdala
have heightened activity during task acquisition (Ernst et al., 2002; Lawrence et al., 2008; Linnet
et al., 2010). These areas are thought to communicate affective information to the ventral medial
prefrontal cortex (vmPFC) which integrates previous emotion to reward and loss to guide future
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choice (Bechara et al., 1999; Lin et al., 2008; Li et al., 2010). Over time, associations are stored
in long-term memory via connections to hippocampal memory systems (Gupta et al., 2009).
Recent evidence suggests that the neural circuitry underlying IGT learning is sensitive to
periods of sleep deprivation (Venkatraman et al., 2007). Killgore et al. (2012) revealed that
compared to well-rested controls, 46 hours of sleep deprivation can lead to decision-impairments
in the IGT, marked by increased choice toward bad decks combined. Currently, it has yet to be
investigated whether learning in this system can be enhanced across multiple sessions, and across
periods with intervening sleep. In general, a period of sleep following learning promotes synaptic
changes and strengthens memories of recently acquired information (Rasch & Born, 2013;
Smith, 1995; Smith & Peters, 2011). Recent work suggests that post-learning sleep helps
facilitate insight into complex strategies and rule-based learning (Djonlagic et al., 2009;
Ellenbogen et al., 2007; Tse et al., 2007; Yordanova et al., 2008). Furthermore, it is well known
that sleep enhances memories for emotionally relevant stimuli (Baran et al., 2012; Nishida et al.,
2009). Considering the IGT is a decision-making task that integrates complex cognitive and
emotional information, and is sensitive to the effects of sleep deprivation, we suggest that postlearning sleep may facilitate this unique process.
A recent study by Pace-Schott et al. (2012) reported that individuals who engaged in
sleep following 100-trials of the original IGT had a significant improvement in choices from
positive EV decks compared to individuals that had intervening wakefulness. However, because
the sleep and wake group had differences in time of re-testing (morning and evening) and hours
of wakefulness prior to retesting (0-1 and 12 hours), conclusions could not be made on whether
post-learning sleep enhanced IGT decision making. The authors suggest that future research
should control for potential influences of time-of-day and amount of prior wakefulness on IGT
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performance. A second study by Abe et al. (2012) reported sleep-dependent improvement using
an instructional version of the IGT. Prior to engaging in sleep or wake, individuals were
instructed to click on each deck 6 times in a predetermined order. The authors report sleepdependent improvement; however, recent studies have revealed that instructed feedback of the
IGT does not engage the same underlying decision processes (i.e., activation of vmPFC) as the
original version (Ernst et al., 2002; Lawrence et al., 2008). Given this, it is unlikely the instructed
version of the task captured the decision processes of the original IGT.
The goal of our study was to determine whether post-learning sleep enhances
performance on the IGT. To do this, we administered the IGT and retested participants after 12
hours of wakefulness, 12 hours with intervening sleep, or 12 hours with intervening sleep
followed by 12 hours of wakefulness. The latter group was used to investigate potential
influences of time-of-day and hours of wakefulness before retesting. To measure improvement,
we used the traditional method of analysis (positive EV decks combined) reported by PaceSchott et al. (2012) and Abe et al. (2012). Additionally, we expanded the analysis by
investigating improvement across individual decks (A, B, C, D).
The major questions addressed were: 1) are deck choices initially driven toward decks
with high reward frequency, 2) how do individual deck choices shift as learning occurs, and 3)
does intervening sleep between sessions enhance performance? Given previous work, we
hypothesized that there would be an initial preference for deck B and D (Chiu et al., 2008; Lin et
al., 2007; Singh & Khan, 2009) and that learning would reflect a decrease in choices from bad
deck B and increase in choices from good decks C and/or D (Fernie & Tunney, 2006;
Wasserman et al., 2012). We expected that those who engaged in post-learning sleep would
show greater overall improvement than those in the post-learning wake condition.
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2.3 – GENERAL METHODS
2.3.1 - Pilot Task: Task Development
Within the sleep literature, sleep-related improvement is largely reliant on initial insight
being achieved prior to sleep (Djonlagic et al., 2009; Fogel et al., 2009; Peigneux et al., 2003;
Wilhelm et al., 2012), however, effects can be lost if participants hit a ceiling during initial
learning (Djonlagic et al., 2009; Peters et al., 2007). Given that very few studies have
administered the IGT across multiple sessions, our initial goal was to identify a version where
individuals show initial improvement during session one, and have room for improvement during
session two. We piloted two versions of the task, the original version with good and bad decks
placed side by side (A, B, C, D), and a more difficult shuffled version (Li et al., 2010; Preston et
al., 2007) with good and bad decks separated (C, A, D, B). Pilot testing of the original version
revealed a ceiling effect within the first 100 trials, with no room for improvement in a second
session. Pilot testing of the 200-trial shuffled version revealed a moderate improvement in
session one and further improvement during session two. For this reason, we chose the 200-trial
shuffled version for our study. This version maintained the same punishment and reward
structure (Bechara et al., 1994) and shift in deck choice across learning as the original version.
2.3.2 - Participants
Participants were recruited through poster advertisements on Trent University and
Queen’s University campuses. Prior to selection, they were administered a telephone and online
screening questionnaire. The screening measures confirmed participants had healthy sleep
hygiene. This included being free from atypical sleep patterns (sleep time outside 22:00- 09:00,
shift work or napping), sleep disorders, use of sleep altering medications, head injuries, history
of depression, physical ailments, excessive alcohol use ( > 10 drinks per week), excessive
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caffeine use ( > 4 caffeinated beverages per day) and nicotine use. It also confirmed that
participants maintained a healthy sleep schedule, going to bed between 22:00-24:00 and waking
07:00-09:00 daily, with no trouble sleeping and experiencing little to no sleep disruptions
throughout the night. This sleep schedule and sleep hygiene behaviour were then used for
guidelines for participants to follow during participation. Participants that met these criteria were
randomly assigned to a 12-hour sleep condition (n = 33; female = 28; mean age = 20.6 ± SEM
0.37 years; age range = 18-25 years), 12-hour wake condition (n = 26; female = 21; mean age =
20.1 ± SEM 0.41 years; age range = 18-24 years), or 24-hour sleep/wake control condition (n =
33; female = 27; mean age = 20.3 ± SEM 0.38 years; age range = 18-24 years) prior to
participation.
2.3.3 - Protocol
Participants visited the lab one week prior to participation where they filled out a written
consent form and were given an Actiwatch and sleep and activity diary. They were reminded to
adhere to the sleep guidelines for the week prior to participation, as well as prior to and between
testing sessions. They were also instructed to avoid caffeine use after 15:00, refrain from using
alcohol on days with scheduled sessions, and to avoid caffeine use prior to morning testing
sessions. One week later, participants returned to the lab at two separate sessions to perform our
200-trial version of the IGT. The task was administered during session one, with session two
after 12 hours with intervening sleep (21:00-22:00 and 09:00-10:00), 12 hours with intervening
wake (09:00-10:00 and 21:00-22:00) or 24 hours with intervening sleep and wake (sleep/wake
control; 21:00-22:00 and 21:00-22:00) (Fig. 2.1).
To ensure participants were well-rested, and to investigate whether self-reported
sleepiness levels changed across sessions and between conditions, the Epworth Sleepiness Scale
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(ESS) was filled out at the beginning of each session. The ESS is an 8-item questionnaire
designed to measure daytime sleepiness. Within the scale, participants rate on a 4 point
questionnaire their likelihood of falling asleep in day-to-day situations. Total scores below 10
are considered normal in healthy young adults, and suggest that individuals are well-rested and
free from daytime sleepiness (Johns, 1991). Verbal instructions were given, as previously
reported in Seeley et al. (2014) and the task was administered for 200 trials, after which the
participant was told the task was over. The task began with $2000 in virtual money. As they
selected from decks, the reward and punishment value, net total and their updated cumulative
total was displayed on the screen. Decks were recycled after 40 trials, allowing for unlimited
choice from each deck. The same procedure was followed in session two. After session two
participants returned the Actiwatch, were debriefed and reimbursed $35 for their time. This study
received approval from the Queen’s University General Research Ethics Board and Trent
University Research Ethics Board.
Because participants slept at home and could not be directly monitored, actigraphy
(Actiwatch, Mini Mitter, Inc, Bend OR) provided a measure of physical activity and was used to
gather estimates of total sleep time across the 24 hour day. Using accelerometry, activity
measures were collected in 30 second epochs and the Actiwatch Mini Mitter software algorithm
was used to score each epoch as sleep or wake. This measure allowed us to confirm that
participants adhered to the guidelines, were well-rested, and had similar sleep histories.
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Fig. 2.1. Experimental design. The experimental design for participants in the sleep (n = 33), wake (n =
26) and sleep/wake control (n = 33) conditions. The shaded bar indicates the period of time in which sleep
occurs.

2.3.4 - Actigraphy Measures and Epworth Sleepiness Scores
To evaluate participants’ sleep history prior to participation, one-way simple effects
analyses of variance (ANOVA) of condition (sleep, wake, sleep/wake) were performed with
average total sleep time across the week (average TST; minutes) and total sleep time prior to
session one (prior TST; minutes) as dependent variables. Results revealed a non-significant
effect on average TST (F[2, 85] = 0.1, p = 0.99), and prior TST (F[2, 85] = 0.1, p = 0.99). The
sleep, wake and sleep/wake conditions were similarly well-rested and had a similar average TST
± SEM (467.8 ± 8.7, 469.2 ± 7.6 and 467.5 ± 7.4) and prior TST (465.1 ± 13.0, 463.0 ± 14.8, and
462.5 ± 21.6), respectively. Furthermore an independent sample t-test revealed that minutes of
total sleep time between session one and session two were similar in the sleep (431.5 ± 89.9) and
sleep/wake control (457.2 ± 55.7) (t [61] = -1.4, p = 0.17).
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To investigate whether self-reported sleepiness differed between sessions and across
conditions a two-way repeated measures ANOVA with condition (sleep, wake, sleep/wake) and
session (1 and 2) as independent variables were performed with ESS score as a dependent
variable. The condition x session ANOVA revealed a non-significant interaction for ESS scores
(F[2, 85] = 1.5, p = 0.23). The ESS scores (±SEM) in session one were 6.0 (±0.58), 6.3 (±0.54),
and 6.4 (±0.51) and for session two were 6.7 (±0.83), 5.2 (±0.79), and 5.7 (±0.73) in the wake,
sleep, and sleep/wake control conditions, respectively. All scores were well below the criteria
that would indicate daytime sleepiness (Johns, 1991) and did not change across sessions. Overall,
the actigraphy data and ESS scores verified that participants were similarly well-rested
throughout the entire duration of the study.

2.4 – INITIAL PERFORMANCE AND SLEEP-DEPENDENT IMPROVEMENT
IN ALL PARTICIPANTS
2.4.1 - Statistical Analysis
2.4.1.1 - Session One: Initial Learning
Our initial questions of interest were: 1) Are the initial deck preferences driven toward
deck B and D? and 2) As learning occurs, how do individual deck choices shift? We also aimed
to identify potential differences in deck preferences among conditions (sleep, wake, sleep/wake)
to ensure there were no group differences in session one. The 200-trials from session one were
split into 4, 50-trial blocks (Overman & Pierce, 2013). The dependent variable was proportion of
choices (total draws chosen/total number of possible draws) from each deck for each condition
within each block. To investigate how deck preferences changed from block 1 to block 4, and to
evaluate possible differences among conditions we performed a three-way ANOVA with
independent variables of block (1, 2, 3, 4), deck (A,B,C,D), and condition (sleep, wake,
sleep/wake). Greenhouse-Geisser corrections were made to avoid the effects of sphericity
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violations. To investigate initial and final deck preferences a one-way simple effects ANOVA of
decks was performed for block 1 and block 4 separately, followed by Tukey tests for pairwise
comparisons. In addition, to investigate how deck choices shifted, a repeated measures ANOVA
of block (1, 2, 3, 4) was performed for each deck followed by paired t-tests comparing block 1 to
block 2, block 2 to block 3, and block 3 to block 4.
2.4.1.2 - Improvement with Post-Learning Sleep
Our final questions of interest were: 1) whether intervening sleep between sessions
improved choices from positive EV decks combined (C and D) and if so, 2) whether
improvement was restricted to a specific deck? To calculate improvement the proportion of
draws per 200 trials was calculated for session one and session two in both the combined positive
EV decks (C and D) and each deck separately. The dependent variable was percent change
(session 2 proportion – session 1 proportion). A one-way ANOVA was performed with condition
(sleep, wake, sleep/wake) as the independent variable and percent change in positive EV decks
(C and D) as the dependent variable. Further, a two-way ANOVA with condition (sleep, wake,
sleep/wake) and deck (A, B, C, D) as the independent variables, and percent change as
dependent variable was carried out.
2.4.2 - Results
2.4.2.1 – Session One: Initial Learning
Averaging across conditions, in the first block (trials 1-50), deck B was most preferred
and decks B and D were preferred over deck A and C (Fig. 2.2A). Over trials, preference for
deck C increased and preference for deck A and B decreased (Fig. 2.2A). The block x deck x
condition ANOVA revealed a significant block x deck interaction (F[6.5, 767.5] = 10.26, p <
0.01). All other main effects and interactions were not significant. Tests of simple effects of deck
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at block 1 revealed a significant effect (F[3, 364] = 81.55, p < 0.01) with Tukey tests showing
deck B preferred over all decks, followed by deck D that was preferred over decks A and C.
Tests of simple effects of deck at block 4 revealed a significant effect (F[3, 364] = 19.1, p <
0.01), with Tukey tests showing deck B, C and D preferred similarly and above deck A.

Fig. 2.2. Session one deck choice and the subsequent improvement following a period of sleep
and/or wake. (A) Session 1 proportion (±SEM) of draws from each deck (A, B, C, D) in 4 blocks of 50
trials for all participants combined over condition (N = 92). Solid lines represent low-frequency penalty
decks and dashed lines represent high-frequency penalty decks; blue lines represent negative expected
value (EV) decks and orange lines represent positive EV decks. In block 1 participants choose
significantly more from deck B followed by deck D and least from decks A and C. In block 4 participants
choose similarly from deck B, C, and D, each with significantly more choices than deck A. Supported by
a significant block x deck interaction in a three-way analysis of variance (ANOVA) of block x deck x
condition, followed by significant simple effects of decks at block 1 and block 4, followed by significant
Tukey tests for pairwise comparisons. (B) Percent change (±SEM) in deck choice from session 1 to
session 2 in wake (n= 26), sleep (n= 33) and sleep/wake control (n=33) conditions. Percent change in
Deck C was significantly different from percent change in Deck B in ANOVA of condition by deck; there
were no significant effects of condition.
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Across the four blocks, the repeated measures ANOVA revealed a significant change
from deck A (F[3, 273] = 26.7, p < 0.01), deck B (F[2.4, 216.3] = 3.3, p = 0.03) and deck C
(F[1.9, 173.2] = 9.5, p < 0.01), and no significant change in deck D choice (F[2.1, 189.7] = 2.1, p
= 0.1). Choices from deck A significantly decreased from block 1 to block 2 (t[91] = 4.3, p <
0.01), and block 2 to block 3 (t[91] = 2.6, p = 0.01). Choices from deck B significantly reduced
from block 1 to block 2 (t[91] = 2.0, p = 0.048) and choices from deck C increased from block 1
to block 2 (t[91] = -2.5, p = 0.01) and block 2 to block 3 (t[91] = -2.7, p = 0.009) (Fig. 2.2A). No
other paired t-tests were significant. These results demonstrate that participants showed evidence
of learning, but still preferred deck B, C, and D in block 4, leaving room for improvement.
2.4.2.2 – Performance Improvement Following Sleep
For the positive EV decks (C and D) combined, there was no significant effect of
condition (F[2, 89] = 1.48, p = 0.23). Figure 2.2B shows the percentage change in choices from
each deck for each condition. Across all conditions, choices from deck C increased, choices from
deck A and B decreased and choices from deck D stayed the same. We found no evidence that
intervening sleep enhanced this improvement, evidenced by a non-significant deck x condition
interaction (F[6, 356] = 1.0, p = 0.41).
Close inspection of the data revealed that initial learning was driven by only a small
proportion of individuals. A subset (approximately 1/3) of individuals improved, where the
remaining participants had no improvement in session one. Considering it is well documented
that that the benefits of sleep are largely reliant on achieving pre-sleep learning (Djonlagic et al.,
2009; Fogel et al., 2009; Peigneux et al., 2003; Wilhelm et al., 2012), it is not surprising we were
unable to find evidence for sleep-dependent improvement. Researchers often use performance
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level at the end of training to isolate those who showed evidence of learning (Fogel et al., 2009;
Fogel et al., 2010; Smith & Wong, 2001; Yordanova et al., 2008). For this reason, we
categorized individuals into learners and non-learners to determine whether improvement is
localized to those who achieved some insight into the task prior to sleep.

2.5 – INVESTIGATING SLEEP-DEPENDENT IMPROVEMENT IN LEARNERS
AND NON-LEARNERS
2.5.1 – Statistical Analyses
2.5.1.1 - Categorizing Learners and Non-learners
Individuals were categorized into learners (n=30) and non-learners (n=62) based on their
performance in the last half of session one (total draws chosen from deck C and D combined in
trials 101-200). Using individual observations, and a previously established criterion (Fogel et
al., 2009; Fogel et al., 2010) we categorized learners and non-learners as those who reached
equal or more than 60% and less than 60% choices from combined good decks (decks C and D),
respectively (Fig 2.3A). A significant two-way block (1, 2, 3, 4) x group (learners, non-learners)
ANOVA confirmed group differences (F[2.7, 239.9] = 37.6, p < 0.001).
In the learners, a repeated measures ANOVA revealed that choices from good decks
significantly improved (F[2.4, 68.9] = 36.1, p < 0.001) with no significant improvement in nonlearners (F[2.6, 160.7] = 1.1, p = 0.34). Within learners paired t-tests revealed choices from good
decks significantly increased from block 1 to block 2 (t[29] = -3.9, p < 0.001), block 2 to block 3
(t[29] = -3.8, p < 0.001), and block 3 to block 4 (t[29] = -2.7, p < 0.05). Furthermore, Figure
2.3B suggests that learners decreased preferences for deck B, choosing predominately from good
decks C and D in the last 50 trials. Figure 2.3C suggests that non-learners prefer deck B and D
throughout the full 200 trials
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Fig. 2.3. Proportion of deck choices from those categorized as learners and non-learners during
session one. Session 1 proportion (±SEM) of draws in blocks of 50 trials from (A) positive expected
value (EV) combined (C and D) for learners (n=30) and non-learners (n=62) as well as each individual
deck (A, B, C, D) in (B) Learners and (C) Non-learners separately. All Learners reached 60% choices
from good decks in the last 100 trials, the cut-off criterion is represented by the grey dotted line (A).
Learners significantly improved choices from positive EV decks from block 1 to block 2, block 2 to block
3 and block 3 to block 4, with no significant improvement in the Non-Learners. Supported by a
significant group by block interaction in a two-way analysis of variance, followed by a significant simple
effects of block in Learners and significant Tukey tests of multiple comparison. The simple effects of
block in non-learners was non-significant. Learners appeared to reduce preference for deck B and
increase choices from deck C (B), while Non-learners did not appear to reduce deck B preference (C).
Solid lines represent low-frequency penalty decks and dashed lines represent high-frequency penalty
decks; blue lines represent negative EV decks and orange lines represent positive EV decks.
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The percentage of individuals classified as learners was slightly larger in the wake (38%;
N=10), compared to the sleep (30%; N=10) and sleep/wake (30%; N=10) groups. To ensure
improvement was equal between the three conditions we ran a block (1, 2, 3, 4) x condition
(sleep, wake, sleep/wake) ANOVA with proportion of choices from positive EV decks as the
dependent variable. As expected, the learners had a significant main effect of block (F[2.3, 63.0]
= 35.5, p < 0.001), and non-significant main effect of condition (F[2,27] = 1.0, p = 0.37) and
block x condition interaction (F[4.7, 63.0] = 0.77, p = 0.57). These results show that
improvement in session one was consistent among conditions .
2.5.1.2 - Learners and Non-learners: Performance Improvement Following Sleep
Our final question was whether sleep-dependent improvement was exclusive to those
with initial learning. A two-way ANOVA was performed with group (learners, non-learners) and
condition (sleep, wake, sleep/wake) as the independent variables and percent change in the
positive EV decks (C and D) as the dependent variable. The same simple effects ANOVA as the
original analysis was performed for learners and non-learners separately. Pairwise comparisons
were made with Tukey tests. To investigate improvement across individual decks, a three-way
ANOVA was performed with group (learners, non-learners), deck (A,B,C,D), and condition
(sleep, wake, sleep/wake) as independent variables and percent change as a dependent variable.
The same two-way condition x deck ANOVA as the original analysis was performed for learners
and non-learners separately. This was followed by individual simple effects ANOVA of
condition (sleep, wake, sleep/wake) for each deck, and Tukey tests for multiple comparisons.
Within the learners, the conditions that had intervening sleep (sleep and sleep/wake
control) had a significantly larger improvement in choice from positive EV decks compared to
the wake condition (Fig. 2.4A; for learning curves see Figure S.3A in supplementary 3). The
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two-way ANOVA revealed a significant group (learners, non-learners) x condition (sleep, wake,
sleep/wake) interaction (F[2,92] = 2.7, p = 0.04). A one-way ANOVA in the learners revealed a
significant main effect of condition (F[2,27] = 4.98, p = 0.014). Tukey tests revealed the sleep (p
= 0.005) and sleep/wake control (p=0.03) conditions exhibited a larger percent change in positive
EV decks than the wake condition. In the non-learners, a one-way ANOVA of condition revealed
a non-significant effect (F[2,59] = 0.004, p= 0.996). Results revealed a similar percent change in
choices from positive EV decks (C and D) in the sleep, sleep/wake control and wake groups (Fig.
2.5A.).
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Fig. 2.4. Improvement in deck choice following sleep and/or wake in learners. Percent change
(±SEM) from session 1 to session 2 in wake (n=10), sleep (n=10) and sleep/wake control (n=10)
conditions in draws from (A) good overall expected value decks (C and D) and (B) individual decks (A,
B, C, and D) of individuals who were categorized as learners in session 1. Improvement is reflected by a
negative percent change in deck A and B and positive percent change in deck C and D.
* Significant improvement (p < 0.05) for both sleep groups (sleep and control) compared to wake by oneway analysis of variance (ANOVA) followed by Tukey tests (A) and by two-way ANOVA revealing a
significant (p < 0.05) interaction followed by significant simple effects of group for deck B (p = 0.02)
followed by Tukey tests (B).
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Fig. 2.5. Improvement in deck choice following sleep and/or wake in non-learners. Percent change
(±SEM) from session 1 to session 2 in wake (n=16), sleep (n=23) and sleep/wake control (n=23)
conditions in draws from (A) good overall expected value decks (C and D) and (B) individual decks (A,
B, C, and D) of individuals who were categorized as non-learners in session 1. Improvement is reflected
by a negative percent change in deck A and B and positive percent change in deck C and D. The sleep
groups (sleep and control) did not significantly change compared to the wake group, as evidenced by a
non-significant one-way analysis of variance (ANOVA) (A) and two-way ANOVA (B).

Within the learners, the conditions that had intervening sleep (sleep and sleep/wake
control) had a significantly larger reduction in choices from deck B compared to the wake
condition (Fig. 2.4B). The group x condition x deck ANOVA revealed a significant three-way
interaction (F[6,344] = 2.7, p = 0.014). In the learners, a deck x condition ANOVA revealed a
significant interaction (F[6,108] = 2.26, p = 0.043). Test of simple effects of condition were
significant for deck B (F[2,27] = 7.61, p = 0.02). The sleep (p < 0.01) and sleep/wake control (p
= 0.015) condition decreased choices towards deck B significantly more than the wake condition
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(for individual learning curves see Figure S.3A in supplementary 3). There was a non-significant
effect of condition for deck A (F[2,27] = 0.74, p = 0.48), deck C (F[2,27] = 0.96, p = 0.4) and
deck D (F[2,27] = 1.93, p = 0.16).
In the non-learners, there was no evidence that intervening sleep enhancement
improvement, as evidenced by a non-significant deck x condition ANOVA (F[6, 236] = 0.16, p =
0.99). The wake, sleep, and sleep/wake control condition showed similar respective percent
changes (±SEM), reducing choices from bad decks A and B and increasing choices toward good
decks C and D (Fig. 2.5B).

2.6 - DISCUSSION
This study reveals the first clear evidence that post-learning sleep facilitates decisionmaking of the IGT. Individuals with initial learning had larger post-learning improvement
following a period of sleep compared to a period of wake (Fig. 2.4A). More specifically, we are
the first to demonstrate that sleep enhances performance via reduction in deck B (Fig. 2.4B) and
increase in positive EV decks combined (Fig. 2.4A).
As hypothesized, initial learning required reduction in choices from initially preferred
bad deck B, and increase toward positive EV deck C and/or D (Fig. 2.2A). Individuals improved
in session one (Fig. 2.2A) and showed further improvement during session two (Fig. 2.2B),
however, we found no initial evidence to support the idea that intervening sleep enhanced this
process (Fig. 2.2B). Close inspection of the data revealed that initial learning in session one was
driven by about one-third of participants. These learners decreased choice from deck B and
increased choice from deck C, gaining preference for positive EV decks at the end of session one
(Fig. 2.3B). The remaining non-learners preferred deck B throughout the 200-trials of session
one (Fig. 2.3C). Within the learners there was a significant decrease in deck B (Fig. 2.4B) and
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increase in positive EV decks C and D following a period of intervening sleep compared to a
period of intervening wake (Fig. 2.4A).
Our results build on previous work by Pace-Schott et al. (2012) by ruling out potential
influences of time-of-day or hours of prior wakefulness on improvement. The sleep/wake control
was administered session two at the same time as our wake condition (21:00-22:00) and showed
similar improvement to the sleep group who was administered session two in the morning
(09:00-10:00) (Fig. 2.1). We also found no evidence that time-of-day (morning vs. evening)
influenced initial performance on the task during session one and subjective sleepiness scores did
not significantly change between sessions or conditions. These results support the conclusion
that improvement was due to intervening sleep rather than time-of-day or hours of prior
wakefulness.
These results are the first to show strong evidence that post-learning sleep can improve
performance on a task that was designed to mimic real life decision-making. In the past, sleep
has been shown to enhance performance on many types of learning tasks, including motor
procedural (Peters et al., 2007), neutral declarative (Diekelmann et al., 2009), emotional
declarative (Baran et al., 2012) and complex cognitive tasks (Djonlagic et al., 2009; Ellenbogen
et al., 2007; Yordanova et al., 2008). The IGT is unique from these tasks, and referred to as a
cognitive-emotional task that integrates emotional response to decks in the vmPFC (Bechara et
al., 1996; Crone et al., 2004; Guillaime et al., 2009). This is the first evidence that sleep can help
promote learning of this nature. In addition, our results show that sleep may specifically enhance
learning of deck B. Deck B has a unique design. It is initially preferred, however, individuals
must integrate the large infrequent $1250 loss into their value estimate to discover it has a
negative EV. Numerous studies have revealed that IGT learning is guided by experienced and
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anticipated skin conductance response toward bad decks (Bechara et al., 1996; Crone et al.,
2004; Guillaime et al., 2009). Thus, experiencing negative emotions to deck B may be
imperative for IGT learning and subsequently enhanced with sleep. There has yet to be a study to
investigate the online neural mechanisms of this shift.
These results support the sleep deprivation literature that suggests cognitive processes of
IGT decision-making are intricately connected with sleep behaviour. A recent study by
Venkatraman et al. (2007) found that IGT impairment following sleep deprivation was due to a
generalized dampened activity in the vmPFC, and reduced activity in insula following a loss. The
authors suggest that sleep deprivation may impair the ability to learn from previous negative
experiences. Likewise, learning in the IGT, is marked by heightened activity in the vmPFC
(Ernst et al., 2002) and insula (Lawrence et al., 2008). Thus, one potential hypothesis for our
results is that the heightened activity of the vmPFC and insula that occurs while integrating loss
information into deck evaluations, may be subsequently processed and further enhanced during a
period of intervening sleep. Considering what is currently known in the IGT and sleep literature,
we speculate that rapid eye movement (REM) sleep may be specifically involved in this process.
REM sleep has been shown to enhance learning of complex cognitive tasks (Djonlagic et
al., 2009; Ellenbogen et al., 2007; Tse et al., 2007; Yordanova et al., 2008), as well as memory
for stimuli that evoke negative emotions (Baran et al., 2012; Nishida et al., 2009). Additionally,
several areas that are active during online learning of the IGT, including the ventral striatum,
amygdala, vmPFC and hippocampus (Ernst et al., 2002; Lawrence et al., 2008; Linnet et al.,
2010; Gupta et al., 2009), have heightened activity during REM sleep, compared to activity in
other stages of sleep and quiet wakefulness (Perogamvros & Schwartz, 2012). It was recently
suggested by the Reward Activation Model that the emotionally driven pathways active during
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wake are reactivated during REM sleep, and this reactivation contributes to memory
enhancement (Perogamvros & Schwartz, 2012). Thus, one potential explanation for our results is
that REM strengthens previously acquired learning by reactivating neural pathways that were
active during online learning. Furthermore, given the general role of REM in processing negative
emotions (Baran et al., 2012; Nishida et al., 2009), post-learning REM may be particularly
beneficial for processing negative emotions to deck B loss.
Another potential hypothesis for our results is that post-learning sleep may consolidate
declarative memory for deck representations through slow-wave sleep (SWS). SWS strengthens
memories that rely on hippocampal activity through activation of hippocampal-cortical
connections (Diekelmann et al., 2009; Schabus et al., 2004). It is possible that learners gained an
explicit knowledge of deck B during session one that was further enhanced via SWS. However,
due to the relatively little understanding of the neural mechanisms of individual deck choice, and
the neural processes of sleep, we can only speculate about the mechanisms for consolidation.
Future research to investigate these hypotheses would provide great insight into the role of postlearning sleep on decision-making processes.
In addition to our ‘deck B sleep effect’ choices trended toward deck D in the sleep
condition, and deck C in the sleep/wake control condition (Fig. 2.4B). These differences failed to
reach significance and we found no evidence that sleep improved performance on C or D
separately. Currently it is unclear what drives individuals toward deck C, deck D or a
combination of deck C and D and how individual strategies might evolve. Future studies could
use imaging techniques to investigate the underlying deck characteristics and neural mechanisms
that contribute to online and offline processing of deck B and positive EV decks.
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One surprising observation was that initial learning in session one was driven by
approximately 33% of participants. A likely explanation is that our version was designed for
difficultly. We also refrained from giving participants a “hint” that some decks were better than
others, which has been shown to significantly slow learning (Fernie & Tunney, 2006). It could
also be argued that our relatively young age (mean age = 20.7 ± SEM 0.2) (Cauffman et al.,
2010), and large percentage of female participants in the study (79%) (Overman & Pierce, 2013)
contributed to this effect. Our data revealed no evidence that age correlated with performance on
the task. We also found no differences in performance in males and females, and that males
(n=16) made up an equal percentage within the learners (16.7%; n=5); and non-learners (17.8%;
n=11). Currently, it is unclear what might distinguish a learner from non-learner. We suggest that
categorizing learners and non-learners may be a useful tool for future studies. Future work could
investigate whether learners and non-learners have distinct cognitive and neural processes that
influence both online and offline improvement on the task.
2.6.1. - Limitations and Outstanding Questions
One potential limitation in our study is that we have not fully controlled for all circadian
factors that might influence IGT performance. Although we have controlled for differences in
time of re-testing and hours of prior wakefulness between our sleep and wake conditions, factors
such as the timing of the sleep and wake periods, and the timing of the sleep period that followed
learning, were not fully controlled. To fully understand the role of sleep in processing IGT
learning, outstanding questions to address are: 1) does a sleep period during the day and wake
period during the evening elicit similar sleep-dependent learning effects, and 2) does the timing
of initial learning, and/or the length of time between learning and sleep influence sleep-
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dependent enhancement? Future research should seek to understand how sleep related processes
and processes that modulate circadian rhythms interact and influence IGT choice.
A potential factor that may limit the generalizability of our results is the use of virtual
money, rather than having participants compensated with real money based on their
performance. Recent evidence has found that sleep-dependent consolidation is enhanced when
the belief of future reward expectancy is introduced prior to sleep. That is, sleep-dependent
learning is mediated by the relevance that is assigned to the task prior to sleep (Fischer & Born,
2009; Wilhelm et al., 2011). Thus, it is possible that sleep-dependent improvement in the IGT is
more pronounced when decisions have high intrinsic motivation and mimic real-life scenarios.

2.7 - CONCLUSION
In summary, we are the first to provide evidence that post-learning sleep can enhance
performance on a task designed to mimic real life decision-making. These findings provide new
insights into IGT learning, and support the hypothesis that ‘sleeping on it’ facilitates decisionmaking. These findings have important implications for the role of sleep in processing decisionmaking experiences in a wide variety of populations. Future work should be aimed at identifying
the underlying cognitive and emotional processes and corresponding sleep mechanisms that help
facilitate this unique process.
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CHAPTER 3
THETA ACTIVITY IN THE PREFRONTAL CORTEX DURING RAPID EYE
MOVEMENT SLEEP IS ASSOCIATED WITH DECK B IMPROVEMENT ON
THE IOWA GAMBLING TASK
3.1 – ABSTRACT
Recently it has been demonstrated that a period of sleep can enhance performance on the
Iowa Gambling Task (IGT); this improvement is reflected by a decrease in choice from high
magnitude/frequency reward “bad” deck B with negative long term outcomes. Using
electrophysiology our study investigated the sleep stages [stage 2, slow-wave, and rapid eye
movement sleep (REM)] and sleep stage properties (power spectral frequencies and topographic
locations) that underlie this improvement. We recorded sleep on 3 consecutive nights: a
habituation, baseline and acquisition night. On the acquisition night participants were
administered either a 200-trial IGT (IGT group; N =13) or a 200-trial control (IGT-control
group; N = 8) version of the task prior to sleep. Compared to baseline (and the IGT-control
group), the IGT group had a significant increase in theta frequency (4-8 Hz) power during REM
sleep on sites located above the ventromedial prefrontal cortex (vmPFC) and left prefrontal
cortex. This increase correlated with subsequent performance improvement from deck B.
Furthermore, pre-sleep emotional arousal (measured via skin conductance response) toward deck
B correlated with the heightened theta power above the right vmPFC. Overall, these results
suggest that insight into deck B may be enhanced via prefrontal cortex theta activity during REM
sleep and that REM sleep may have distinct mechanisms for processing decision-making
information.
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3.2 - INTRODUCTION
“Sleep on it” are common words of advice given to individuals making important or
difficult decisions. When decisions are complex and involve weighing multiple risks and benefits
of several options, many believe that a night of sleep can help sort through information to
provide a clear answer upon awakening. A popular decision-making task, the Iowa Gambling
Task (IGT) recently was used to provide evidence to support this common belief; Seeley et al.
(2014) found that IGT performance improved from the first to the second trial when a period of
sleep intervened.
During the IGT, individuals choose from four decks (A, B, C, D). Each deck delivers
consistent monetary rewards and inconsistent monetary punishments of different magnitude and
frequencies. Decks A and B are “bad decks”, with high reward ($100 per draw) but relatively
high punishments, resulting in a negative expected value (EV; -$250) per 10 card selections.
Decks C and D are “good decks”, with a small reward ($50 per draw) but relatively small
punishments, resulting in a positive EV ($250) per 10 card selections. Recent studies suggest that
decision-makers initially prefer the low-probability (p =0.1) punishment decks (B and D) and
avoid the high-probability punishment (p=0.5) decks (A and C) (Chiu et al., 2008; Lin et al.,
2007; Singh & Khan, 2008). Thus, successful performance relies on shifting choice away from
bad deck B by integrating the large infrequent $1250 punishment into its value estimate (Fernie
& Tunney, 2006; Seeley et al., 2014; Wasserman et al., 2012). Seeley et al. (2014) found that
sleep-related improvement (a decrease) in choice from deck B was restricted to those who gained
insight into the task prior to sleep. It is unknown what stage of sleep might be processing
previous learning about deck B.
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A key brain area for IGT decision-making is the ventral medial prefrontal cortex
(vmPFC). Areas linked to emotional processing including the ventral striatum, insula and
amygdala are thought to communicate affective information to the vmPFC where it is integrated
with previous affective information about reward and punishment to control choice behavior
(Bechara et al., 1999; Ernst et al., 2002; Fellows & Farah, 2005; Lawrence et al., 2008; Linnet et
al., 2010). Early work by Bechara et al. (1996) used skin conductance responses (SCRs) to show
that the vmPFC is important for generating anticipatory emotional response toward negative EV
decks. It is now well established that anticipatory SCRs toward bad decks precede explicit
learning of the task and drive choices away from negative EV decks (Bechara & Damasio, 2002;
Crone et al., 2004; Guillaime et al., 2009; Wagar & Dixon, 2006). Perhaps vmPFC activity
during sleep is linked to memory processing.
Rapid Eye Movement (REM) sleep may be specifically involved in processing memories
of the IGT. In general, REM sleep is found to enhance performance on complex cognitive tasks
(Smith, 2010; Smith & Peters, 2011; Djonlagic et al., 2009) as well as memory for stimuli that
elicit negative emotions (Baran et al., 2012; Nishida et al., 2009; Hu et al., 2006). During periods
of REM sleep, areas involved in IGT learning including the vmPFC, striatum, amygdala and
hippocampus show heightened activity (Hobson & Pace-Schott, 2002; Perogamrvos & Schwartz,
2012). Converging evidence suggests that activity in these areas in the theta frequency (4-8 Hz)
band is closely linked to retention for emotional memories (Diekelmann et al., 2009; Nishida et
al., 2009, Popa et al., 2010; Deliens et al., 2014). For example, Nishida et al. (2009) found that
theta oscillations on sites above the human frontal cortex during REM sleep are linked to
memory for stimuli that elicit negative emotions. Popa et al. (2010) found that in rodents,
synchronized theta activity between the amygdala, medial PFC and hippocampus during REM
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sleep increased retention for a fear retrieval task in a rodent model. It is unknown whether theta
activity during REM sleep may be linked to processing of a decision-making task like the IGT.
Additionally, phasic components of REM sleep often linked to memory processing are
rapid eye movements (REMs). REMs are a phasic bursts of eye movement that occur throughout
REM sleep. Some research has found increases in density (eye movements/minute) of REMs
following emotional declarative learning (Smith, 2010) where others have reported no increase
(Ward et al., 2014). Likewise, REMs have also been linked to processing of cognitive procedural
learning tasks (Smith et al., 2004). In addition to REMs, the latency of time before the first REM
period to occur (REM latency) has been shown to decrease when sleep is preceded by emotional
arousal (Nishida et al., 2009; Talamini et al., 2013). However, there has yet to be an established
linked between REM latency and emotional memory processing.
Our goal was to perform a detailed investigation of the sleep architecture (i.e., sleep
stages), sleep-stage properties (i.e., spectral frequencies and topographic location) and
characteristics of REM sleep (REM density, REM latency and number of REM periods) that may
underlie post-learning processing of deck B. Because post-learning REM sleep facilitates
learning of complex cognitive tasks and tasks of an emotional nature, we suggest that REM sleep
may increase following learning of the task. Furthermore, given that the vmPFC is largely
involved in IGT learning, and has heightened activity during REM sleep, we predict an increase
in theta power on sites above the vmPFC during post-learning REM sleep. Finally, it is also
possible that characteristics of REM sleep, including REM density, REM latency and the number
of REM periods may be linked to consolidation of IGT learning as well. Overall, we expect
sleep-related changes to be correlated with improvement from deck B rather than deck A, C, D
or good decks (C and D) combined. Finally, because pre-sleep insight is imperative for sleep-
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related enhancement of IGT (Seeley et al., 2014), we expect that individuals who develop
anticipatory SCRs to deck B will have sleep-related changes.

3.3 - METHODS
3.3.1 - Subjects
Participants were recruited through poster advertisements on Trent University campus
and were initially screened using telephone and online questionnaires. Participants were included
if they reported the following criteria: average of 7-8 hours of uninterrupted sleep per night,
sleep time occurring between 22:00-24:00 and 07:00-09:00, no daytime napping or shift work,
limited daily caffeine use (< 3 cups a day prior to 15:00), limited alcohol use (<10 drinks a week)
and no nicotine use. All participants were right-handed, scored below 10 on the Beck Depression
Inventory (Beck et al., 1961), and had no history of concussions or traumatic brain injuries, and
no current psychological conditions and/or medication use that could disrupt sleep architecture.
Sleep and activity diaries were used to verify that participants maintained this status beginning
the week prior to participation and until the study was complete. In total, 21 participants [mean
(± SEM) age = 20.1 ± 0.3 years; age range = 19-24 years; female = 17] met these criteria and
successfully completed the study.
This research was approved by the Trent University Ethics Board.
3.3.2 - General Procedure
Following a week of stabilization, participants came into the lab to have polysomnogram
(PSG) recordings taken during three consecutive nights of sleep. The first night was an
acclimatization night where participants got used to sleeping with electrodes on and while in a
new environment. Participants arrived to the lab at 21:00 and had an electrode montage (see
below) applied prior to a night of sleep. The second night was a baseline night, used to provide a
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measure of baseline sleep so changes in sleep architecture could be identified following
administration of the task on the third night. Participants arrived at 20:30 and had the same
electrode application, followed by a night of sleep. The third night was the acquisition night that
introduced the learning task prior to sleep. Participants arrived at 20:00 and had the electrode
application. Participants were randomly administered the IGT (n=13) or IGT-control (n=8) task,
followed by a night of sleep. The IGT-control was used to ensure any sleep related changes on
acquisition night were specific to IGT learning. In the morning, the IGT group was readministered the IGT (session two) after having an opportunity to shower and eat a light
breakfast. Following session two, participants were debriefed and paid $75 for their time.
On all nights, lights out was encouraged before 23:30 and lights on was at 08:00. During
the day, participants left the lab and were reminded to adhere to the sleep and wake guidelines.
On days with scheduled PSG recordings, participants were instructed to refrain from alcohol use
and if possible, avoid engaging in new forms of learning (e.g., video games, musical
instruments).
3.3.3 - Task Versions
3.3.3.1 – The Iowa Gambling Task

For the IGT group, we administered the same 200-trial shuffled version as previously
reported in Seeley et al. (2014). This version maintained the same reward and punishment
structure as the original (Bechara et al., 1996), with a more difficult ‘shuffled’ deck placement
(C, A, B, D) (Li et al., 2010; Preston et al., 2007; Seeley et al., 2014). Instructions for the task
were given as previously reported in Seeley et al. (2014). To allow for the collection of
anticipatory SCRs the task was modified to have a 10-s delay between trials (Bechara et al.,
1996; Crone et al., 2004; Wagar & Dixon, 2006) and timing signals were used to identify
anticipatory SCRs.
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The task began with a green light that signaled participants to make a deck selection.
Following the selection the light turned red for 5-s and the screen displayed the monetary reward,
monetary punishment, net gain and cumulative net total. The light then turned yellow, signaling
participants to place the mouse over their next choice. It remained yellow for 5-s “anticipatory
period”. Electrodermal activity during this time was used to score anticipatory SCRs. Following
the 5 s anticipatory period the light turned green, signaling participants to make their preestablished choice. This procedure continued for 200 trials. Decks were recycled after 40 trials
allowing for unlimited choice from each deck. Prior to administration of the task, a five-trial
practice task was administered, to ensure participants understood the timing signals.
3.3.3.2 - The Iowa Gambling Task Control Task

The IGT-control task was designed to mimic the IGT without the learning or complex
decision-making component. It maintained the same timing signals, number of deck choices, and
visual output as the IGT task, however, participants did not receive monetary reward or
punishment for their selections. This design ensured that the control participants spent an
equivalent amount of time watching a computer screen, monitoring timing signals, and making
deck selections (i.e., motor movements) as the IGT group. Participants were instructed that they
would not receive feedback for their choice, and to continue making deck selections until the
task was over.
3.3.4 - Polysomnogram Recordings
PSG recordings were done using Neuroscan (Version 4.5.1). The electrode hook-up
included an 18-channel standard montage that recorded electroencephalogram (EEG),
electromyogram (EMG) and electrooculogram (EOG) signals. EOG (left and right ocular
canthus), EMG (left and right chin), cortical surface EEG (C3, C4, CZ, FZ, F3, F4, F7, F8 FP1,
and FP2), a ground (FPZ), reference (AFZ) and bipolar A1/A2 channels were placed according
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to the International 10-20 system (Jasper, 1958). FP1 and FP2 sites were used as a best surfaced
EEG estimate for vmPFC lobe activity. EEG and EOG signals were high- and low-pass filtered
at 100 Hz and 0.05 Hz, respectively and a bipolar mastoid channel was recorded from A1 and
A2. All electrode signals were below < 5 k Ω and recorded at a rate of 250 Hz using a 60 Hz
notch filter.
3.3.5 - Skin Conductance Response
During session one, electrodermal activity was collected using Biopac MP36 (Biopac
Systems, CA, USA). Two Ag-AgCl electrodes filled with isotonic gel were placed on the medial
phalanx of the index and middle finger of the left hand. SCR activity was recorded and displayed
on a computer screen in a separate room. Each time a card selection was made, the deck choice
was simultaneously marked on the recording to ensure that deck selections could be identified.
To minimize signal artifacts, participants were instructed to rest their left hand on the desk and
keep it still until the task was complete.

3.4 – DATA PROCESSING AND STATISTICAL ANALYSES
3.4.1 - Task Performance
3.4.1.1 - Initial Learning Session One

To investigate whether the IGT group had initial learning during session one, the 200
trials were split into blocks of 50 trials (Overman et al., 2013; Seeley et al., 2014). The
dependent variable was proportion of choices (total draws chosen/total number of possible
draws) within each block for each deck. To investigate whether deck preferences changed across
the 200 trials we performed a block (1, 2, 3, 4) x deck (A, B, C, D) analyses of variance
(ANOVA). Greenhouse-Geisser corrections were used to avoid the effects of sphericity
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violations. Significant main effects of deck were followed by Tukey tests for pairwise
comparisons.
3.4.1.2 - Improvement Across Sessions

To investigate whether improvement occurred from session one to session two, the
overall proportion of draws per 200 trials were calculated for session one and session two in the
positive EV decks (C and D) and each individual deck (A, B, C, D). A paired t-test was
performed with session (1, 2) as the independent variable and proportion of draws from good
decks combined (C and D) as the dependent variable. To investigate how each individual deck
choice changed across sessions a two-way ANOVA with session (1, 2) and deck (A, B, C, D) as
the independent variables and percent change as the dependent variable was performed.
3.4.2- Sleep Architecture
PSG recordings were visually scored in PRANA (Version 9.9) in 30-s epochs using
standard procedures from Rechtschaffen and Kales (1968). A computer algorithm previously
reported by Fogel et al. (2009) was used to detect and mark high-frequency movement artifact.
Each subject was scored blind to their night and condition and inter- and intra-rater reliability
was at least 85%. The sleep architecture values obtained from the PSG recordings on baseline
and acquisition night were total min of sleep period time (SPT), total sleep time (TST), sleep
efficiency (SE; TST/SPT), stage 1, stage 2, SWS and REM. The SPT value reflected the time
interval from the initial detection of stage 1 to the last sleep epoch of sleep prior to lights on. The
TST reflected the min asleep during this time.
The dependent variables used for analyses were SPT, TST, and percentage of SPT spent
in Stage 1, Stage 2, SWS and REM during baseline and acquisition night. To investigate whether
sleep architecture changed following administration of the IGT, a Night (Baseline, Acquisition) x
Group (IGT, IGT-Control) ANOVA was performed for each dependent variable. We
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hypothesized that individuals in the IGT group will increase in % REM sleep from baseline to
acquisition and that individuals in the IGT-control group will not. We expected no changes in
SPT, TST, % Stage 1, % Stage 2 and % SWS in the IGT or IGT -control group.
3.4.3 - Power Spectral Analysis
Power spectral analysis was done using the scored artifact-free 30-s epochs reported
above. The absolute power spectrum at each EEG site was calculated using fast Fourier
transform for delta (0.5-4 Hz), theta (4-8 Hz), alpha (8-12 Hz), sigma (12-16 Hz), beta (16-35
Hz) and gamma (35-45 Hz) frequency bands. All data were referenced to A1/A2 reference
electrodes prior to analysis. Hanning window with 2-s overlap was applied and data were
averaged into 30-s epochs. There was no minimum length of continuous epochs to be included in
the analyses. The absolute spectral power values for each frequency band were averaged across
each sleep stage separately (REM, SWS and stage 2) for each individual electrode site (CZ, FZ,
F3, F4, F7, F8, FP, FP2) and log transformed calculations were applied.
Within each sleep stage a mixed three-way Night (baseline, acquisition) x Group (IGT,
IGT-control) x Site (CZ, FZ, F7, F8, F3, F4, FP1, FP2) ANOVA was performed with spectral
power value as the dependent variable. Significant interactions were followed up with a two-way
Night (baseline, acquisition) x Group (IGT, IGT-control) ANOVA for each site, then one-way
simple effects ANOVA of night for each group and Tukeys tests for multiple comparisons. We
hypothesized the IGT group will show increased theta power during REM sleep in sites FP1 and
FP2 which are located above the vmPFC. We expected no change in either group during stage 2
or SWS.
To investigate whether changes in power spectral values correlate with post-sleep IGT
improvement we performed Pearson correlations between change in power spectral value and
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IGT improvement score. Power spectral change scores were calculated for each significant
variable by subtracting the acquisition night from baseline night value. IGT improvement scores
were calculated for good decks combined (C and D) and each deck separately (A, B, C, D) by
subtracting the proportion of choices in session 2 from the proportion of choices in session one.
The data were checked for outliers and all values were within three standard deviations of the
mean. For each deck and good decks combined, Pearson correlations were performed between
the power spectral change value and IGT improvement score.
3.4.4 - Anticipatory Skin Conductance Response
As a means to investigate whether pre-sleep insight is related to sleep related changes, we
analyzed anticipatory SCR activity toward deck B during session one. Analysis was done using
Acqknowledge 3.9.0 software. All recordings were screened for movement artifact prior to
analysis. Baseline measures were removed using a high pass IIR filter set to 0.05 Hz. The SCR
was defined as the peak-to-peak amplitude difference (microseimens) during the 5-s interval
prior to each deck selection (Crone et al., 2004; Miu et al., 2008; Wagar & Dixon, 2006).
Because the participants had large inter-individual variability in SCRs, each participant’s average
anticipatory response for each deck was normalized to the average anticipatory response of all
decks (A, B, C, D) combined. The data were checked for outliers and all values were within
three standard deviations of the mean. Pearson correlations were performed to investigate
whether average anticipatory SCRs toward deck B correlated with significant sleep related
changes. To rule out that learning was specific to deck B we performed the same analysis on
decks A, C and D but did not expect significant results.
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3.4.5 - REMs, REM latency, and Number of REM Periods
Analyses were performed with the scored artifact-free 30 second epochs on baseline and
acquisition nights. An automated rapid eye movement detector from PRANA software was used
to detect the frequency of REMs that were over 25 Vs in amplitude. This process has been
previously cited by Ray et al. (2010), and validated by Ward et al. (2014). REM latency
measures reflect the number of minutes between first epoch of stage one and the first observable
REM period. A minimum duration of 3 minutes was required to be considered a REM period and
at least 5 minutes of NREM or wake was required to end a given REM period (Rechtschaffen &
Kales, 1968). To investigate whether REM characteristics change following IGT learning, Night
(Baseline, Acquisition) x Group (Experimental, Control) ANOVAs were performed with REM
density, REM latency and average number of REM periods as the dependent variables.

3.5 - RESULTS
3.5.1 - Task Performance
3.5.1.1 - Initial Learning in Session One

The experimental condition did not show evidence of initial learning during session one
(Fig. 3.1A). Participants preferred low-frequency penalty decks B, and did not shift choice
toward good decks C and/or D across four trial blocks. Results revealed a main effect of deck (F
(3, 48) = 8.6, p < 0.001), with deck B preferred over high-frequency penalty decks A (p = 0.001)
and C (p < 0.001). Deck B appeared to be preferred over deck D, however this difference failed
to reach significance (p = 0.09). A non-significant block x deck interaction revealed that choices
did not change across the trial blocks (F (7.2, 115.0) = 0.49, p = 0.88).
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3.5.1.2 - Improvement Between Sessions

Despite no behavioural evidence of initial learning in session one, improvement between
sessions was equivalent to the sleep-related improvement previously reported by Seeley et al.
(2014) (Fig. 3.1B). The one-way ANOVA of session (1, 2) on the good decks combined revealed
that mean (± SEM) proportion of choices from the good decks significantly improved from
session one (0.44 ± 0.04) to session two (0.60 ± 0.05; F (1,12) = 5.7, p = 0.03) in the IGT group.
Overall, participants increased choices from good decks by 16.1%, which is comparable to the
12-15% sleep-related improvement previously reported by Seeley et al. (2014). The session (1,
2) x deck (A, B, C, D) ANOVA revealed a trend towards a main effect of deck suggesting that
participants had a generalized improvement in all decks that was not restricted to a specific deck
(F (3,48) = 2.3, p = 0.09; for full learning curves see Figure S.3B in supplementary 3).

Fig. 3.1. Session one deck choice and subsequent improvement in session two following a period of
sleep. (A) Session 1 mean (± SEM) proportion of draws from each deck (A, B, C, D) in 4 blocks of 50
trials each (N = 13). Solid lines represent low-frequency penalty decks and dashed lines represent highfrequency penalty decks; blue lines represent negative expected value (EV) decks and orange lines
represent positive EV decks. Participants preferred deck B supported by a significant main effect of deck
in a block x deck two-way analysis of variance, followed by significant Tukey tests for pairwise
comparisons. A non-significant interaction revealed that deck preferences did not change across the trial
blocks. (B) Mean (±SEM) proportion of choices from each deck (A, B, C, D) in session 1 and session 2 (
N = 13). In general, proportion of choices decreased from bad decks A and B and increased toward good
decks C and D.
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3.5.2 - Sleep Architecture Changes
There were no significant differences in sleep architecture from baseline to acquisition night in
the IGT or IGT-control group. The Night x Group interactions for SPT, TST, sleep efficiency,
and sleep stages were not significant as summarized in Table 3.1.
Table 3.1. Sleep architecture (±SEM) on baseline and acquisition night in the IGT and IGTControls

3.5.3 - Power Spectral Changes
3.5.3.1 - Power Spectral Changes: REM Sleep

In the IGT group, theta power appeared to increase during REM sleep on sites above the left and
right medial prefrontal cortex (FP1 and FP2) as well as the left lateral prefrontal cortex (F7)
following IGT training on the acquisition night compared to baseline (Fig. 3.2A); no comparable
increases were seen on any sites in the IGT-control group. The Night x Group x Site ANOVA
revealed a significant 3-way interaction effect for the theta frequency band only (F(7,147) = 2.1,
p = 0.045). Three-way interactions from ANOVA for delta (F(7,147) = 1.2, p =0.3), sigma
(F(7,147) = 0.78, p = 0.61), beta (F(7,147) = 0.15, p = 0.99), alpha (F(7,147) = 0.32, p =
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0.95),and gamma (F(7,147) = 0.37, p =0.92) frequencies were not significant (Figure S.1;
supplementary 2).

Fig. 3.2. Theta power spectral (dB) activity during REM sleep on baseline and acquisition night in
the Iowa Gambling Task (IGT) and IGT-control groups. Log transformed absolute power spectral
values for theta frequency range (4-8 Hz) on sites CZ, FZ, F3, F4, F7, F8, FP1 and FP2 during REM sleep
on baseline and acquisition night. Results revealed a significant three-way interaction in analysis of
variance (ANOVA) of night x group x site, followed by a significant two-way ANOVA of night x group
on sites FP1, FP2, and F7 only. Simple effects one-way ANOVA of night on each site revealed A)
significant effects in the IGT group ( N = 13), that increased activity from baseline to acquisition on sites
FP1, FP2, and F7, and B) non-significant effects in the IGT-control group.
* significant increase (p < 0.05) by Tukeys test for multiple comparisons.

Interactions in follow-up Night x Group ANOVA on the theta frequency band was significant for
sites FP1 (1,19) = 4.7, p = 0.04), FP2 ( F(1,19) = 4.8, p =0.04), and F7 (F(1,17) = 7.4, p = 0.015),
but non-significant for sites F8 (F(1,18) = 2.1, p = 0.16) and the remaining sites: CZ (F(1,18) =
0.13, p = 0.78), FZ (F(1,18) = 1.4, p = 0.26), F3 (F(1,19) = 0.08, p = 0), and F4 (F(1,19) = 0.10,
p = 0.75). Post hocs comparisons revealed a significant increase in theta power from baseline to
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acquisition night on sites FP1 (F(1,12) = 3.8, 0.04), FP2 (F(1,12) = 4.5, p = 0.03) and F7 (F(1,11)
= 3.4, p = 0.04) in the IGT group only. The IGT-control subjects (Fig. 3.2B) showed no
significant change at FP1 (F(1,7) = 1.8, p = 0.22), FP2 (F (1, 7) = 1.4, p = 0.28), or F7 (F(1,6) =
5.5, p = 0.09) (Fig. 3.2B). Overall, these results reveal that theta power on prefrontal cortex sites
(FP1 and FP2), as well as left prefrontal cortex (F7) significantly increases during REM sleep
after exposure to the IGT.
3.5.3.2 - Correlation Between Theta Power Change and Deck Improvement

In the IGT group, Pearson correlations revealed that individuals with increased theta
power on sites FP1, FP2 and F7 during REM sleep, had a larger reduction in choice from deck B
during session two.

Fig. 3.3. Relationship between Deck B improvement across sessions and rapid eye movement sleeprelated changes in power spectral theta during post-learning sleep. The correlation between the
improvement (a decrease) in deck B choice (proportion of draws in session 1 – proportion of draws in
session 2) and the change (baseline - acquisition night) in log transformed absolute power spectral theta
activity (4-8 Hz) on sites A) FP2, B) FP1, and C) F7 in the Iowa Gambling Task group.
The line of best fit and R squared (R 2) is shown. All correlations are significant (p < 0.025).
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Improvement (a decrease) in choices from deck B significantly correlated with theta power
change scores for sites FP1 (p = 0.017; Fig. 3.3B), FP2 (p =0.017; Fig. 3.3A), and F7 (p = 0.022;
Fig. 3.3C). Improvement in choice from deck A, C and D or good decks (decks C and D)
combined did not significantly correlate with theta power change scores on these sites.
3.5.3.3 - Power Spectral Changes: SWS and Stage 2 Sleep

As expected, power spectral activity showed little change at any site during SWS or stage
2 from baseline to acquisition night in the IGT or IGT-control groups. The Night x Condition x
Site ANOVA revealed non-significant 3-way interaction effects during both SWS and Stage 2
sleep. During SWS, delta (F(7,147) = 1.7, p = 0.12), theta (F(7,147) = 0.95, p = 0.47), sigma
(F(7,147) = 0.69, p = 0.69), alpha (F(7,147) = 0.6, p = 0.75), beta (F(7,147) = 0.9, p = 0.99), and
gamma (F(7,131) = 0.42, p = 1.0) were not significant (S.2; Supplementary 2). During stage 2,
delta (F(7,147) = 1.3, p = 0.28), theta (F(7,147) = 1.3, p = 0.24), sigma (F(7,147) = 1.1, p =
0.39), alpha (F(7,147) = 0.93, p = 0.48), beta (F(7,147) = 0.23, p = 0.99), and gamma (F(7,131) =
0.008, p = 1.0) were not significant (S.3; Supplementary 2). Overall, power spectral activity did
not change significantly during SWS or Stage 2.
3.5.4 - Anticipatory Skin Conductance Response: Session One
Individuals with higher anticipatory SCRs for deck B during session one exhibited larger
changes in theta power on site FP2 during REM sleep (Fig. 3.4). The average anticipatory SCRs
toward deck B significantly correlated with change in FP2 theta power (p=0.04), but did not
significantly correlate with change in FP1 (p = 0.12) or F7 (p = 0.32) theta power activity. As
expected, we found no evidence that anticipatory response to deck A, C, or D correlated with
increased theta power on sites FP1, FP2 or F7 (p > 0.05). These results reveal that anticipatory
SCRs toward deck B are linked to increased theta power in the right prefrontal cortex (PFC)
during post-learning REM sleep.
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Fig. 3.4. Relationship between Deck B anticipatory skin conductance response (SCR) during
session one and REM sleep-related changes in FP2 power spectral theta. The Pearson correlation of
the average anticipatory GSR response (microseimens) prior to deck B selections during session one and
the change (baseline - acquisition night) in log transformed absolute power spectral theta (4-8 Hz) activity
on site FP2 was significant ( p = 0.04 ). The line of best fit and R squared (R 2) is shown.

3.5.5 – REMs, REM latency, and Number of REM Periods
REM density, REM latency and number of REM periods showed no change from
baseline to acquisition night in the IGT or IGT-control groups. The Night x Condition ANOVAs
revealed non-significant interaction effects and are summarized in Table S.1.

3.6 - DISCUSSION
The main finding of our study revealed that activity on sites above the vmPFC (FP1 and
FP2) and left PFC (F7) during REM sleep is linked to offline processing of deck B. Overall, we
found no evidence that the amount of time spent in REM sleep (Table 3.1) or REM
characteristics (Table S.1) changed following learning of the IGT, however, we did find that
during REM sleep, theta power was heightened on sites above the vmPFC and left PFC regions.
Compared to baseline sleep, individuals who were administered the IGT had a significant
increase in theta power on sites above the left and right vmPFC and the left lateral PFC during
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post-learning REM sleep (Fig. 3.2A). Each of these increases correlated with reduced choice
from bad deck B (Fig. 3.3). These changes were not found in the IGT control group (Fig. 3.2B).
Overall, our results confirm our previously reported ‘deck B sleep effect’ (Seeley et al., 2014)
and suggest that post-learning REM sleep may play an active role in processing information
specific to deck B. Furthermore, our findings show that anticipatory SCRs toward deck B are
correlated with increased theta power on sites above the right vmPFC specifically (Fig. 3.4).
Although the correlation coefficients were in a lower range (0.3 – 0.5), these values are typically
accepted in the sleep literature because of small sample sizes and highly variable data (Nishida
et al., 2009; Payne et al., 2009; Schmidt et al., 2006; Ward et al., 2014).
These results suggest that theta activity in vmPFC and left PFC may be involved in
offline memory enhancement of the task. However, future research must be done to further
investigate what this activity may represent, and how it may be involved in offline decision
processing. Within the sleep literature, the majority of work to understand theta activity during
REM sleep has been done on rodent models. In rodents, theta is generated in the hippocampus
and has been phase-locked to activity in the amygdala, striatum and prefrontal cortex (Buzsaki,
2002; Leung, 1998). This phase-locked activity is thought to play a critical role in memory
processing during REM sleep (Louie & Wilson, 2001; Popa et al., 2010) and often coincides
with phasic components of REM, including the occurrence of rapid eye movements (Karashima
et al., 2001; Ioannides et al.,2004). In humans, theta generation and the related mechanisms
during REM sleep are not as well understood. It is currently thought that during REM sleep,
theta activity in the hippocampus and prefrontal cortex is driven by separate generators (Cantero
et al., 2003; Nishida et al., 2004). Thus, it is possible that theta activity was generated
independently in the vmPFC and may reflect a top-down processing of decision processes. This
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hypothesis might be likely, given that eye movement density was not linked to sleep-related
processing of the task. Our REM theta changes may have been independent of hippocampal theta
and phasic components of REM including the occurrence of rapid eye movements.
It is also possible that theta activity was generated by the hippocampus and reflects a
coupling with underlying brain areas including the hippocampus, striatum and/or amygdala as
previously cited in the rodent literature. Subcortical areas including the amygdala, striatum and
hippocampus have heightened theta activity during REM sleep (Hobson & Pace-Schott, 2002;
Perogamrvos & Schwartz, 2012) and are also involved in IGT learning (Bechara & Damasio,
2002; Ernst et al., 2002; Power et al., 2012). In the rodent literature theta activity in
hippocampal areas has been shown to reflect a reactivation of areas that were previously
involved in online learning (Hennevin et al., 1998; Louie & Wilson, 2001). Thus, it is possible
that heightened theta on sites above the vmPFC and left lateral PFC reflects a synchronization
with subcortical areas and/or a reactivation of cortical-subcortical pathways that were active
while performing the task. Interesting future work could be done to identify the neural circuitry
of deck B learning and whether the “sleep on it” effect is a product of this activity. Overall, this
is the first study to report theta increases on sites above the vmPFC; future research should be
done to investigate potential generators and underlying networks involved in this effect.
Our results provide the first evidence that prefrontal theta during REM sleep is linked to
memory processing. Previous work has linked frontal theta on sites F3 and F4 to memory for
emotional stimuli (Nishida et al., 2009). Our study investigated these sites as well as FP1, FP2
(vmPFC), F7 and F8 (lateral PFC) sites. Observed changes were specific to PFC sites (Fig. 3.2).
Interesting future work could investigate the distinct role that prefrontal theta may play in
processing of complex cognitive tasks. Because the sleep-related improvement was specific to
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deck B, one possibility is that prefrontal theta may facilitate integration of punishment into
valuations and/or enhance predictions of negative outcomes generated from past experiences. It
is also possible that it extends beyond IGT decision-making and is involved in processing of
complex cognitive tasks. At a behavioral level, it is well known that REM sleep helps integrate
information to provide insight into complex problems (Djonlagic et al., 2009; Smith & Peters,
2011) and enhance learning of complex cognitive procedural tasks (Smith, 2010). Currently,
research has yet to identify the neural regions involved in this effect. Future studies could
investigate the role of theta activity during REM sleep in processing complex cognitive learning
tasks.
As predicted, participant’s preferred bad deck B during session one and there was no
evidence that choices shifted across the 200 trials (Fig. 3.1A). Although we found no evidence of
initial learning, we did find that sleep-related changes were linked to anticipatory SCRs toward
deck B. Individuals with higher anticipatory SCRs had larger changes in theta power on sites
above the right vmPFC site during REM sleep (Fig. 3.4). As expected, these correlations were
not found for anticipatory responses to deck A, C, or D. These results are particularly interesting
for several reasons. First, they suggest that activity over the right and left vmPFC may have
distinct roles for processing deck B learning. During IGT learning the right vmPFC has been
linked to expectancy of negative punishments (Christakou et al., 2009) and generation of
anticipatory SCRs (Tranel et al., 2002), whereas left PFC activity precedes shifts in choice
(Lawrence et al., 2008) and is linked to monitoring of unsteady outcomes (Windmann et al.
2006) and reversal learning (Fellows & Farah, 2005). Thus, it is possible that the right vmPFC
theta may be specifically involved in processing emotional insight into the the task, where the
left vmPFC may reflect online monitoring of unexpected outcomes (i.e., unexpected
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punishment). It is also possible that increased theta activity in these three regions may reflect
electrical activity volume conduction from areas distant to the recording site. However, this
seems unlikely as theta activity in prefrontal areas often reflects local activity rather than volume
conduction from other regions (O’Neill et al., 2013). Overall, future work is needed to identify
whether theta in the left and right PFC have distinct roles in memory processing during REM
sleep and whether these increases reflect activity from other regions.
Second, our findings also suggest that initial deck B learning was implicit and below
levels of conscious awareness. During early stages of IGT learning, participants develop
anticipatory SCRs that precede shifts in choice (Bechara & Damasio, 2002; Crone et al., 2004;
Guillaime et al., 2009; Wagar & Dixon, 2006). There is some evidence that anticipatory SCRs
are generated below levels of conscious awareness (Bechara et al., 1997; Suzuki et al., 2003).
Thus, it is possible that right vmPFC theta processed implicit insight into deck B. Future research
could include measures to gage participants pre-sleep and post-sleep awareness of deck B. Future
research could also investigate whether the level of pre-sleep insight modulates sleep
mechanisms underlying consolidation.
A limitation to our results is that it is unclear whether these results generalize across
different stages memory. For example, it has been suggested that as IGT learning progresses,
associations become declarative (explicit) in nature (Bechara et al., 1997; Bowman et al., 2005)
and are stored in long-term memory via connections to hippocampal memory systems (Gupta et
al., 2009). However, it has also been suggested that hippocampal/declarative learning is not
necessary for IGT learning (Turnbull et al., 2014). Declarative tasks are enhanced with SWS and
through hippocampal cortical synchronized activity (Gais & Born, 2004; Smith & Peters, 2011).
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Due to the complexity of the IGT, future research should investigate whether these results apply
to all stages of IGT learning.
Another limitation to our results is that it is unclear whether these results can be
generalized across genders. Within the 13 individuals in the IGT group, the majority of
participants were female (N=10). Within the IGT it has been suggested that males perform
slightly better on the IGT than females (for review see van den Bos et al., 2013). Performance
differences have been linked to greater activation of the right lateral vmPFC and a heightened
ability in dealing with irregular patterns and updating choice based on punishments. We found
no evidence that the 3 males performed better during session one compared to females.
Furthermore, it does not appear that sleep related improvement in deck B choice was driven by
males or females separately (see Supplementary 4). However, given our small sample of males it
is difficult to draw any firm conclusions. Interesting future research could investigate potential
differences in sleep-related improvement in males and females separately. Studies suggest that
females have more alpha, theta and beta activity at baseline compared to males (Wada et al.,
1994), and more theta activity during REM sleep than males (Liscombe et al., 2002). Whether
females have more sleep-related changes in theta following learning is currently unknown.
Future research could investigate whether the mechanisms of offline consolidation of the IGT
differ between males and females.

3.7 - CONCLUSION
The goal of this paper was to provide neural evidence for our previously reported ‘deck B
sleep effect’. We suggest that insight into deck B may be enhanced via prefrontal cortex theta
during REM sleep. More specifically we found that right vmPFC theta may contribute to
enhancing emotional insight into the negative nature of deck B. These findings suggest that REM
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sleep may help provide possible insight into the mechanisms of the “sleep on it” effect in
decision-making.
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CHAPTER 4
ALTERING THE SHAPE OF PUNISHMENT DISTRIBUTIONS AFFECTS
DECISION-MAKING IN A MODIFIED GAMBLING TASK
4.1 - ABSTRACT
Neuroeconomics research has shown that preference for gambling is altered by the
statistical moments (mean, variance, skew) of reward and punishment distributions. Although it
has been shown that altered means can affect feedback-based decision-making tasks, little is
known if the variance and skew will have an affect on these tasks. To investigate, we
systematically controlled the variance (high, medium and low) and skew (negative, zero, and
positive) of the punishment distributions in a modified version of the IGT. The Iowa gambling
task (IGT) has been used extensively in both academic and clinical domains to understand
decision-making and diagnose decision-making impairments. Our results show that decisionmaking can be altered by an interaction of variance and skew. We found a significant decrease
over trials in choices from the decks with high variance and asymmetrically skewed
punishments, and from the decks with low variance and zero skew punishments. These results
indicate that punishment distribution shape alone can change human perception of what is
optimal (i.e. mean expected outcome) and may help explain what guides our day-to-day
decisions.

4.2 – INTRODUCTION
Decision-making often involves careful evaluation of the risks and benefits associated
with a given option. Expected utility theory states that decision-makers balance risks and benefits
to calculate the overall long-term value of each choice (Bernoulli, 1954). More recent
developments in neuroeconomics research suggest that decision-making can extend beyond
overall long-term value (first moment; expected value), and be altered by the spread (second
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moment; variance) and asymmetry (third moment; skew) of choices. The current literature has
focused on one-choice description-based reward (positive mean; positive gains) gambles, with
little emphasis on punishment gambles (negative mean; loss).
For reward gambles it is commonly reported that individuals prefer low variance (low
ambiguity) and positive skew (high-risk) gambles (Burke & Tobler, 2011; Casey, 1991; Garrett
& Sobel, 1999; Golec & Tamarkin, 1998; Hsu et al., 2005; Kraus & Litzenberger, 1976; Lovallo
& Kahneman, 2000; Symmonds et al., 2011; Wu et al., 2011). That is, people prefer low
ambiguity (variance) and a small chance of receiving a relatively large reward (positive skew).
For punishment gambles there is disagreement on risk attitudes. Cumulative prospect theory
states that people are more sensitive to risks that involve loss compared to those that involve
gain. Tversky and Kahneman (1981, 1992) observed what they termed as a reflection effect, that
the mirror image of the most attractive reward gamble became unattractive when inverted to a
punishment gamble. For example, the potential for a large unlikely reward (positive skew) was
highly rated by participants, but the reflected version, a large unlikely punishment (negative
skew), was poorly rated. Conversely, Lovallo and Kahneman (2000) found subjects report a
preference for negative skewed punishment gambles over symmetric and positive skewed.
However, in this study, the probability of encountering punishment was lower than the Tversky
and Kahneman studies (1981, 1992). One problem in interpreting these results is that the two
studies differ on task characteristics such as the probability of a large punishment (1% vs. 10%),
punishment range ($-50 to $-400 vs. $-100 to $-9000) and response mode (binary choice
preference vs. scaled attractiveness rating). Tverksy and Kahnemans’ (1992) cumulative prospect
theory states that the impact of a punishment can diminish as the probability becomes smaller
and less certain. That is, small probabilities of a large punishment can be neglected all together.
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This could explain why decision-makers were deterred from 10% change of losing $400, but not
a 1% chance of losing $9000. A second problem in interpreting the results is that both studies do
not control for variance. We are unaware of a well-controlled experiment that describes
independent effects of these factors. In addition, most studies have focused on one-choice
description-based gambles (choice gambles), where decision-makers choose between two
alternative probabilistic gambles. Choice gambles are made after careful evaluation of the payoff
distributions for each option. The goal of this study is to systematically investigate the response
to variance and skew in a task that relies on feedback-based learning (probabilities unknown and
learned through experience) rather one-choice descriptive gambles. To do this we chose the Iowa
Gambling Task (IGT).
The IGT is a widely used tool designed to simulate real-life decision-making in situations
of uncertainty. It was originally developed to quantify the decision-making impairment of
individuals with damage to the ventromedial prefrontal cortex (vmPFC) (Bechara et al., 1994).
The task has subsequently been used to support the Somatic Marker hypothesis, which postulates
that decision-making is guided by implicit somatic processes via vmPFC (Bechara et al., 1996;
Bechara et al., 1997; Damasio, 1994; Damasio, Everitt, & Bishop, 1996). It is an extensively
used tool to identify the neural processes underlying decision-making (Bechara et al., 1998;
Bechara et al., 1999; Bechara et al., 2001; Lin et al., 2008) and to assess decision-making
impairments in many clinical populations, such as those with substance abuse (Bechara &
Damasio, 2002; Bechara & Martin, 2004), pathological gambling (Cavedini et al., 2002),
schizophrenia (Beninger et al., 2003), obsessive compulsive disorder (Whitney et al., 2004),
anorexia nervosa (Cavedini et al., 2004), attention deficit disorder (Malloy-Diniz et al., 2007),
psychopathology (van Honk et al., 2002), impulsive aggressive disorders (Best et al., 2002),
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affective disorders (Jollant et al., 2005), Parkinson’s disease (Perretta et al., 2005) and depression
(Dalgleish et al., 2004). The original paper by Bechara et al. (1994) has been cited over 2500
times and the IGT has been utilized in over 100 psychiatric and neurological studies (Bowman et
al., 2005). It is evident that the IGT has significantly impacted both academic and clinical
research.
In the original IGT, individuals experience rewards and punishments as they select from
four card decks (A, B, C, & D). Deck A and B are ‘bad’ decks, with high immediate rewards
($100 per draw) and larger comparative punishments. Deck C and D are ‘good’ decks, with low
immediate rewards ($50 per draw) and comparatively smaller punishments. The good and bad
decks result in a $250 (expected value; EV) gain or loss, respectively, per 10 card selections
(Table 4.1). The current understanding is that choices shift toward good decks because decisionmakers become aware of the long-term outcome of the decks. A common measure of
improvement in the IGT is total number of choices from the good decks (C & D). However, a
growing body of literature suggests that this simple metric has led to an over-simplified
understanding of the decision-making process (Chiu & Lin, 2007; Chiu et al., 2008; Lin et al.,
2007; Lin et al., 2009; North & O’Carroll, 2001; Stocco et al., 2009; Yechiam et al., 2005). For
example, loss-frequency in ‘bad’ deck A is higher than in ‘bad’ deck B, ‘good’ deck C, and
‘good’ deck D (Table 4.1). Numerous studies have evaluated the original structure and propose
that loss frequency can predict deck choice, rather than EV (Chiu et al., 2008; Chiu & Lin, 2007;
Lin et al., 2007). This suggests that choices are made using factors other than EV. For this
reason, we predict that additional aspects of punishment distribution, such as variance and skew,
may drive decision-making.
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Within the IGT, there is an unequal distribution of punishments per 10 card selections
between the high-frequency penalty decks A and C. Deck A’s standard deviations are
consistently 28% of the mean punishment, while deck C punishments vary from 0 -45% from the
mean (Table 4.1). Apart from differences in EV (Table 4.1) and gain-loss frequency (Table 4.1),
it is possible that IGT deck choices could be driven by punishment distribution. In 2008,
Yechiam and Busemeyer used modified IGT decks, with equal variance and skew, to show that
subjects learned to choose from higher expected value decks. Alternative versions, with unequal
variance and skew, suggest that loss distributions can alter this perception of EV. However, their
study was not focused on the effects of variance and skew, and did not systematically control for
these variables. There has yet to be a task to isolate the influence of variance and skew on
feedback-based decision-making.
The present study uses various modified IGT decks to systematically investigate whether
the shape of punishment distributions can alter deck preferences in a feed-back based learning
paradigm. If decision-making extends beyond EV and gain-loss frequency dimensions, it is
possible that preferences will be made towards certain distribution shapes. This study focuses on
manipulating variance and skew in the original high-frequency “bad” deck A (Table 4.1) while
holding the EV, mean punishment (first moment) and gain-loss frequency constant. We explore
whether variance (low, medium and high), skew (negative, zero, and positive), and interactions
thereof, can alter deck preference. If decision-making operates similarly to reward based choice
gambles, we would expect fewer choices in high variance decks. Because we are not using
extreme probabilities we expect participants to choose less from negatively skewed distributions.
It is unclear whether the relationship is linear and whether variance and skew will interact, as this
is the first study to explore this question.
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Table 4.1. Distribution of punishment values and corresponding parameters of each deck in
blocks of 10 trials.

Note: A: high frequency bad deck; B: low frequency bad deck; C: high frequency good deck: D: low
frequency good deck; PEV: punishment expected value; EV: expected value
*A punishment larger than the reward value is considered a loss.
** Values are per 10 card selections
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4.3 – METHODS
4.3.1 - Participants
90 undergraduates (mean age = 20 ± 0.33 years; 70 females; age range = 17-24 years)
were recruited through poster and online advertisements: each received course credit or monetary
compensation ($5.00 CAN). Participants were randomly assigned to one of nine task versions
outlined in Table 4.2, for a total of 10 participants per version.
4.3.2 – Iowa Gambling Task
The modified versions contained two, 40-card decks. Each version contained a modified
version of the original high-frequency penalty “bad” deck (A) and a high-frequency penalty
“good” deck (C). The reward values and EV in the good and bad decks were the same as the
original IGT (Table 4.1; Bechara et al., 1994). We kept punishment values within the range of
the original IGT. Punishment frequency, however, was set to 4 punishments per 10 card
selections to ensure all punishments gave a visible loss and to give the distributions more
flexibility. We systematically altered the punishments in the bad decks across three levels of
skew (-1.15, 0 and 1.15) and three levels of variance ($119.80, $65.89 and $11.98 standard
deviations; SD) while holding mean punishment (first moment; EV), EV, and average loss
frequency constant (Table 4.2). The three levels of SD are high, medium and low, and the three
levels of skew are negative, zero, and positive. The good deck C remained constant with 0 skew,
0 variance, $50 reward per trial and $250 gain per 10-card selection (Table 4.2). Figure 4.1
shows a graphical representation of the distributions.
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Table 4.2: Mean, Standard deviation and Skew of each task version (1-9)
Trial Number
1A
2A
3A
4A
5A
6A
7A
8A
9A
1-9C
1
0
0
0
0
0
0
0
0
0
0
2
0
0
0
0
0
0
0
0
0
0
3
0
0
0
0
0
0
0
0
0
0
4
243
193
105
274
247
198
306
301
292
63
5
243
193
382
274
247
351
306
301
319
63
6
243
432
382
274
378
351
306
324
319
63
7
520
432
382
427
378
351
333
324
319
63
8
0
0
0
0
0
0
0
0
0
0
9
0
0
0
0
0
0
0
0
0
0
10
0
0
0
0
0
0
0
0
0
0
Mean
Punishment($)
313.0 313.0 313.0 313.0 313.0 313.0 313.0 313.0 313.0 63.0
St. Deviation ($)
120.0 120.0 120.0 66.0
66.0
66.0 12.0
12.0
12.0
0.0
Skew
-1.2
0
1.2
-1.2
0
1.2
-1.2
0
1.2
0.0
(A: bad deck; C: good deck)
Note: Each modified task version (1-9) contains one bad deck (A) paired with the good deck (C). The
overall reward, overall punishment and EV per 10 card selection for the decks is as follows: deck A,
$1000 reward ($100 per draw) and $1250 punishment, resulting in $-250 EV; deck C, $500 reward ($50
per draw) and $250 punishment, resulting in $250 EV.
** All values displayed are loss (negative in value)
*** punishment orders were randomized per 10 card selections.

We calculated the mean, SD, and skew with the following formulas:

∑
(Eq. 1),

√

∑

(Eq. 2), and

∑ (

)
(Eq. 3),
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respectively. Each task version included the good deck C and one of the nine bad deck A’s
outlined in Table 4.2. Punishments were randomly distributed across 10 card selections. Card
decks were recycled so selection choice was unlimited for each deck. The position of the bad
deck was counterbalanced to counteract potential side bias.

Figure 4.1. Graphical representation of each level of level of skew (positive, zero and negative) in (A)
high variance distributions, (B) medium variance distributions and (C) low variance distributions.
These probability distributions were generated using a skew normal distribution function for graphical
purposes only. The area under each distribution is equal to 1.

4.3.3 - Procedure
At the beginning of the session the instructor briefed the participants about the study and
asked them to complete a consent form. Participants were randomly administered one of the nine
task versions described above. First, they were shown a screen shot of the task and verbal
instructions were given as follows:
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“When the task begins you will see two decks. You will select a card, from any deck you like. Every time
you click on a deck you will receive a monetary reward and sometimes there is a penalty. If there is a
penalty it will be displayed and subtracted from the reward. The goal of the game is to win as much
money as possible. You can click on the decks in any order you like and feel free to switch between decks.
Every time you click you will get updated with what your total is, and the green bar will get longer if you
make money and shorter if you lose money. I can’t tell you how long the game will continue. You will
keep playing until a screen comes up and tells you the game is over.”

On the computer screen, participants began with $2000 in virtual money. As they
selected a card, by clicking on the screen, they received a reward ($50 and $100 for the good and
back deck, respectively) and a punishment on 4 out of 10 selections. With every click the screen
displayed the reward, punishment, net gain or loss and cumulative net gain or loss. The task was
administered for 100 trials, after which the participant was informed the task was over, debriefed
and reimbursed for their time.
4.3.4 - Statistical Analysis
4.3.4.1 - Analysis of Variance

100 card selections were subdivided into 2 blocks: 1-50, 51-100. The proportion of
choices from the bad deck was calculated for each block. We performed a three (skew) x three
(variance) x two (block) repeated measures analysis of variance (ANOVA). The independent
variables were skew (negative, zero, and positive), variability (low, medium, high) and block (150: 51-100), and the dependent variable was the proportion of choices from the bad deck (%).
Additional two-variable skew x block simple interactive effects ANOVA were performed on
each level of variability followed by simple effects ANOVA of block for each level of skew.
With significance, means were compared with the Tukey post hoc test.
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4.3.4.2 - Hierarchical Linear Modelling (HLM)

HLM provides an alternative means to test hypotheses concerning trials across time. This
tool gains statistical power over traditional linear measures, such as ANOVA, because of its
nested structure (Raudenbush & Bryk, 2002). This was advantageous, given our relatively small
number of participants. To perform this analysis, 100 trials were nested within the 90 participants
(level 1). The 90 participants were nested within their assigned task version (version 1-9; level
2). The dependent variable was their choice of good or bad deck (0 = choice from bad deck, 1 =
choice from good deck). From this analysis we obtained an intercept and slope for each task
version. We ran Student’s t-tests to determine if the intercepts with significantly different from
0.5, where 0.5 indicates a random selection between the two decks. Using Student’s t-test, slopes
of skew (negative, zero, positive) within the same level of variability (high, medium, or low)
were compared with one another. We set the level of significance to p < 0.05 for all statistical
analyses.

4.4 - RESULTS
4.4.1 - Analysis of Variance
A three (skew) x three (variance) x two (block) ANOVA revealed a significant 3-way
interaction (F(4,81) = 3.1, p = 0.02). All other main effects and interactions were not statistically
significant. Tests of simple interaction effects of skew x block for each variance level revealed a
significant interaction in the high variance group, (F (2,27) = 3.7, p = 0.04) and non-significant
interaction in medium variance F(2,27) = .38, p = 0.69 and low variance groups, F(2,27) = 2.7, p
= 0.09. Tests of simple effects of block for each level of skew in the high variance version
showed the block effect to be significant for positive skew (version 3A; F(1,9) = 10.9, p < 0.01).
That is, selections high variance/positive skew decreased significantly from block 1 to block 2
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resulting in decreased choices from the bad deck (Figure 4.2A). In the low variance version, we
observed a trend for choices to shift away from the low variance/zero skew bad deck (version 8;
Figure 4.2C; p = 0.09).

Figure 4.2. Mean (± standard error) proportion of choices from the bad decks across 3 levels of
skew (negative, zero, and positive) in (A) high variance distributions, (B) medium variance
distributions and (C) low variance distributions.
Broken line represents participants choosing equally from both decks.
*
denotes significant mean differences between groups (p < 0.05)
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4.4.2 - Hierarchical Linear Modeling
The intercepts of all 9 versions were not statistically different from 0.5 (p > 0.05). In the
versions with high variance, the slope of negative skew (-0.0012; version 1) and positive skew (0.0016; version 3) were significantly lower than zero skew (0.0007; version 2) (Fig. 4.3A).
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Figure 4.3. Proportion of deck choice in blocks of 20 and the line of best fit for each level of skew
(positive, negative, zero) in a) high variance, b) medium variance and c) low variance
distributions. The solid lines represent the mean (± standard error) proportion of choices from the bad
decks, in blocks of 20. The dotted lines represent the line of best fit (LoBF) for each version.
*
denotes significant differences between the LoBF slopes between each group. All LoBF intercepts
were not statistically different from 0.5.

92

No significant differences were found between the slopes of versions with medium variance (Fig.
4.3B). For low variance, the slope of zero skew (-0.0018; version 8) was significantly lower than
the slope of negative skew (-0.0001; version 7) and positive skew (0.0002; version 9) (Fig.
4.3C).

4.5 – DISCUSSION
The present study examined the influence of skew and variability of punishment
distributions on a feed-back based decision-making task. The results suggest that decisionmaking in a modified IGT can be altered by the distribution of punishment values around the
mean. We found no main effect of variance or skew; however, our results suggest that deck
preferences can be altered by an interaction of the two. Both the ANOVA and HLM found
significant decrease in choices from the deck with high variance and positive skew (version 3A).
The HLM analysis revealed two additional significant decreases: 1) choices from the deck with
high variance and negative skew (version 1A) and 2) choices from the deck with low variance
and zero skew (version 8A) (Figure 2.3). The latter decrease showed a non-significant trend in
ANOVA. The structural design of the HLM yields greater statistical power, thus it was able to
find significance that was not detected by ANOVA.
Within the high variance condition, the HLM found significantly greater negative slopes
in the positive and negative skew decks compared to the zero skew decks. This suggests that
decision-makers are averse to a wide and asymmetrical spread of punishments. Tversky and
Kahneman’s (1992) cumulative prospect theory suggests that decision-makers dislike probability
gambles with large infrequent punishments (negative skew). That is, decision-makers are adverse
to a small potential of receiving a large punishment. In our study, the largest punishments were
in the high variance versions (1-3A), particularly the high variance and negative skew deck (1A),
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which has a low probability (0.1) of the largest punishment (-$520) and a high probability (0.3)
of smaller punishments (-$243). Our HLM results suggest an aversion to this deck structure in
agreement with cumulative prospect theory. This suggests a dislike of uncertainty (variance)
when there is a small risk of a large punishment (negative skew). Additionally, by both ANOVA
and HLM, decision-makers were averse to the high variance positive skew deck (3A), which has
a high probability (0.3) of a relatively large punishment ($382) and a low probability (0.1) of a
small punishment ($105). One suggestion is that decision-makers were deterred due to the
relatively large size and high-frequency of punishments in this deck. It has previously been noted
that decision-makers are sensitive to decks with high-frequency of loss in the IGT (Chiu et al.,
2008; Chiu & Lin, 2007; Lin et al., 2007). Our suggestion is that in addition to frequency, the
magnitude of the punishment may also play an important role in decision-making strategies and
should be investigated in future IGT research.
In the low variance condition the slope of the zero skew deck (8A) was significantly
more negative than those of the negative (7A) and positive skew (9A) decks by HLM but not
ANOVA. That is, our results show decision-makers moved away from deck with low variance
and symmetrical punishments faster than low variance and asymmetrical. These results were
unexpected, as past research suggests that large, assymetrical punishments distributions are
aversive to decision-makers (Lovello & Kahneman, 2000; Tverksy & Kahneman 1992; Yechiam
& Busemeyer, 1998). However, it is possible that this deck was chosen less, not because the deck
was aversive, but because it was easier for decision-makers to discover the long-term outcome of
the deck. An interesting follow up study could investigate the same parameters in a ‘good’ deck
while holding the bad deck constant. If the distribution makes the EV easier to decipher, you
would expect the opposite result, and choices to move towards the low variance, symmetrical
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good deck, rather than away. Additionally, if high variance and asymmetrical skew are aversive,
the same trend would be shown and participants would move away from the good deck. Future
research could also include a metric (e.g., questionnaire) to gauge participants’ perception of
deck structure. This may help to decompose the reason behind choice shift.
We found no significant evidence to support the influence of variance and skew as
separate components of decision-making. Research has suggested that skew and variance in
punishment distributions can affect deck preference, however, studies have failed to isolate the
two moments in their design (Casey, 1991; Lovello & Kahneman, 2000; Tverksy & Kahneman,
1992). It is possible that previously reported effects were due to interactions between the two
variables that were overlooked by the researchers. This is the first study, to our knowledge, to
systematically investigate interactions between these statistical moments. Another reason for this
discrepancy could be the range of values we used. Punishment values in the manipulated bad
decks (version 1-9A) ranged from $-105 to $-520. In previous research using choice gambles,
punishments have ranged from $-1300 to $-9000 (Lovallo & Kahneman, 2000), and $-230 to $11 540 (Casey, 1991). It is possible that feedback-based tasks with larger ranges could find
independent effects of variance and skew. Previous research of choice gambles have found
significant effects of variance and skew within a small range. Reward values ranged from $40 to
$220 (Symmonds et al., 2011), $3 to $10 (Hsu et al., 2005), and $1 to $7 (Wu et al., 2011). This
was the first study, to our knowledge, to explore the independent effects of variance and skew in
a smaller range of punishment gambles. It is also the first to explore punishment distributions in
a feedback-based task. It is currently unknown whether decision-making for choice gambles
operates in a similar way as feed-back gambles.
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Hsu et al. (2005) reported that choice gambles evoke activity in different neural regions
than feed-back based gambles. In feed-back based tasks, neural activity is evoked in the
orbitofrontal cortex, dorsal medial prefrontal cortex, and amygdala. In choice gambles with the
same contingencies, activity increases in striatal regions, an area associated with reward-related
learning (Hsu et al., 2005). Furthermore, variance and skew evoke activity in separate neural
regions in choice gambles. Variance is associated with activity in the posterior parietal cortex
(PPC) (Symmonds et al., 2011), and skew is associated with activity in the insula (Burke &
Tobler, 2011; Symmonds et al., 2011; Wu et al., 2011). These areas have been reported to be
active during IGT learning (Ernst et al., 2002; Li et al., 2010). It is unknown what aspects of the
IGT elicit activation in the PPC and insula. If activity in the PPC and insula are found to be
associated with variance and skew in choice gambles, it is possible that they may have a similar
function in IGT learning. Future research could focus on understanding factors that could alter
PPC and insula activity in an IGT task. In general, the IGT would make a great task to
investigate the neural correlates of decision-making in a feedback-based task.
Our results suggest that choices in a modified IGT task can be altered by the distribution
of punishments around the mean. These results are useful for future research. A long-time
assumption of the IGT, in line with expected utility theory, has been that decisions are guided
based on long-term outcome of the decks (Bechara et al., 1994; Bechara et al., 1997). Our
research suggests a need to investigate and take into account modern decision-making theories
when creating and analyzing versions of the IGT. In our versions, we modified the highfrequency bad deck (deck A) only. For this reason we cannot directly conclude whether
differences between moments have directly affected deck preference in the original task. The
high-frequency penalty decks (A and C) in the original IGT are unequal in many dimensions,
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including reward values ($100 and $50, respectively), overall expected mean value ($-250 and
$250, respectively), mean punishments (first moment; $250 and $50, respectively), gain-loss
frequency (0.5 and 0.125) and variance (second moment; see Table 4.1). A complete analysis of
the IGT would be to investigate the interactions among factors. For this reason we can only
speculate how our results could explain why original bad decks A and B are chosen less over
time than good decks C and D.
Currently in the literature, deck choice from the high frequency original decks (bad deck
A and good deck C) and low frequency decks (bad deck B and good deck D) are assumed to be
driven by their EV. Based on our results, we have three alternative explanations as to why bad
deck A is chosen less than good deck C and bad deck B is chosen less than good deck C
(Bechara et al., 1996; Lin et al., 2007). First, bad deck A has more frequent, larger punishments,
with higher variance than good deck C (Table 4.1). If high frequency large punishments (high
variance/positive skew) deter choice, as we suggest, this may explain the aversiveness of bad
deck A. In addition, discovering the long-term outcome of original good deck C may be
relatively easy as it has low variance and little skew compared to bad deck A. Our hypothesis is
that this structure may make the EV relatively easy to decipher. Secondly, we can also speculate
how our results can explain the decrease in deck choice from original bad deck B. If decisionmakers are averse to a small chance of a large punishment (high variance/negative skew), the
structure of original deck B may be aversive. The original deck B has a 10% chance of receiving
a large ($1250) punishment. It is possible that participants realize the structure over time, and do
not want to risk the chance of receiving the large punishment. However, because a common
measure of improvement in the original IGT is to lump choices from the good decks (C & D) and
bad decks (A & B) it is difficult to determine how participants respond to individual decks
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(Bechara et al., 1994; Bechara et al., 1998; Bechara et al., 1999; Bechara et al., 2001; Bechara &
Damasio, 2002, Bowman et al., 2005; North & O’Carroll, 2001). Additionally, because there are
many factors (i.e., punishment frequency, variance), which are not controlled systematically in
previous versions, we cannot make any direct conclusions from the interpretations that have been
previously reported for the IGT. We are not arguing that decision-makers do not actively weigh
the risks and benefits of rewards and punishments, as previously reported (Bechara et al., 1996;
Bechara et al., 1997; Damasio, 1994; Damasio et al., 1996). We suggest that the distribution
shape may influence the value assessment of each deck and play a role in the decision-making
process. Our study does suggest that future research using the IGT should take a more statistical
approach to task design.
In summary, we are the first to manipulate distribution components on a feed-back based
task that was designed specifically to measure real life decision-making. Most studies have
focused on choice tasks such as lotteries or hypothetical gambles (Casey, 1991; Garrett & Sobel,
1999; Golec & Tamarkin, 1998; Lovallo & Kahneman, 2000; Wu et al., 2011). These results
may apply to the neural processes of decision-making we undergo on a day-to-day basis.
Punishments in real-life settings often differ in magnitude and predictability. There is little
known about how their distributions can generalize to the real world. An improved
understanding is highly relevant, and may help connect statistical information to the emotional
brain and neuroeconomics of decision-making. We found that decision-making can be altered by
the interaction between the second and third statistical moments. Over time, subjects decreased
choices from decks with high variance and asymmetrical punishments, and low variance and
symmetric punishments. These results suggest that current decision-making theories (e.g.,
Cumulative Prospect Theory) could be used to explain how statistical moments can influence a
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feed-back based learning task, such as the IGT. Our results show that distribution shape alone,
with expected value constant, may help explain what guides our day-to-day decisions.
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CHAPTER 5
GENERAL DISCUSSION
5.1 – THESIS SUMMARY
Chapter 2 revealed that a period of intervening sleep between testing sessions enhanced
performance on the Iowa Gambling Task (IGT). Individuals with intervening sleep between the
first and second test sessions had a larger improvement compared to individuals with intervening
wake, evidenced by a larger reduction in choice from “bad” deck B and increase in choice
toward “good” decks C and D combined. However, this effect was restricted to individuals who
showed evidence of learning in the first session prior to sleep. The results of chapter 2 suggest
that some pre-sleep insight is necessary for sleep-dependent processing of the IGT. In chapter 3,
electroencephalogram (EEG) and skin conductance response (SCR) measures were used to
explore the mechanisms that underlie this effect. The results revealed that following exposure to
the IGT, theta frequency power during subsequent rapid eye movement (REM) sleep increased
(from baseline) on sites located above the right and left ventromedial prefrontal cortex (vmPFC)
and left prefrontal cortex (PFC). This increase correlated with a subsequent reduction in choice
from deck B upon awakening. Furthermore, emotional arousal (measured via SCR) toward deck
B during session one correlated with the increased theta above the right vmPFC during REM
sleep. These results suggest that REM sleep (and vmPFC areas) may be uniquely involved in
processing insight into deck B that was gained prior to sleep. Finally, chapter 4 examined
whether higher-order structural components of punishment can influence decision-making on a
feedback-based task like the IGT. After holding expected value (EV) and punishment-frequency
constant the results revealed that decks with high variance and asymmetric skew cause shifts in
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choice and may reflect an underlying risk aversion. The results suggest that high risk punishment
structures can influence decision processes in a feedback-based task like the IGT.
Taken together, this body of work reveals that REM sleep and higher-order punishment
structures may influence decision processes that require integrating previous experience with
punishment into overall value estimates. These results have widespread implications on how
punishment structure in our environment, and our reaction to it could influence both online and
offline decision processes. Overall, this body of work provides a strong foundation to further
bridge the gap between the study of neuroeconomics/decision processes, IGT learning, and the
role of REM sleep in memory processing. Below I will outline how these results inform each
area and suggest future research that can be done to merge these currently relatively independent
areas of research. First, I will outline how these results can largely inform the sleep literature on
the role of REM sleep in decision processing.

5.2 – RAPID EYE MOVEMENT SLEEP AND THETA ACTIVITY IN IGT
MEMORY PROCESSING
The results from chapter 3 revealed that distinct mechanisms operating during REM sleep
may underlie our “deck B sleep effect”. Overall, we found no evidence that the duration of REM
sleep or REM characteristics (see Table S.1; supplementary 2) promotes IGT learning. One
potential reason for this could be that stage scoring and REM density counts were done by a
single rater. Having a second rater may have yielded slightly different results, however it is
unlikely given that the rater achieved 85% inter- and intra-rater reliability and was a trained sleep
scorer. Although we report no differences in REM sleep or REM density, we did find evidence
that theta activity on sites above the vmPFC and left PFC sites during REM sleep increased
following learning and correlated with improved performance from deck B. In the sleep literature
this is the first evidence to suggest that theta in vmPFC regions may enhance memory
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consolidation. As suggested in the discussion of chapter 3, heightened theta activity over the
vmPFC and left PFC areas may reflect a synchronization of the vmPFC with sub-cortical areas
and/or a reactivation of circuitry involved in online learning. It also might reflect activity from an
independent generator in the prefrontal cortex. Overall, interesting future research could be done
to further investigate the underlying cognitive and neural processes of this activity. This would
help elucidate the unique role that REM sleep may play in processing decision-making
information.

Future research could also investigate EEG activity during online learning and

whether it relates to offline theta activity during REM sleep. Currently it is unknown whether
EEG activity can predict online learning of the task. Some work has been done to show that
baseline levels of alpha activity can predict IGT performance. For example, Schutter et al. (2004)
found that individuals with greater right hemisphere alpha asymmetry at baseline chose more
from the bad decks combined (A and B) during the task. However, it is currently unknown
whether online EEG activity (i.e., theta activity) in the vmPFC could be linked to IGT
performance improvement and whether this activity can predict sleep related changes. An
interesting avenue for future studies would be to use imaging techniques to investigate the neural
mechanisms of online deck B learning and the associated offline circuitry during REM sleep.
5.2.1- Potential Neural Circuits for Deck B Learning
Very little is understood about the distinct neural mechanisms of deck B learning.
Although it is known that the amygdala (Bechara et al., 1999; 2002), insula (Ernst et al., 2002)
and hippocampus (Gupta et al., 2009) are important for IGT learning, their exact role has yet to
be identified. The amygdala may be particularly important for deck B learning. In IGT learning,
the amygdala plays an important role in generating an emotional response toward the reward and
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loss of each deck (Bechara et al., 1999; 2002). How it is involved in learning of deck B
specifically has yet to be established.
In the decision-making literature, the amygdala and insula are shown to code affect for
punishments and detect risk in the environment (Basten et al., 2010; Breiter et al., 2001; Liu et
al., 2007; O’Doherty et al., 2003). During feedback-based decision-making, punishment
information from the amygdala/insula integrates with reward information from the striatum
through connections to the vmPFC (Basten et al., 2010; Yacubian et al., 2006). This integration
guides decisions by computing an overall EV estimate. Thus, it is possible that similar neural
pathways are involved in online learning of deck B. That is, the initial preference for the high
magnitude/high-frequency rewards may be initially coded in the striatum while emotion toward
large $1250 punishment may be coded in the amygdala and insula and integrated through
projections to the vmPFC. Furthermore, anticipatory SCRs toward deck B may be generated by
bidirectional connections between the vmPFC and amygdala, as suggested by the somatic marker
hypothesis (SMH) (Bechara et al., 1999). The theory states that anticipatory SCR activity toward
bad decks occurs through ‘top-down’ processing (higher-level expectations that coordinate lower
level processes) of vmPFC-amygdala connections. There has yet to be clear evidence to support
this claim, or investigate how these processes may be involved in deck B learning. Interestingly,
recent evidence suggests that theta synchronization is characteristic of top-down processing
during cognitively complex learning (von Stein & Samthein, 2000; Wang et al., 2014).Thus,
future research could investigate whether theta activity reflects a synchronization between the
vmPFC and subcortical areas (including the amygdala) during REM sleep and a reactivation of
top-down mechanisms that were generated prior to sleep.
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As chapter 3 suggests, theta activity in the right vmPFC may have a distinct role in
reactivating previous anticipatory emotions generated toward deck B. Activity over the right
vmPFC was directly correlated with the deck B anticipatory SCRs that were generated before
sleep. The right and left vmPFC may have different roles in REM sleep-related memory
processing and reflect different online activity. One potential explanation is that right and left
prefrontal areas have functionally distinct roles in emotional processing. The right PFC has been
closely linked to processing of negative affect where left PFC areas have been linked to
processing of positive affect (Beraha et al., 2012; Fried et al., 1998; Knoch et al., 2006; Wheeler
et al., 1993). Accordingly, during IGT learning the right vmPFC is linked to expectancy of
negative loss (Christakou et al., 2009) and the generation of anticipatory SCRs (Tranel et al.,
2002) where left PFC areas are more closely linked to positive affect toward bad decks (Balconi
et al., 2014), monitoring of unsteady outcomes (Windmann et al., 2006), and reversal learning
(Fellows & Farah, 2005). Interesting future research could investigate whether theta changes
over the right and left vmPFC sites reflect distinct roles of these areas in online and offline
processing, as well as whether their connectivity to underlying areas may be involved. It is
possible that amygdala connections to the right vmPFC may be particularly important for
identifying and predicting the negative nature of deck B.
Overall, the results in chapter 3 reported changes in REM theta frequency only, no other
frequency band changes were reported (see supplementary 2). A recent study by van der Helm et
al. (2011) used EEG and functional magnetic resonance imaging (fMRI) to show that reduced
gamma activity (30-40 Hz) above the vmPFC areas during REM sleep reflects a heightened
connectivity between the amygdala and vmPFC. This activity reflected a diminished reactivity in
the amygdala toward stimuli that previously generated emotional responses. Thus, reduced
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gamma during REM sleep is thought to reflect communication between the vmPFC and
amygdala that diminishes the intensity of previous emotional experiences. The authors suggest
that gamma activity and theta activity in these regions may have distinct roles in diminishing and
strengthening emotional experiences, respectively. Our results may show evidence to support
this claim, and provide a framework to investigate this hypothesis further. Interesting future
research could investigate whether REM sleep and theta activity in these areas is associated with
enhanced emotional reactivity (via SCR) toward deck B during subsequent testing. The present
study only measured SCR activity prior to sleep. We would predict that activity would become
heightened following a period of REM sleep rather than diminished, and that theta would reflect
a strengthening of previous emotional learning.
In summary, the results in chapter 3 provide the groundwork to further investigate the
role of the vmPFC in processing decision information during sleep. Many studies can be done to
further elucidate the role of the vmPFC in IGT learning and how this learning is subsequently
processed during REM sleep. Furthermore, our results from chapter 4 may also provide the
additional groundwork to help build on this further. As previously mentioned chapter 4 reported
evidence that higher-order punishment structures can alter decision-making. These results have
widespread implications on how the punishment structure in our environment, and our reaction
to it, might influence both online and offline decision processes. Below I will outline how these
results can help inform the neuroeconomics literature and bridge the gap between
neuroeconomics, IGT learning and REM sleep research.

5.3 – BRIDGING THE GAP BETWEEN NEUROECONOMICS, IGT LEARNING
AND REM SLEEP
Currently within the neuroeconomics literature, understanding how skew and variance
can alter decisions has only been done using choice-based gambles. Chapter 4 provides the first
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evidence that higher-order punishment structures can influence choice in a feedback-based task
that requires integrating experience with reward and loss to predict future outcomes. These
results provide an excellent foundation to further investigate how high risk punishment structures
in the environment can influence the neural processes of decision-making and IGT choice.
Within the study of neuroeconomics, there is a large body of literature devoted to identifying the
neural mechanisms that code and process risk structures of variance and skew. Currently, the
most common view is that variance and skew are coded by distinct neural areas. For example,
variance has been suggested to activate the anterior cingulate (Burke & Tobler, 2011; Symmonds
et al., 2011), ventral striatum (Bruguier et al., 2008; Preuschoff et al., 2006; Tobler et al., 2009),
insula (Bruguier et al., 2008) and vmPFC (Tobler et al., 2009). Skew has been less studied,
however research suggests it is coded independently in the insula (Burke & Tobler, 2011) and
striatum (Hsu et al., 2009; Symmonds et al., 2011). Currently, there is a large discrepancy in the
literature and much needed research is necessary to elucidate the neural mechanisms involved.
The IGT would make an excellent model task to investigate these questions. Using versions of
the IGT to investigate the mechanisms that code variance and skew may help identify the role
that areas like the striatum and insula play in IGT learning (Ernst et al., 2002; Li et al., 2010).
A recently proposed Anticipatory Affect Model by Wu et al. (2011; 2012) suggests that
rather than being processed in distinct areas, variance and skew may be coded by the emotions
they elicit. The model suggests that gambles with uncertainty (variance and skew) elicit
emotional responses which are subsequently used to estimate the EV of decision options. A
meta-analysis by Wu et al. (2012) provides strong evidence to support this model. The authors
show that overall, gambles with chance of a large reward (high mean, high variance, positive
skew) are commonly linked to heightened activity in the striatum, while gambles with a chance
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of a large punishment (high variance, negative skew) are commonly linked to heightened activity
in the insula. Overall the results showed strong evidence to suggest that mean, variance and skew
may be converted into affective responses, rather than simply coded by independent structures.
Interesting future research could investigate whether the model proposed by Wu et al.
(2012) can be applied to feedback-based decision tasks. Studies could investigate how
punishment distributions with variance and skew and their interactions alter emotional reactivity
and influence overall EV estimates. For example, punishment gambles with high variance/skew
may cause heightened reactivity in the amygdala/insula, potentially biasing the calculation of EV
estimates in the vmPFC. It is possible that over active responses to certain structures cause risk
sensitivity and aversions to an otherwise advantageous options. Overall, understanding how
punishment structure is coded and integrated during feedback based decision-making may help
reveal how our day-to-day experiences can shape our future choices and give insight into the role
of our emotional response to our decisions.
Given the important role of emotion in guiding IGT learning, it would be particularly
interesting to see how the proposed model by Wu et al. (2012) can explain the mechanisms that
guide deck B learning. Chapter 4 showed evidence that individuals move away from
punishments with high variance/negative skew faster than similar decks without skew.
Interestingly, deck B has a similar high variance/negative skew structure as it contains a small
probability of a relatively large $1250 punishment. Thus, it is possible that the chance of this loss
becomes overweighed when EV evaluations of deck B are made during learning. Heightened
emotional reactions to this loss in the amygdala/insula may bias EV calculations in the vmPFC.
Thus, learning of deck B could be partially due to a developed risk aversion, as decision-makers
discover its punishment structure, rather than a logical calculation of overall EV. Future research
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could investigate how emotional reactivity to high risk task structures like those of deck B can
alter decision making choice in the IGT.
To expand on this idea, future work could also investigate whether REM sleep enhances
previous established “learning” that occurred when biases to punishment structures were
developed. For example, if overweighing the chance of a large $1250 loss occurs during online
learning, this may be further enhanced during REM sleep. REM sleep may play a role in
enhancing previously established risk aversions developed from our day-to-day experiences.
Understanding how punishment structures influence both online activity and subsequent REM
sleep theta activity could help explain individual differences in IGT learning and have a large
clinical relevance.
For example, these questions could be investigated in populations with clinical
depression. During IGT learning, individuals with depression move away from bad decks faster
than healthy normal controls (Smoksi et al., 2008). They also have a generalized heightened
reactivity toward emotionally negative stimuli (Nofzinger et al., 1994). It is possible that
although it appears they have enhanced decision-making this “learning” reflects risk sensitivity
toward high variance/negative skew risk structures of deck B. Risk sensitivity may be
maladaptive in every-day choice rather than advantageous as the IGT literature suggests.
Furthermore, it is possible that this “learning” is subsequently processed during REM sleep.
Individuals with clinical depression show heightened REM sleep, and REM disorders are a
strong predictor of clinical depression (Nishida et al., 2009; Rasch & Born, 2013). Interesting
future work could investigate whether theta activity during REM sleep enhances previously
established biases in these populations.
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Overall, the IGT would provide an excellent tool to investigate how emotional reactivity
to punishment structures can influence both online and offline decision processes in both healthy
and clinical populations. Together, understanding how punishment structures can guide decisions
in our day-to-day life will help bridge the gap between the neuroeconomics of decision-making,
IGT decision processing, and the role of REM sleep in cognitive-emotional learning.

5.4. – IMPLICIT VS EXPLICIT AWARENESS
In addition to understanding how punishment structures may guide online and offline
learning of the task, future research could investigate whether these processes occur below levels
of conscious awareness. As previously mentioned, there is a lack of consensus as to whether IGT
learning is implicit or explicit, and when/how this transition occurs (for review see Turnbull et
al., 2014). Some research suggests that during IGT learning implicit anticipatory SCRs occur
between deck trials 10-50 and are followed by explicit knowledge around 50 trials (Bechara et al.
1997; Suzuki et al. 2003). Other researchers suggest that explicit insight into the task occurs
much earlier and within 20 card selections (Bowman et al., 2005; Maia & McClelland, 2004).
This early insight has been termed a “gut feeling” and has been suggested to reflect the basis of
what is commonly referred to as “intuition” (Turnbull et al., 2014). In chapter 3, individuals did
not have behavioural shifts in deck B choice prior to sleep, however their pre-sleep SCRs
correlated with changes in REM sleep theta activity. For this reason, it is possible that implicit
insight into deck B was gained prior to sleep. Given that REM sleep has been linked to
enhancement of implicit cognitive tasks (Djonlagic et al., 2009; Ellenbogen et al., 2007;
Yordanova et al., 2008) it is possible that it helped enhance pre-sleep implicit insight into deck
B. Thus, REM sleep may help sort out decision problems that are not accessible to conscious
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awareness. However, there are several questions to be answered before this hypothesis can be
fully formed.
First, we used a 200-trial shuffled version of the original 100-trial task. This task was
designed to be more difficult than the original (Li et al., 2010; Preston et al., 2007). Currently in
the literature implicit and explicit awareness has only been investigated using the 100-trial
unshuffled version of the task. Given the large discrepancy within this body of work, it is
difficult to generalize the results and hypothesize how explicit awareness in our task version may
develop. Furthermore, research has yet to investigate how conscious awareness to deck B
specifically occurs. Studies typically lump the two bad (A and B) and the two good (C and D)
decks together during their analysis. This may be problematic and be a reason for the
discrepancies within the literature. Understanding how awareness toward the negative nature of
deck B occurs across IGT learning would be particularly interesting and useful. In general, future
research could expand on this and investigate how processes that guide deck B learning and
higher-order punishment structures in general are guided on an implicit or explicit level and the
role that REM sleep has in subsequent offline processing.

5.5 – GENERALIZABILITY OF REM SLEEP EFFECT
If REM sleep theta helps promote early insight into deck B, as we suggest, a second
outstanding questions is whether this result can be generalized across various levels of pre-sleep
knowledge, levels of insight and IGT task versions. In chapter 2 and 3, the task version and level
of pre-sleep learning achieved were slightly different. A current outstanding question from this
thesis is whether the REM sleep-related improvement reported in chapter 3 can be generalized to
explain the sleep-related improvement reported in chapter 2.
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In both chapters we used a 200-trial “shuffled” version of the task, however, in chapter 2
it was self-paced (choices proceed at participants speed) and in chapter 3 it was paced (10 second
interval between trials). When using the self-paced version in chapter 2, only those with evidence
of learning (categorized as learners) had sleep-related improvement. Those with no evidence of
learning (categorized as non-learners) did not. Conversely, in chapter 3 there was no evidence of
learning prior to sleep, however, we did report a REM sleep-related improvement on the task.
Currently, a large outstanding question that must be addressed is why participants without
behavioural evidence of pre-sleep learning in chapter 3 have sleep-related improvement where
those categorized as “non-learners” in chapter 2 did not.
One potential reason for this could be the differences in the task versions and their effect
on pre-sleep learning and cognitive processes. After administering both versions of the task, it
became evident that when given a self-paced version, decision-makers often spent less time
monitoring the reward and loss of their choices. In the self-paced version decision-makers often
finished the task quickly, and it became questionable as to whether they were aware of the deck
B punishment given its infrequent probability. Thus, it is possible that non-learners who used the
self-paced version (chapter 2) did not gain as much experience with deck B loss compared to
those given the paced version (chapter 3). The paced version may allow more time for
experienced and anticipatory responses to develop and hence, sleep-related enhancement may
occur earlier in this task version. We suggest that the REM sleep-related improvement is
contingent on achieving some level of deck B insight prior to sleep; this insight might not occur
in the same fashion using the self-paced and paced versions of the task. Future research could
investigate potential differences in the emotional response to decks in the self-paced and paced
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versions of the task, however this may pose difficulties as a self-paced task is necessary for
collecting SCR activity recordings.
A second outstanding question is whether the reported REM sleep-enhancement in
chapter 3 can be generalized to the sleep-related improvement of the “learners” in chapter 2 who
had obvious behavioural shifts prior to sleep. One possibility is that REM sleep has a generalized
role in processing all stages of IGT learning. However, it is also possible that sleep-related
mechanisms change as IGT learning progresses. For example, REM sleep-related theta may
process early insight into the negative nature of deck B, while other sleep-stages/processes may
become involved as individuals gain more exposure to good decks and develop more explicit
insight into deck B. Within the IGT literature, it is currently unknown whether the neural
mechanisms that guide IGT decision-making change as learning progresses and as task insight
develops. Understanding the cognitive and neural mechanisms as IGT learning progresses, and
their related sleep mechanisms could give insight into the different roles of sleep in consolidating
different types of learning (i.e., implicit and explicit) and decision processes.

5.6 – CONCLUDING COMMENTS
Collectively, this body of work has identified several factors that influence the IGT
learning. From our work, several new and important ideas have emerged. We found that a period
of sleep can help enhance pre-sleep insight into IGT learning, showing evidence for a “deck B
sleep effect”. Learning in the IGT largely relies on reducing preference for high frequency/high
magnitude reward “bad” deck B by integrating the large infrequent $1250 punishment value into
its EV estimate. It was found that individuals showing pre-sleep insight into deck B had
enhanced improvement after a period of intervening sleep (measured as reduced deck B choice).
Furthermore, using EEG measures we showed that theta frequency power during REM sleep on
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sites above the vmPFC and left PFC is correlated to this improvement. We also show evidence to
suggest that the theta activity above the right vmPFC may play a distinct role in processing
anticipatory SCRs toward deck B that were generated prior to sleep. Further research is needed
to elucidate the specific neural mechanisms and pathways that may underlie this effect. Finally,
we found that higher-order punishment structures (variance and skew) can influence IGT
decision processes as well. Taken together, this body of work reveals that the process of
integrating punishments into value estimates can be enhanced during REM sleep as well as
influenced by higher-order loss structures. These results have widespread clinical applications
and it is our hope that they will provide the groundwork to further understand how punishment
structure in our day-to-day life might influence both online and offline decision-making
processes.
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SUPPLEMENTARY 1:
Spindle Density Measures
S.1.1 – INTRODUCTION
Additional analyses were performed to investigate whether phasic components of sleep
are linked to consolidation of IGT learning. Phasic components of sleep often linked to memory
processing include sleep spindles. Sleep spindles occur in stage 2 and SWS sleep and are
characterized by a waxing and waning burst of activity in 12-16 Hz range lasting from 0.5 to 3
seconds and having a maximum amplitude of 21 V (De Gennaro & Ferrara, 2003; Smith,
2010). Currently a popular theory is that spindle density (spindles/minute) help refine previously
learned simple motor tasks (Fogel & Smith, 2006) while others report increased spindle density
following declarative learning (Clemens et al., 2005; Schabus et al., 2008). Current research
suggests that regional differences exist as well, with the larger spindle densities seen over central
and parietal lobes and smaller densities over frontal regions (De Gannaro & Ferrara, 2003); these
spindle changes can reflect a reactivation of cortical regions during online learning (Bergmann et
al., 2012). To include a thorough investigation of sleep related mechanisms underlying IGT
consolidation we analyzed stage 2 and SWS spindle activity on the central (CZ) frontal (FZ) and
prefrontal (FP1 and FP2) sites. Given that sleep spindles are typically linked to simple motor
learning tasks, we did not expect they would be linked to learning in the IGT.
S.1.2 - DATA ANALYSES AND RESULTS
Analyses were done using the scored artifact free 30 second epochs from baseline and
acquisition nights reported in chapter 3. Spindles were detected from CZ, FZ, FP1, and FP2 and
all channels were referenced to A1/A2 prior to analysis. Sleep spindles were detected using a
previously reported PRANA software package (Ray et al., 2010) and all spindles were between
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12-15 Hz and at least 0.5 – 3.0 seconds long. Average spindle densities (number/minute) were
calculated for baseline and acquisition night in stage 2 and SWS separately. Spindles were not
analyzed during REM sleep due to the minimal number of spindles observed. To investigate
whether spindle densities changed following IGT learning, a Night (Baseline, Acquisition) x
Group (IGT, IGT-control) ANOVA for each site (CZ, FZ, FP1, FP2) during stage 2 and SWS
was performed. Overall, there were no significant differences in spindle densities from baseline
to acquisition night in the IGT or IGT-control group. All night x group interactions were nonsignificant and summarized in Table S.1.
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Table S.1. Sleep Microarchitecture and Rapid Eye Movement Sleep Measures (± SEM) on Baseline
and Acquisition Night in the Iowa Gambling Task and Iowa Gambling Task Control Group.

IGT
Baseline

Acquisition

IGTControl
Baseline

Spindle densities
(site)
Stage 2 (CZ)
Stage 2 (FZ)
Stage 2 (FP1)
Stage 2 (FP2)
SWS (CZ)
SWS (FZ)
SWS (FP1)
SWS (FP2)

5.0 ± 1.0
3.4 ± 0.6
0.7 ± 0.1
1.4 ± 0.3
5.3 ± 1.7
3.9 ± 0.7
0.6 ± .1
1.2 ± 0.3

4.3 ± 0.7
3.9 ± 0.7
1.0 ± 0.2
1.7 ± 0.3
3.8 ± 0.7
3.1 ± 0.8
1.0 ± 0.3
1.5 ± 0.3

4.7 ± 1.3
3.2 ± 0.7
0.5 ± .2
1.3 ± 0.4
3.9 ± 2.0
2.5 ± 0.8
0.4 ± 0.2
0.7 ± 0.4

REM Measures
Eye Movement
Density

8.6 ± 1.2

8.2 ± 1.4
117.4 ±
11.9
4.8 ± 0.31

9.6 ± 1.6
101.7 ±
15.7
4.5 ± 0.32

Latency
Number of Periods

111.6 ± 12.3
4.5 ± 0.25
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Acquisition

4.4 ± 0.8
3.5 ± 0.8
0.4 ± 0.3
1.3 ± 0.4
3.6 ± 0.9
3.2 ± 0.9
0.5 ± 0.4
0.9 ± 0.4

F
0.53
0.24
2
0.5
3.5
1.6
1.4
0.2

P
0.48
0.63
0.18
0.49
0.51
0.22
0.3
0.66

8.6 ± 1.8

0.17

0.99

85.3 ± 15.1
4.8 ± 0.4

0.98
0.001

0.31
0.98

SUPPLEMENTARY 2:
Chapter 3 Power Spectral Activity Figures

Fig S.2A Power spectral (dB) activity during REM sleep on baseline and acquisition night in Iowa
Gambling Task (IGT) and IGT-control groups. Log transformed absolute power spectral values on
sites CZ, FZ, F3, F4, F7, F8, FP1 and FP2 during REM sleep on baseline and acquisition night for A)
delta (0.5- 4 Hz), B) alpha (8-12 Hz), C) sigma (12-16 Hz), D) beta (16-35 Hz), and E) gamma (35-45
Hz) frequency ranges in IGT (N = 13) and IGT-control (N = 8) groups. Results revealed a non-significant
three-way interactions in analysis of variance (ANOVA) of night x group x site for all frequency ranges.
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Fig S.2B Power spectral (dB) activity during slow-wave sleep on baseline and acquisition night in
Iowa Gambling Task (IGT) and IGT-control groups. Log transformed absolute power spectral values
on sites CZ, FZ, F3, F4, F7, F8, FP1 and FP2 during Stage 2 sleep on baseline and acquisition night for
A) delta (0.5- 4 Hz), B) theta (4 – 8 Hz), C) alpha (8-12 Hz), D) sigma (12-16 Hz), E) beta (16-35 Hz),
and F) gamma (35-45 Hz) frequency ranges in IGT (N = 13) and IGT-control (N = 8) groups. Results
revealed a non-significant three-way interactions in analysis of variance (ANOVA) of night x group x site
for all frequency ranges.
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Fig S.2C. Power spectral (dB) activity during Stage 2 sleep on baseline and acquisition night in
Iowa Gambling Task (IGT) and IGT-control groups. Log transformed absolute power spectral values
on sites CZ, FZ, F3, F4, F7, F8, FP1 and FP2 during Stage 2 sleep on baseline and acquisition night for
A) delta (0.5- 4 Hz), B) theta (4 – 8 Hz), C) alpha (8-12 Hz), D) sigma (12-16 Hz), E) beta (16-35 Hz),
and F) gamma (35-45 Hz) frequency ranges in IGT (N = 13) and IGT-control (N = 8) groups. Results
revealed a non-significant three-way interactions in analysis of variance (ANOVA) of night x group x site
for all frequency ranges.
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SUPPLEMENTARY 3:
Chapter 2 and Chapter 3 Learning Curves Across Sessions

Figure S.3A. Proportion of deck choices in the sleep, wake, and sleep/wake control group in session
one and session two of chapter 2. Session one and session two proportion (± SEM) of draws from the
(A) positive expected value decks combined (C and D) and (B) deck B, in blocks of 50 from the learners
in the sleep (N=10), sleep/wake (N=10) and wake (N=10) group in chapter 2.

Figure S.3B. Proportion of choices during session one and session two in chapter 3. Session one and
session two proportion (± SEM) of draws in blocks of 50 trials from deck A, B, C and D in the Iowa
Gambling Task group (N=13) in chapter 3.
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SUPPLEMENTARY 4:
Relationship between Deck B improvement and REM sleep theta in
males and females in Chapter 3

Fig. S.4. Relationship between Deck B improvement across sessions and rapid eye movement sleeprelated changes in power spectral theta during post-learning sleep in males and females. The
correlation between the improvement (a decrease) in deck B choice (proportion of draws in session 1 –
proportion of draws in session 2) and the change (baseline - acquisition night) in log transformed absolute
power spectral theta activity (4-8 Hz) on sites A) FP2, B) FP1, and C) F7 in the Iowa Gambling Task
group in males (N=3) and females (N=10). Red dots represent male participants
The line of best fit and R squared (R 2) is shown. All correlations are significant (p < 0.025).
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Corrine Seeley
Sleep Lab
SC 136
July 11, 2011
File # -22165
Title: Learning a Cognitive Procedural Learning Task and Sleep/Wake behaviours
Dear Ms. Seeley,
The Research Ethics Board (REB) has given approval to your proposal entitled "Learning a Cognitive
Procedural Learning Task and Sleep/Wake behaviours ".
Please add a running footer to your consent form, with the date of Trent REB approval and consent
revisions number (e.g., 01-Jan-10, Version 2), so that the consent form used can be easily identified in
future.
In accordance with the Tri-Council Guidelines (article D.1.6) your project has been approved for one
year. If this research is ongoing past that time, submit a Research Ethics Annual Update form available
online under the Research Office website. If the project is completed on or before that time, please email
Karen Mauro in the Research office so the project can be recorded as completed.
Please note that you are reminded of your obligation to advise the REB before implementing any
amendments or changes to the procedures of your study that might affect the human participants. You
are also advised that any adverse events must be reported to the REB.
On behalf of the Trent Research Ethics Board, I wish you success with your research.
With best wishes,

Dr. Rory Coughlan
REB Chair
Phone: (705) 748-1011 ext. 7779, Fax: (705) 748-1587
Email: rcoughlan@trentu.ca
c.c.: Karen Mauro
Compliance Officer
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